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1 Choosing as a way of life

1.1 Introduction

Understanding the behavioural responses of individuals to the actions of business and

government will always be of interest to a wide spectrum of society. Whether a simple

application such as gauging the eÿect of an increase in the price of a speci®c good or

service, or a more complex one such as evaluating the introduction of a new product

with private and public impacts, understanding and predicting the nature of individual

and aggregate responses is vital to the evaluation of the resulting costs and bene®ts.

Choosing to do or not to do something is a ubiquitous state of activity in all societies.

Choosing manifests itself in many ways such as supporting one outcome and rejecting

others, expressed through active responses (e.g., choosing to use products or services

through purchases), or through passive responses, such as supporting particular views

(e.g., choosing to support a conservation rather than a logging position in a dispute

over wood chipping). Individuals' choices are in¯uenced by habit, inertia, experience,

advertising, peer pressures, environmental constraints, accumulated opinion, house-

hold and family constraints, etc. This set of in¯uences re¯ects the temporal nature of

choice outcomes and segments within the constraint set (e.g., income classes of house-

holds).

Our objective in writing a book on stated choice methods, analysis and applications,

is to demonstrate the bene®ts of developing a formal structure within which to inves-

tigate the responsiveness of potential and actual participants in markets for particular

goods, services and positions. Our challenge will be to describe, in simple terms, the

practical bene®ts of using the tools of data speci®cation, modelling and application

that have evolved through research activity over the last thirty years. Many disciplines

have contributed to the advances made in these areas, most notably econometrics,

transportation, marketing, decision science and biostatistics. The one common thread

in these diverse and often non-overlapping literatures is a search for better theory

and methods to explain individual and aggregate choice behaviour, and predict

behavioural responses to changing opportunities. An important corollary is the desire

to develop practical analytical tools, so that the bene®ts of research can be transferred
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to practitioners in a timely manner, allowing for incremental updates as knowledge of

individual choice behaviour improves.

Great progress has been made in developing frameworks within which to explore,

understand, analyse and predict individual choice behaviour. The objective of this

book is to ®ll a gap in reference sources for those who seek to understand, gain

expertise in and apply stated choice methods and models. Like any reference work,

there are limits to what can be covered in a single source; hence, from the outset we

impose bounds on our topic, largely determined by our own personal biases and views

as to the interesting and important advances in theory, analytical tools and applica-

tions. The topics included are:

� random utility theory,

� the associated family of discrete-choice models such as multinomial logit, nested

logit, heteroscedastic extreme value logit, random parameter or mixed logit, and

multinomial probit,

� families of controlled experimental designs consistent with various members of the

discrete-choice modelling family, and

� data enrichment and comparison of preference data sources via integration of

revealed preference and stated choice data, as well as the combination and com-

parison of various sources of stated choice and preference data.

1.2 Decision making and choice behaviour

The traditional economic model of consumer behaviour has disappointingly

few implications for empirical research. (Muth 1966: 699)

The theoretical underpinnings of discrete-choice models contain elements of the tradi-

tional microeconomic theory of consumer behaviour, such as the formal de®nition of

rational choice and other assumptions of traditional preference theory. However, the

essential point of departure from the traditional theory, germane to the subject matter

of this book, is the postulate that utility is derived from the properties of things, or as

in the now classical work of Lancaster (1966, 1971), from the characteristics (in an

objective dimension) which goods possess, rather than the goods per se. Goods are

used either singly or in combination to produce the characteristics that are the source

of a consumer's utility.

This section takes Lancaster's contribution as a point of departure and modi®es it

to make clear the connection between the spirit of Lancaster's precise approach and

the approach in this book. The connection with the traditional characteristics

approach remains strong, although Lancaster and others (e.g., Rosen 1974) concen-

trated mainly on developing a detailed subset of the elements of what we will term the

paradigm of choice.

To appreciate the connection between the `standard Lancaster approach' (SLA)

and our modi®cations, let us brie¯y outline the SLA for the case in which goods

are divisible (Lancaster 1966, 1971) and indivisible (Rosen 1974). Furthermore, so

that one can interpret (and assess) the arguments in terms of their relationship to
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discrete-choice models, it is appropriate to formally state the paradigm of choice now

and discuss its elements later. Formally the paradigm of choice underlying discrete-

choice models can be expressed as a set of three interconnected equations:

sk � fkr�tr� �1:1a�
uj � g�skj� �1:1b�
Pj � h�uj� �1:1c�

and

Pj � hfg� fkr�tr��g; �1:1d�
where sk is the perceived (marginal) utility of consumption service k,

tr is the observable value of objective characteristic r,

uj is the overall utility (preference) associated with the jth alternative,

skj is the level of attribute k (representing consumption service k)

associated with alternative j,

Pj is the likelihood of choices allocated to alternative j, and

f, g, h are linear or non-linear functions, yet to be determined.

The standard Lancaster approach postulates that goods (X) are transformed into

objective characteristics, t, through the relation

t � BX ; �1:2�
where B is an R by J matrix which transforms the J goods (i.e., alternatives in a choice

set) into R objective characteristics (i.e., attributes of alternatives). Hence, B de®nes

the consumption technology, assumed to be objective since it is invariant for all

consumers (e.g., the number of cylinders in the engine of a particular make and

model of car is the same for everyone). A range of mappings can exist, such that

several goods can produce one characteristic, and several characteristics can be pro-

duced by one good. Lancaster asserts that the relevant characteristics should be

de®ned not in terms of an individual's reaction to the good (which we will refer to

as consumption service), but rather in terms of objective measures; that is, in terms of

the properties of the good itself. Lancaster did not say that there could not be diÿer-

ences between consumers in the way in which they perceive an objective characteristic.

However, if such diÿerences exist, they relate to the formation of a preference function

for t that is outside the domain of his theory.

The rationale given for the emphasis on t is that economists are primarily interested

in how people will react to changes in prices or objective characteristics embodied in

the goods that produce t, and not in how the function U(t) is formed. This further

implies that the functions h, g and fkr in equations (1.1a) to (1.1c) can be reduced to a

composite function B(.) with no loss of information and a one-to-one correspondence

in content and form between sk and tr, uj and skj. The latter implies that utility is a

function of commodity characteristics:

u � U�t1; t2; . . . ; tR� �1:3�

Choosing as a way of life 3



where tr is the amount of the rth characteristic that a consumer obtains from con-

sumption of commodities, r � 1; . . . ;R.

The particular formulation outlined above assumes that goods are in®nitely

divisible, frequently purchased and of low unit value. Yet many goods are not

perfectly divisible, especially goods relevant to discrete-choice applications, which

often deal with goods that are infrequently purchased or evaluated. Rosen (1974)

developed a goods characteristics model for indivisible (or discrete) goods in which

he assumed that alternatives were available for a continuous range of objective charac-

teristics. This latter assumption enabled him to eliminate Lancaster's transformation

from goods to characteristics, and to state a model directly in terms of prices and

quantities of characteristics (still de®ned objectively by Rosen). If Hicks' (1946)

composite good theorem holds, we can hold the prices of all other goods constant

except those under study. That is, we can assume one intrinsic group of goods (e.g.,

modes of transport, brands of cereals, an endangered wildlife species, residential

accommodation) yields objective characteristics (t1; t2; . . . ; tR) and de®ne all other

(composite) goods consumed as d. Then Rosen's model can be stated as

maximise U�t1; t2; . . . ; tR� �1:4�
subject to p�t1; t2; . . . ; tR� � d � M; �1:5�

where the price of d is arbitrarily set equal to one dollar, M is the consumer's income,

and p�t1; t2; . . . ; tR� represents the price of one good yielding objective characteristics

t1; t2; . . . ; tR which are actually acquired. The budget constraint, de®ned in terms of the

objective characteristics, is non-linear. If goods are not divisible, p(t1; t2; . . . ; tR) need

not be linear, and hence it is not appropriate to de®ne objective characteristics in terms

of characteristics per dollar (or any other unit price), but rather in terms of their

absolute levels. Thus, price must be represented as a separate dimension, as seen in

the discrete-choice models discussed in later chapters.

Rosen's model is more appropriate to a discrete-choice theoretic framework,

although it continues to link utility directly to the objective characteristics of goods.

The paradigm of choice links utility to goods and thence to objective characteristics

via a complex function of function(s), as suggested in equation (1.1d). The latter is our

point of departure from the Lancaster±Rosen contribution, but we retain the spirit of

their approach and use it as the starting point for developing the full set of relation-

ships outlined in the paradigm of choice. In particular, random utility theory based

discrete-choice models focus primarily on equations (1.1b) and (1.1c), and accept the

need to map attributes or consumption services into objective characteristics and, vice

versa, to develop predictive capability. In practice, analysts commonly assume a one-

to-one correspondence between sk and tr, such that sk is a perfect representation of tr.

The relationship between utility and the sources of utility is clearly central to the

decision on selection of commodities. We now conceptually outline alternative ways

to represent the sources of utility, given that we accept the limitations of using the

Lancaster±Rosen standard approach. We present three modi®cations, subsequent

ones building directly on the preceding, and use the ®nal modi®ed formalisation as
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the link with the basic choice model developed in chapter 3. The discrete-choice model

is essentially an analytical representation of equations (1.1b) and (1.1c), with alter-

native assumptions on g and h.

The objective properties of commodities may not be an appropriate measure of

services if we assume that individuals act as if they maximise utility based on their

perceptions of characteristics. Thus, a `modi®ed Lancaster±Rosen approach' can be

derived by assuming that individuals consume commodities by consuming the services

provided by the commodities; that is, utility is a function of services rendered by

commodities:

u � U�s1; s2; . . . ; sK� �1:6�
where sk is the amount of kth consumption service that a consumer obtains from

consumption of commodities, k � 1; . . . ;K . Furthermore, given the uncertainty of

the level of service oÿered by commodities, a `further modi®ed Lancaster±Rosen

approach' can be derived by assuming that individuals consume commodities by

consuming the expected services provided by the characteristics associated with com-

modities; that is, utility (assuming deterministic utility maximisation) is a function of

the expectation of consuming a required level of service provided by characteristics

which group to de®ne a commodity:

u � U�se1; se2; . . . ; seK� �1:7�
where sek is the expected amount of kth consumption service that a consumer obtains

from consumption of commodity characteristics, k � 1; . . . ;K .

Equation (1.7) represents an individual's decision calculus and the expected levels

of service, the latter assumed to be known by the individual agent with the degree of

`certainty' that an individual attaches to the expectation. The analyst, in contrast, does

not have access to the same level of information used by the consumer in processing a

decision leading to a choice. The analyst is unable to `peep into an individual decision

maker's head' and accurately observe the set of attributes which de®ne the expected

level of service on oÿer. We can make this restriction explicit by de®ning the utility

function observed by the analyst as given in equation (1.8):

u � U��seo � seuo�1; . . . ; �seo � seuo�K�; �1:8�
where subscripts o and uo indicate the division of consumption services that an

individual associates with the consumption of commodity characteristics that are,

respectively, observed and unobserved by analysts. In practice, the unobserved com-

ponent (denoted as " in the discrete-choice literature ± see chapter 3), is assumed to be

distributed across the population in some de®ned way, and a speci®c sampled indivi-

dual is randomly allocated a value on the pre-speci®ed distribution (e.g., a normal or

extreme value distribution ± see section 3.4).

Equations (1.3), (1.6), (1.7) and (1.8) are not independent, and can be combined to

de®ne components of a paradigm of choice. Let us call the objective characteristics

`features', and the quantitative dimension in which consumption services are de®ned

`attributes'. Many attributes may map exactly into a feature; but an attribute may be
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functionally related to more than one feature and vice versa. For example, a feature on

a mobile phone might be `call holding while attending another call'; two attributes

related to this feature would be `making an inquiry call to another extension while

holding an outside call' and `holding an existing call while dealing with an incoming

outside call'.

Throughout this book the separation of supply `price' into a vector of features and

demand `price' into a vector of attributes is used to account for the important distinc-

tion between the value of a commodity to an individual and the objective nature of the

commodity. The latter provides a useful way to identify the possible source of bias in

using supply `prices' as determinants of choice because such prices have an indirect

in¯uence via their role in the de®nition of demand price. An important element of

choice models is the translation of features into attributes, allowing one to assess the

impact of a change in the objective properties of commodities; and the translation of

an attribute-level change into a feature-level change to determine the appropriate

supply change. In some circumstances, attributes and features only diÿer in terms

of magnitude (e.g., actual and perceived travel time), whereas in other cases they

may diÿer in dimension (i.e., two diÿerent characteristics). Thus the term `character-

istics' is usefully de®ned on both feature and attribute dimensions, and the mapping of

features into attributes and/or attributes into features may involve one or more char-

acteristics. The paradigm of choice is summarised below:

u � U��seo � seuo�1; �seo � seuo�2; . . . ; �seo � seuo�K �; �1:9�
�seo � seuo�k � fk�t1; t2; . . . ; tR�; k � 1; . . . ;K ; �1:10�
or

sk � f �t11; t21; . . . ; tR1; t12; t22; . . . ; tRJ�; �1:11�
or

�seo � seuo�k � fk�t11; t21; . . . ; tR1; t12; t22; . . . ; tRJ�; r � 1; . . . ;R; j � 1; . . . ; J:

�1:12�

In equation (1.10), tr is the rth feature, assumed independent of the jth commodity,

and is an appropriate formulation when explicit commodities cannot be formally

de®ned in a choice framework (i.e., if each mix of features is a (potentially) unique

commodity).

Alternatively, because a particular consumption service (de®ned in terms of attri-

butes) can be obtained from various bundles of features and varying levels of features,

service can be de®ned across a range of R features in a framework of J commodities, as

shown in equation (1.10). Equation (1.9) is a commodity-independent relationship

between attributes and features. Equation (1.11) is a commodity-speci®c relationship.

To complete the paradigm, two additional expressions are required. The ®rst, equation

(1.13), indicates the dependence of trj on the unit oÿering by the jth commodity of the

total quantity of feature r:

trj � grj�yrj�; . . . ; r � 1; . . . ;R; j � 1; . . . ; J; �1:13�
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where yrj is the quantity of feature r available in one unit of commodity j. The ®nal

equation (1.14) relates the total amount of the rth feature obtained from the jth

commodity to the quantity of the commodity consumed (i.e., Gj):

trj � grj�G1;G2; . . . ;GJ�; j � 1; . . . ; J: �1:14�

The approach assumes that a particular consumption service (de®ned on one or

more attributes) can be met by one or more objective characteristics (de®ned on

one or more features and translated into a perceived set of attributes), and that a

particular objective characteristic can exist in one or more commodities.

The paradigm of choice, together with alternative speci®cations of the relationship

between uj, skj and tr, is consistent with the general approach to consumer behaviour

in economics, although the analysis of the relationship between consumption of

commodities and sources of utility begins earlier in the individual's decision process

than is normally considered within the traditional economic paradigm. We accept that

a consumer does not directly acquire objective characteristics or consumption services,

but rather purchases commodities. Commodities are acquired in those amounts that

provide the quantities of trjs that provide the amount of desired sks (or (seo � seuo)k)

that maximises utility. This is equivalent to saying that

�`price' j��@u=@ expenditure on j�

�
X
j

X
k

�@u=@��seo � seuo�k�:�@�seo � seuo�k=@tr��@�seo � seuo�k=@trj�

: �@trj=@Gj�; Gj > 0:

In words, given a positive level of consumption of the jth commodity, the value of

a commodity j, equal to the product of the price of j and the marginal utility

derived from the expenditure on j, is equal to the product of the marginal utility of

the kth attribute, the marginal rate of substitution between the kth attribute and the

rth objective characteristic, the marginal rate of substitution between the kth

attribute and the rth objective characteristic contained in commodity j, and the

marginal rate of substitution between the rth objective characteristic contained in the

jth commodity and the quantity of the jth commodity consumed, all other things being

equal.

We are now in a position to take the paradigm of choice as central to the formula-

tion of a conceptual framework for studying choice behaviour, adding assumptions as

needed to qualify the particular analytical form of the model's speci®cation of the

relationship between Pj, uj and skj. The next section expands on this conceptual frame-

work, integrating ideas drawn from a diverse set of literatures with an interest in

decision making. The paradigm is broader in practice than the contributions from

economics, with very strong contributions from psychology, decision science, market-

ing and engineering.

Choosing as a way of life 7



1.3 Conceptual framework

A general order or stages in a consumer's decision process are summarised in ®gure

1.1. The consumer ®rst becomes aware of needs and/or problems to be solved, which is

followed by a period of information search in which he or she learns about products

that can satisfy these needs or solve the problems. During search and learning,

consumers form beliefs about which products are available to attain their objectives,

product attributes germane to a choice and attribute values oÿered by products, as

well as any associated uncertainties. Eventually consumers become su�ciently

informed about the product category to form a utility function (or decision rule)

which involves valuing and trading oÿ product attributes that matter in the decision.

Given a set of beliefs or priors about attributes possessed by product alternatives,

consumers develop a preference ordering for products, and depending upon budget

and/or other constraints/considerations make decisions about whether to purchase. If

they decide to purchase, consumers ®nally must choose one or more alternatives, in

certain quantities and with particular purchase timings.

Figure 1.2 concentrates on the last decision stage, during which consumers form

utilities or values and begin to compare products to form overall (holistic) preferences

for an available set of alternatives. Figure 1.3 formalises this process as a series of

interrelated processes, links each process to a formal stage in the decision-making

process and describes the general area of research connected to that topic in market-

ing, psychology and/or economics/econometrics. The conceptual framework outlined
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Need awareness

Active/passive learning (attributes and alternatives)



Evaluation and comparison of alternatives



Preference (utility) formation



Choice (delay, non-choice)



Post-choice (re)evaluation

Figure 1.1 Overview of the consumer's choice process



in ®gures 1.1 to 1.3 is consistent with economic theory, accommodates random utility

type choice and decision processes; and most importantly, allows one to `mix and

match' measures from various levels in the process, assuming such measures are

logically or theoretically consistent with the framework and each other. The advantage
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Preference (utility) formation

Choice (delay, non-choice)

A B C … N Delay Never

Wait until (a) right functionality
and price; (b) affordable; (c)

others OK

Buy 5 As. Use 2 now and 1 next
month. Keep rest until 

next year.

Figure 1.2 Complex decision making and the choice process

Xi Actions taken by

managers/politicians

 Strategic planning

Ski = f1k(Xi) Perceived positions of

alternative(s) on attributes

 Psychophysics

uki(Ski) = f2k(Ski) (E)valuation of alternative’s

attribute positions

 Utility formation

Ui = f3[uki(Ski)] (E)valuation of holistic

alternatives

 Utility function

P(i|C) = f4(Ui) Decision to choose, wait or never

choose

 Choice process

P(i|choose)= f5[P(i|C)] If choose, which alternative  Share, demand, etc.

Figure 1.3 Functional relationships implied by the framework



of the latter integration is that it allows explanation of the choice behaviour in

terms of:

1. physically observable and measurable (engineering) characteristics,

2. psychophysical variables (beliefs/product positions),

3. part-worth utility measures, or

4. holistic measures of each alternative's utility.

Depending on one's research and/or analytical objectives, explanatory variables at

one level can serve as instruments or `proxy' variables for measures at other levels.

Such instruments can be used to reduce speci®cation errors and/or improve estimation

e�ciency. Equally important, the conceptual framework suggests the potential con-

tribution of many types of data to understanding choice; this catholic view of pre-

ference data is a focal point of this book. In particular, stated choice methods and

measures used to model intermediate stages in the decision-making process can be

integrated with parallel revealed preference or market methods and models. For exam-

ple, the framework permits choices to be explained by direct observation and measure-

ment of physical product characteristics and attributes and/or managerial actions such

as advertising expenditures. Direct estimation alone, however, may obscure important

intermediate processes, and overlook the potential role of intermediate models and

measures in an overall behavioural framework that explains consumer choices.

1.4 The world of choice is complex: the challenge
ahead

A major objective in writing this book is to bring together, in one volume, tools

developed over the last thirty years that allow one to elicit and model consumer

preferences, estimate discrete-choice models of various degrees of complexity (and

behavioural realism), apply the models to predict choices, and place monetary (and

non-monetary) values on speci®c attributes (or, better said, levels of attributes) that

explain choices.

1.4.1 Structure of the book

The sequence of chapters has been guided by the authors' beliefs about the most

natural steps in the acquisition of knowledge on the design, collection and analysis

of stated choice data for problems involving agents making choices among mutually

exclusive discrete alternatives. Subsequently we shall discuss the contents of each

chapter in some detail, but ®rst it is useful to present an overview of the book's

structure. Figure 1.4 contains a ¯owchart depicting the overall structure of the

book, which is broadly divided into (1) methodological background (chapters 2±7),

(2) SP data use and study implementation (chapters 8 and 9), (3) applications (chapters

10±12) and (4) external validity of SP methods (chapter 13).
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Chapter 1
Choosing as a way

of life

Chapter 2
Introduction to SP
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methods

Chapter 3
Choosing a choice

model

Chapter 4
Experimental

design

Chapter 7*
Complex, non-IID
multiple choice

designs

Chapter 6
Relaxing the IID
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introducing

variants of the
MNL Model

Chapter 8*
Combining
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preference data

Chapter 5
Design of choice

experiments

Chapter 9
Implementing SP
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projects

Chapter 13

Choice modelling SP methods

Chapter 10
Marketing case

studies

Chapter 12
Environmental
valuation case

Chapter 11
Transportation
case studies

Cross validity and
external validity

of SP models

studies

Figure 1.4 Overview of book structure (* denotes advanced material)



The chapters constituting the methodological component of the book are further

subdivided (see ®gure 1.4) into (1) an introduction (chapter 2), (2) topics in choice

modelling (chapters 3 and 6) and (3) experimental design for SP choice studies

(chapters 4, 5 and 7). Appendix B to chapter 6 provides a catalogue of advanced

choice modelling techniques, and should serve as a reference for the more advanced

reader. The same can be said for chapter 7, which deals with complex designs to

support estimation of the more complex choice models. Note that the advanced status

of chapter 7 is denoted by an asterisk; all chapters so denoted are to be considered

advanced material.

Chapter 8 is a useful how-to for students, researchers and practitioners interested in

the combining of multiple data sources. Since this topic may not be of interest to

everyone, it is designed as stand-alone material that can be accessed as need arises.

Chapter 9, on the other hand, is intended as a primer on how to design and implement

SP choice studies; after some overview considerations, a case study is followed through

from conception to model estimation. Most readers should ®nd this material useful.

Depending upon one's profession, one of the three application chapters should be of

greater relevance (chapter 10 for marketing, 11 for transportation and 12 for environ-

mental valuation). However, we strongly urge readers to study all three chapters

because each deals with diÿerent aspects of preference elicitation and policy analysis

that every choice modeller should be acquainted with.

The question of how good SP methods are at capturing `real' preferences often

arises in both academic and commercial applications. Some disciplines and indivi-

duals, in fact, have a strong bias against SP methods due to the perception that

preferences elicited in hypothetical settings must be re¯ecting arti®cial preferences

generated by the respondent `on the spot', so to speak; these disciplines rely strongly

on revealed preference, or RP, choices to infer preferences. In chapter 9 we discuss

many of the things the SP practitioner should do to safeguard against real biases that

can aÿect an SP choice study, but in chapter 13 we address directly the issue of the

external validity of SP methods. We show how SP and RP preference elicitations

can be compared using the methods of chapter 8 and other, less formal, methods.

Practically speaking, we show through a signi®cant number of examples that SP and

RP preferences seem to match up surprisingly well in diÿerent choice contexts, cultures

and time periods.

We now take a more detailed look at the book's contents.

1.4.2 Detailed description of chapters

Chapter 2 provides an introduction to alternative types of data available for studying

choices. The particular emphasis is on the distinction between data representing

choices in observed markets and data created through design to study new responses

in real and potential markets. Another important distinction is the nature of the

response metric (i.e., ratio, interval, ordinal and nominal) and the meaning of such

responses as guided by the theoretical antecedents from axiomatic utility theory

(Keeney and Raiÿa 1976), order-level axiomatic theory (Luce and Suppes 1965),
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information integration theory (Anderson 1981) and random utility theory (RUT).

This book adopts RUT as the theoretical framework for studying human be-

haviour and explaining choice behaviour. In contrast, some of the antecedents,

such as axiomatic utility theory, are heavily focused on a theory about numbers and

measurement.

One important and often not realised strength of the random utility theoretic

approach is that it can study choice behaviour with choice responses obtained from

any of the available response metrics. To be consistent with random utility theory, one

data metric (e.g., an interval scaled rating) must be able to be transformed to a weaker

ordering (e.g., an ordinal scale where the highest ranked � chosen (1) vs the rest �
non-chosen (0)), and when re-analysed, produce statistically equivalent results up to a

scale transformation (see chapter 9). This is known as the principle of invariance over

any arbitrary monotonic transformation of the data. Only if this principle is satis®ed

can we accept the behavioural validity of stronger ordered response data such as

ranking and ratings.

Chapter 3 develops the behavioural framework within which revealed and stated

choices are modelled. Speci®cally, the idea of random utility maximisation is intro-

duced, and used as the theoretical context in which to derive a family of estimable

discrete-choice models. We devote time to a formal derivation of one of the most basic

discrete-choice models, the multinomial logit (MNL) model, the `workhorse' of choice

models. Having grasped the behavioural and econometric properties of the MNL

model, including possible ranges of policy outputs such as direct and cross share

elasticities, probability predictions, marginal rates of substitution between pairs of

attributes, we are ready in later chapters (especially chapter 6) to relax some of the

strong assumptions supporting the relatively simple (and often robust) MNL model, in

order to obtain gains in empirical validity. The majority of the enhancements to the

MNL speci®cation discussed in this book are associated with properties of the var-

iances and covariances of the unobserved in¯uences on choice, and the distribution of

taste weights or parameters associated with the observed attributes de®ning sources of

indirect utility.

Chapter 4 is the kernel of our presentation of experimental designs, the construct

used to develop an empirical data framework within which to study choices. Agents

consider combinations of attributes and associated levels across a set of alternatives

in a ®xed or varying choice set, and make choices. The analytical toolkit used to design

experiments is presented in chapter 4 in some detail. Factorial designs, fractional

factorials, design coding, main eÿects plans and orthogonality are some of the essen-

tial concepts that have to be understood in order to progress to the design of choice

experiments with appropriate statistical properties. Without them, the analyst may be

unable to study the full complexity of agent choice, unravelling the many sources of

variability in behaviour.

Researchers studying choice processes soon come to realise how complicated the

design of choice experiments is and how tempting it becomes to simplify experiments

at the high risk of limiting the power of the choice instrument in explaining sources

of behavioural variability. Confoundment of in¯uences on choice behaviour is an
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often occurring theme in stated choice modelling, in large part attributable to poor

experimental design. Some of the candidates of poor design include limited selection of

attributes and levels, and selection of a fraction from a full factorial, which prevents

uncorrelated testing of non-linear eÿects such as quadratic and two-way interactions

amongst attributes potentially in¯uencing choice. The accumulated experience of the

authors is imparted in the book through many practical suggestions on the balance

between parsimony and complexity necessary to provide behavioural realism in choice

modelling. This starts with the quality of the data input into the modelling process.

Choice experiments are discussed in detail in chapter 5. They provide the richest form

of behavioural data for studying the phenomenon of choice, in almost any application

context. An example of a choice experiment is given in ®gure 1.5. A more complex

choice experiment is shown in appendix A1.

Chapters 1±5 provide su�cient material to enable the reader to design a choice

experiment, collect the data and estimate a basic choice model. All of the major
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Say a local travel agency has contacted you and told you about the three vacation
packages below. Assuming that both you and your spouse would have time
available to take a vacation together in the near future, please indicate your most
preferred vacation option or whether you’d rather stay home.

PACKAGE Package
A

Package
B

Package
C

Stay

Type of Vacation

Location Large urban area Mountain resort Ocean side resort

Duration Weekend One week Two weeks

Distance From Home 1500 miles 1000 miles 300 miles

Amenities and Activities Sightseeing

Theater

Restaurants

Hiking

Horse riding

Lake swimming

Beach activities

Diving lessons

Parasailing

Distance to nearest urban area of
300,000 people or more

10 miles 100 miles

Travel Arrangements

Air travel cost (per person, round
trip)

$400 $350 $300

Accommodations

Hotel (per night, double
occupancy)

$120 $150 $75

Quality of hotel restaurant or
nearest other restaurant

Which package would you and
your spouse choose for your next
vacation together, or would both

of you rather stay at home if
these were the only options

available? (  only one)

A

1

B

2

C

3

Stay home

4

** ****

Figure 1.5 Example of a choice experiment



behavioural response outputs are deliverable from this model, such as choice

elasticities, marginal rates of substitution between attributes as empirical measures

of valuation of attributes in utility or dollar units (the latter possible if one of the

attributes is measured in dollars), and aggregate predictions of choosing each alter-

native in a choice set.

The multinomial logit model remains the most popular choice modelling framework

for the great majority of practitioners, for some very convincing reasons. Amongst

these are:

� its simplicity in estimation ± the solution set of estimated parameters is unique

(there is only one set of globally optimal parameters),

� the model's closed-form speci®cation, which enables easy implementation of pre-

dictive tests of changing market shares in response to scenarios of changing levels

of attributes without complex evaluation of integrals,

� the speed of delivering `good' or `acceptable' models on the accepted tests of model

performance (i.e., overall goodness of ®t, t-statistics for the parameters of each

attribute, and correct signs of parameters),

� accessible and easy to use packaged estimation software, and,

� where one has very rich and highly disaggregate data on attributes of alternatives

and agents, the model is often very robust (in terms of prediction accuracy) to

violation of the very strong behavioural assumptions imposed on the pro®le of the

unobserved eÿects, namely that they are independently and identically distributed

(IID) amongst the alternatives in the choice set.

These appealing features of the multinomial logit model are impressive and are not

lightly given up.

However, the many years of modelling of discrete choices has produced many

examples of applied choice problems in which the violation of the IID condition is

su�ciently serious to over or under predict choice shares, elasticities and marginal

rates of substitution between attributes. Chapter 6 introduces the set of models that

have been proposed in the literature as oÿering behaviourally richer interpretations of

the choice process. At the centre of these alternative choice models are degrees of

relaxation of the IID assumption.

IID implies that the variances associated with the component of a random utility

expression describing each alternative (capturing all of the unobserved in¯uences on

choice) are identical, and that these unobserved eÿects are not correlated between all

pairs of alternatives. If we have three alternatives, this can be shown as a 3 by

3 variance±covariance matrix (usually just referred to as a covariance matrix) with

3 variances (the diagonal elements) and J2 ÿ J covariances (the oÿ-diagonal

elements):

�2 0 0

0 �2 0

0 0 �2

2
64

3
75:
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The most general variance±covariance matrix allows all elements to be unique (or free)

as presented by the following matrix for three alternatives:

�2
11 �2

12 �2
13

�2
21 �2

22 �2
23

�2
31 �2

32 �2
33

2
64

3
75:

There are J*�J ÿ 1�=2 unique covariance elements in the above matrix. For

example, the second element in row 1 equals the second element in column 1. The

multinomial probit model (MNP) and the mixed logit (or random parameter logit)

(ML, RPL) models are examples of discrete-choice models that can test for the

possibility that pairs of alternatives in the choice set are correlated to varying degrees.

For example, a bus and a train may have a common unobserved attribute (e.g.,

comfort) which makes them more similar (i.e., more correlated) than either is to

the car. These choice models can also allow for diÿerences in variances of the un-

observed eÿects. For example, the in¯uence of reliability (assumed to be important

but not measured) in the choice of transport mode is such that it varies much more

across the sample with respect to the utility of bus than train and car. For identi-

®cation requirements, some covariance and variance elements are set equal to zero

or one.

When we relax only the MNL's assumption of equal or constant variance, then we

have a model called the heteroscedastic logit model (HL), discussed in detail in chapter

6 (appendix B). It is also referred to as the heteroscedastic extreme value (HEV)

model. The covariance matrix has zero valued oÿ-diagonal elements and uniquely

subscripted diagonal elements:

�2
11 0 0

0 �2
22 0

0 0 �2
33

2
64

3
75:

The degree of estimation complexity increases rapidly as one moves away from

MNL and increasingly relaxes assumptions on the main and oÿ-diagonals of the

variance±covariance matrix. The most popular non-IID model is called the nested

logit (NL) model. It relaxes the severity of the MNL condition between subsets of

alternatives, but preserves the IID condition across alternatives within each nested

subset, which we henceforth refer to as IID within a partition. The popularity of the

NL model stems from its inherent similarity to the MNL model. It is essentially a set

of hierarchical MNL models, linked by a set of conditional relationships. For example,

we might have six alternatives, three of them being public transport modes (train, bus,

ferry ± called the a-set) and three being car modes (drive alone, ride share and taxi ±

called the b-set). The NL model is structured such that the model predicts the

probability of choosing each of the public transport modes conditional on choosing

public transport. It also predicts the probability of choosing each car mode condi-

tional on choosing car. Then the model predicts the probability of choosing car and
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public transport (called the c-set):

�2
a 0 0

0 �2
a 0

0 0 �2
a

2
64

3
75 �2

b 0 0

0 �2
b 0

0 0 �2
b

2
64

3
75 �2c 0

0 �2c

" #
:

Since each of the `partitions' in the NL model are of the MNL form, they each display

the IID condition between the alternatives within a partition (e.g., the three public

transport modes). However the variances are diÿerent between the partitions.

Furthermore, and often not appreciated, some correlation exists between alternatives

within a nest owing to the common linkage with an upper-level alternative. For

example, there are some attributes of buses and trains that might be common owing

to both being forms of public transport. Thus the combination of the conditional

choice of a public transport mode and the marginal choice of public transport invokes

a correlation between the alternatives within a partition. Chapter 6 shows how this

occurs, despite the fact that all the covariances at the conditional level (i.e., the a-set

above) are zero.

The possibility of violation of the IID condition translates into requirements for the

design of choice experiments. Chapter 5 assumes that the model form is consonant

with the IID assumption, and hence that certain relationships between alternatives in

the design can be simpli®ed. If behavioural reality is such that the possibility of

correlation between alternatives and diÿerential variances may exist, then the design

of the choice experiment must be su�ciently rich to capture these extra relationships.

IID designs run the risk of being unable to separate the eÿect of such in¯uences.

Chapter 7 addresses this issue by introducing non-IID choice designs.

One of the most important developments in stated choice methods is the combining

of multiple preference data drawn from either the same or diÿerent samples. The

opportunity to draw on the richness of multiple data sources while hopefully mini-

mising the impact of the less-appealing aspects of particular types of data has spawned

a growing interest in how data can be combined within the framework of random

utility theory and discrete-choice models. Given the importance of this topic, chapter 8

is devoted entirely to showing how data can be combined while satisfying the beha-

vioural and econometric properties of the set of discrete-choice models. The break-

through is the recognition that preference data sources may diÿer primarily in the

variance (and possibly covariance) content of the information captured by the random

component of utility. If we can identify the diÿerences in variability and rescale one

data set relative to another to satisfy the covariance condition, then we can (non-

naively) pool or combine data sets and enrich the behavioural choice analysis.

The popular enrichment strategy centres on combining revealed preference (RP)

and stated preference (SP) data, although some studies combine multiple stated pre-

ference data sets. The appeal of combining RP and SP data is based on the premise

that SP data are particularly good at improving the behavioural value of the para-

meters representing the relative importance of attributes in in¯uencing choice, and

hence increasing the usefulness of resulting marginal rates of substitution between
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pairs of attributes associated with an alternative. RP data, however, are more useful in

predicting behavioural response in real markets in which new alternatives are intro-

duced or existing alternatives are evaluated at diÿerent attribute levels. Combined

models can rely on parameters imported from the SP component for the observed

attributes, except the alternative-speci®c constants (ASCs) of existing alternatives.

These ASCs should be aligned to actual market shares in the existing (or base) market;

hence, the SP model stated choice shares are of no value and actually misleading (since

they re¯ect the average of conditions imposed by the experiment, not those of the real

market). This nulli®es the predictive value of a stand-alone, uncalibrated SP model. It

is extremely unlikely that the stated choice shares will match the market shares for a

sampled individual (especially when new alternatives are introduced) and very unlikely

for the sample as a whole. Thus the appeal of joint RP±SP models to service a number

of application objectives.

Chapters 1±8 provide the reader with a large number of tools to design a choice

experiment and estimate a discrete-choice model. The translation of this body of

theory into action, however, often remains a challenge. Chapter 9 is positioned in

the book to bring together the many elements of a complete empirical study in a

way that reveals some of the `hidden' features of studies that are essential to their

e�cient and eÿective implementation. In many ways this chapter is the most impor-

tant in bringing all the pieces together, and provides a very useful prelude to chapters

10±12, which present examples of applications in transportation, marketing and envir-

onmental sciences.

We expect that this book will provide a useful framework for the study of discrete-

choice modelling as well as choice behaviour. We are hopeful that it will be a valuable

reference source for many in the public sector, private industry, private consultancies

and academia who have discovered the great richness oÿered by stated choice methods

in understanding agent behaviour and in predicting responses to future new opportu-

nities. We know that the methods are popular. What we sincerely hope is that this

book will assist in improving the practitioner's knowledge of the methods so that they

are used in a scienti®c and rigorous way.
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Appendix A1 Choosing a residential
telecommunications bundle

Appendix A1 19

In the future there will be competition for all types of telecommunications services. In this section,
we would like you to consider some hypothetical market situations where such competition exists.
Assume for each situation that the competitors and features shown are the only choices available
to you. For each situation, compare the possible range of services offered by each company and
choose which type of services you would select from each company.

Please note, if you choose two or more services from the same company, you may qualify for a
bundle discount. This bundle discount is a percentage off your total bill from that company.

We have enclosed a glossary to explain the features that are included in the packages offered.
Please take a few minutes to read the glossary before completing this section. The following
example will show you how to complete this task.

EXAMPLE:

FEATURES
Bell South Sprint AT&T NYNEX GTE

LOCAL SERVICE

Flat Rate $12.00 $14.00 $12.00

LONG DISTANCE SERVICE

Fee $0.15 peak -
$0.12 off peak

$0.20 peak -
$0.16 off peak

$0.15 peak -
$0.12 off peak

CELLULAR SERVICE

Monthly Service Charge $20.00 $40.00 $40.00 $20.00 $40.00

Free Minutes 30 minutes 60 minutes 30 minutes 30 minutes 30 minutes

Home Air Time Charges $0.45 $0.45 $0.65 $0.45 $0.65

Roaming Charges $0.45 $0.45 $1.00 $0.45 $1.00

“Rounding” of Charged Air Time Nearest minute No rounding
(exact)

No rounding
(exact)

Nearest minute No rounding
(exact)

Free Off Peak Minutes Weekends free Weekends not
free

Weekends free Weekends free Weekends free

DISCOUNTS AND BILLING

Multiple Service Discounts if
 2 or More Services

10% off total bill 5% off total bill 10% off total bill 5% off total bill 5% off total bill

Billing Separate bills per
service

Separate bills per
service

Separate bills per
service

Combined, single
bill

Combined, single
bill

Which provider would you choose or
remain with for your residential
services?
(check one box in each row)

a. Local Service (  one only) 1 2 N/A N/A 5

b. Long Distance Service (  one only) N/A 2 3 4 N/A None
c. Cellular Service (  one only) 1 2 3 4 5 6

Step 1: Compare the
features offered by each
of the five companies.

Step 2: Indicate which
company you would
choose for each service
by checking one box in
each row.

Figure A1.1 Choosing a residential telecommunications bundle



2 Introduction to stated
preference models and
methods

2.1 Introduction

This chapter provides the basic framework for stated preference (SP) and stated choice

(SC) methods. We ®rst provide a brief rationale for developing and applying SP theory

and methods. Then we brie¯y overview the history of the ®eld. The bulk of attention in

this chapter is devoted to an introduction to experimental design, with special refer-

ence to SP theory and methods. The next and subsequent chapters deal speci®cally

with the design of (stated) choice experiments, which are brie¯y introduced in this

chapter.

Let us begin by discussing the rationale for the design and analysis of stated pre-

ference and choice surveys. By `survey' we mean any form of data collection involving

the elicitation of preferences and/or choices from samples of respondents. These

could be familiar `paper and pencil' type surveys or much more elaborate multimedia

events with full motion video, graphics, audio, etc., administered to groups of

respondents in central locations or single respondents using advanced computerised

interviewing technology. The type of `survey' is dictated by the particular appli-

cation: relatively simple products which are well known to virtually all respondents

usually can be studied with familiar survey methods, whereas complex, new tech-

nologies with which most respondents are unfamiliar may require complex, multimedia

approaches.

2.2 Preference data come in many forms

Economists typically display a healthy scepticism about relying on what consumers

say they will do compared with observing what they actually do; however, there are

many situations in which one has little alternative but to take consumers at their word

or do nothing. Moreover, the historical basis for many economists' reliance on market

data (hereafter termed revealed preference, or RP data) is a classical paper in which

Samuelson (1948) demonstrates that if market observations have thus-and-such

20



properties, then systems of demand equations consistent with market behaviour can be

estimated. Frequently overlooked, however, is the fact that Samuelson's paper and

subsequent work in economics in no way exclude the design, analysis and modelling of

SP data, although many economists incorrectly believe that they do. The premise of

this chapter, and indeed of the entire book, is that SP surveys can produce data

consistent with economic theory, from which econometric models can be estimated

which are indistinguishable from their RP data counterparts. Thus, the issue is not if

one can or should obtain SP data, but whether models estimated from SP data yield

valid and reliable inferences about and predictions of real market behaviour. Later

chapters review the empirical record, which we note here is at least as (if not more)

impressive compared with RP data models.

Thus, despite well-developed economic theory (e.g., Lancaster 1966, McFadden

1981) for dealing with real market choices, there are a number of compelling reasons

why economists and other social scientists should be interested in stated preference

(SP) data, which involve choice responses from the same economic agents, but evoked

in hypothetical (or virtual) markets:

� Organisations need to estimate demand for new products with new attributes or

features. By de®nition, such applications have no RP data on which to rely;

hence, managers face the choice of guessing (or a close substitute, hiring an

`expert') or relying on well-designed and executed SP research. Despite economists'

opinions about the lack of reliability and validity of SP data, real organisations

need the best information about market response to new products that they can

aÿord. Since the late 1960s, many organisations worldwide have relied on some

form of SP data to address this need, and it should be obvious to even the most

obdurate economists that such a practice would not have persisted this long, much

less increased many-fold, if organisations did not see value in it. (This is, as it were,

revealed preference for SP data!)

� Explanatory variables have little variability in the marketplace. Even if products

have been in the market for many years, it is not uncommon for there to be little or

no variability in key explanatory variables (see, for example, section 8.2 of chapter

8). As a case in point, in many industries competitors match each other's prices; in

other cases prices or levels of service may remain unchanged for long periods of

time, as was the case for airfares to/from Australia and Europe in the 1970s. In still

other cases, all competitors may provide a core set of speci®cations, obviating the

use of these variables as a way to diÿerentiate choices. Thus, RP data exist, but are

of limited or no use for developing reliable and valid models of how behaviour will

change in response to changes in the variables.

� Explanatory variables are highly collinear in the marketplace. This is probably the

most common limitation of RP data, and one might well wonder why many

economists would argue that severely ill-conditioned RP data are superior to SP

data just because they re¯ect `true' market choices. As most statisticians know all

too well, seriously ill-conditioned data are problematic regardless of their source.

More interesting, perhaps, are the reasons why we expect this to occur in almost all
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real markets. That is, as markets mature and more closely satisfy the assumptions

of free competition, the attributes of products should become more negatively

correlated, becoming perfectly correlated in the limit. Thus, the very concept of

a Pareto (or `e�cient') frontier requires negative correlations, which in turn all but

preclude even the cleverest econometrician from drawing reliable and valid infer-

ences from RP data. Additionally, technology drives other correlations between

product attributes, so as to place physical, economic or other constraints on

product design. For example, one cannot design a car that is both fuel e�cient

and powerful because the laws of physics intervene. Thus, reliance on RP data

alone can (and often does) impose very signi®cant constraints on a researcher's

ability to model behaviour reliably and validly.

� New variables are introduced that now explain choices. As product categories grow

and mature, new product features are introduced and/or new designs supplant

obsolete ones. Sometimes such changes are radical, as when 3.5 00 ¯oppy disks

began to replace 5.25 00 disks for PCs. It is hard to imagine how one could reliably

use RP data to model the value of the 3.5 00 disk innovation prior to its introduc-

tion. Similarly, virtually all PCs now come equipped with drives for 3.5 00 disks, so
this feature cannot explain current choices, nor can it provide insight into the

demand for CD, DVD or external storage drives. Thus, it is often essential to

design SP projects to provide insight into the likely market response to such new

features.

� Observational data cannot satisfy model assumptions and/or contain statistical

`nasties' which lurk in real data. All models are only as good as their maintained

assumptions. RP data may be of little value when used to estimate the parameters

of incorrect models. Further, all empirical data contain chance relationships which

may mitigate against development of reliable and valid inferences and predictions.

A major advantage of SP data is that they can be designed to eliminate, or at least

signi®cantly reduce, such problems.

� Observational data are time consuming and expensive to collect. Very often RP data

are expensive to obtain and may take considerable time to collect. For example,

panel data involve observations of behaviour at multiple points in time for the

same or independent samples of individuals. Thus, for new product introductions

very long observation periods may be required to model accurately changes in trial

and repeat rates. It frequently is the case that SP data are much less expensive to

obtain and usually can be collected much faster, although SP panels may involve

the same lengthy observation periods as RP panels.

� The product is not traded in the real market. Many goods are not traded in real

economic markets; for example, environmental goods, public goods such as free-

ways or stadia. Yet, society and its organisations often require that they be valued,

their costs and bene®ts calculated, etc. (Hanemann and Kanninen 1999 provide an

excellent recent review of the valuation of environmental goods). In some cases

consumers expend such resources as time or travel eÿort to consume these types of

goods, and RP data can be used to proxy the true underlying dimension of interest

(Englin and Cameron (1996) discuss such `travel cost' methods). But in many other
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cases, such as environmental damage due to an oil spill or the existence value of a

wild caribou herd in a remote forest, no RP data exist to model the behaviour of

interest. Consequently, some resource economists have come to rely on SP theory

and methods to address such problems.

The preceding comments can be understood with reference to ®gure 2.1. By de®ni-

tion, RP data are generally limited to helping us understand preferences within an

existing market and technology structure. In contrast, although also possibly useful in

this realm, SP data provide insights into problems involving shifts in technological

frontiers.

Shifts in technological frontiers are at the heart of much academic and applied

research in marketing, particularly issues related to demand for new product intro-

ductions, line extensions, etc., and are common concerns for many organisations.

Forecasts of likely demand, cannibalisation, appropriate target markets, segments

and the like are often needed to develop appropriate corporate and marketing

strategies. Both business and government need reliable and valid models to reduce

uncertainties associated with such decisions, which in turn has encouraged the devel-

opment of various SP methods and models which we later discuss. Although the

positive features of SP data were emphasised in the preceding, it is important to

note that the two data sources generally are complementary, so that the weaknesses

of one can be compensated by the strengths of the other. Indeed, recognition of this

complementarity underlies the growing interest in combining RP and SP choice (and

more generally, preference) data in transportation, marketing and environmental and

resource economics during the past decade. Combination of preference data sources is

discussed in chapter 8.

It seems apropos at this point to brie¯y summarise the features of each source of

preference data, which can be described as below.
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RP data typically

� depict the world as it is now (current market equilibrium),

� possess inherent relationships between attributes (technological constraints are

®xed),

� have only existing alternatives as observables,

� embody market and personal constraints on the decision maker,

� have high reliability and face validity,

� yield one observation per respondent at each observation point.

SP data typically

� describe hypothetical or virtual decision contexts (¯exibility),

� control relationships between attributes, which permits mapping of utility func-

tions with technologies diÿerent from existing ones,

� can include existing and/or proposed and/or generic (i.e., unbranded or unlabelled)

choice alternatives,

� cannot easily (in some cases, cannot at all) represent changes in market and per-

sonal constraints eÿectively,

� seem to be reliable when respondents understand, are committed to and can

respond to tasks,

� (usually) yield multiple observations per respondent at each observation point.

RP data contain information about current market equilibria for the behaviour of

interest, and can be used to forecast short-term departures from current equilibria. In

contrast, SP data are especially rich in attribute tradeoÿ information, but may be

aÿected by the degree of `contextual realism' one establishes for respondents. So, SP

data are more useful for forecasting changes in behaviour. Given the relative strengths

of both data types, there can be signi®cant value in combining them (see chapter 8).

This value lies primarily in an enhanced ability (a) to map trade-oÿs over a (potentially

much) wider range of attribute levels than currently exists (adding robustness to

valuation and prediction), and (b) to introduce new choice alternatives by accommo-

dating technological changes in expanded attribute spaces. Figure 2.2 illustrates how

alternatives in a stated choice experiment imply speci®c consumption technological

constraints of their own. That is, the nine speci®c combinations of travel time and

travel cost, constrained by the time and money budgets of a sampled individual, are

only part of the possible set of time±cost combinations. Stated choice experiments

focus on combinations which can be generalised in application to evaluate any com-

binations in the square bounded by combinations 1±9.

A key role for SP data in combined SP±RP analyses lies in data enrichment; that is,

providing more robust parameter estimates for particular RP-based choice models,

which should increase con®dence in predictions as analysts stretch attribute spaces and

choice sets of policy interest. However, if one's primary interest is valuation, SP data

alone often may be su�cient. In particular, each replication of a choice experiment

provides a rich individual observation, so as few as three SP replications plus one RP

observation per respondent generate four observations per respondent. In such cases
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small samples (100±300 respondents) are often su�cient to obtain consistent and

e�cient parameter estimates. An SP±RP model can be estimated either jointly or

sequentially to obtain all the parameters for such samples, as we demonstrate in

later chapters.

At this point many other issues germane to the use of SP theory and methods could

be raised. Rather than attempt encyclopedic coverage, the preceding represent some of

the major reasons why SP theory and methods have attracted growing research atten-

tion in many social science disciplines over the past decade. Having established a need

and justi®cation for the use of SP theory and methods, let us now turn our attention to

laying the foundations needed to understand SP theory and methods.

2.3 Preference data consistent with RUT

Generally speaking there can be no valid measurement without an underlying theory

of the behaviour of the numbers which result from measurement. Thus, it is a premise

of this chapter, and indeed of this book, that measurement in the absence of theory is

at best uninterpretable, and at worst meaningless. For example, it is di�cult to know

how to interpret the category rating scale measures that many marketing and survey

researchers routinely collect to `measure' attitudes, beliefs, values and preferences for

subjective quantities such as `customer satisfaction'. Speci®cally, if a survey enquires

`How satisfactory was the wait in the queue to be served at the counter?', and con-

sumers can respond on a scale from 0 (� extremely unsatisfactory) to (say) 10

(� extremely satisfactory), what does a `6' mean?
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A `6' response might mean that a consumer found the experience `not altogether

satisfactory' (whatever those words mean), `slightly better than average waits

previously experienced', `about what was expected', etc. Now, should organisations

who commission such surveys improve waits in line from `6' to (say) `7' or `8'? Is a `6'

really bad? Perhaps compared with other organisations, a `6' is very good, but the

consumer thinks it could be better. Who's to say? Thus, answers to such questions

require a theory of the process which leads consumers to respond with a `6'.

Speci®cally, an organisation needs to know how consumers value waits in line com-

pared with service e�ciency once at the counter, or charges for service, etc. A model of

the process allows one to anticipate (predict) how consumers are likely to respond to

changes in service within and between organisations.

That brings us to the issue of measurement and its role in modelling preferences

and choices. Several types of measures are germane to our discussion: (1) measures of

preferences and choice, (2) measures of attributes, (3) measures of consumers or

decision-making units, and (4) measures of decision environments. For the time

being we restrict our discussion to measures of preference and choice, but later in

the book (chapter 9) we will return to the issue of reliable and valid measurement of

these other crucial dimensions.

Preference and choice measures fall into the general domain of measures called

dominance measures. Simply put, `dominance' measures are any form of numerical

assignment that allows the analyst to determine that one or more objects being

measured are indistinguishable in degree of preference from one another (i.e., equal)

or are more/less preferred to one another (i.e., not equal, with information about

direction and order of inequalities). Many types of dominance measures can be

identi®ed which are, or can be transformed to be, consistent with Random Utility

Theory (Luce and Suppes 1965). For example, consider the following brief list of

possibilities:

� Discrete choice of one option from a set of competing ones. This response

measures the most preferred option relative to the remaining, but provides no

information about relative preferences among the non-chosen. That is, it is a

true nominal scale.

� `Yes, I like this option' and `No, I do not like this option'. This response clearly

separates alternatives (options) into liked and not liked, and provides information

about preferences in the sense that all `liked' options should be preferred to all

`disliked' options. Hence, assuming the consumer can and will choose an option,

the choice will be one of the `liked' options.

� A complete ranking of options from most to least preferred. This response orders

all options on a preference continuum, but provides no information about degree

of preference, only order. Variations are possible, such as allowing options to be

tied, ranking only options that respondents actually would choose, etc. That is, it is

a true ordinal scale.

� Expressing degrees of preference for each option by rating them on a scale or

responding via other psychometric methods such as magnitude estimation, `just
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noticeable diÿerences' (JNDs), bisection measures, etc. If consumers can supply

reliable and valid estimates of their degrees of preference this response contains

information about equality, order and degrees of diÿerences or magnitudes. That

is, their responses are consistent with interval or ratio measurement properties.

� Allocation of some ®xed set of resources, such as money, trips, chips, etc. If

consumers can reliably and validly allocate resources to indicate degrees of pre-

ference, this type of response provides information about equality, order, diÿer-

ences, ratios, etc. (i.e., ratio scale information).

� And, potentially many more . . .

Mathematical psychologists, psychometricians and utility theorists have studied

properties of measurement systems (behavioural models, associated measurement

methods and tests of consistency) for many decades. Thus, we will not try to review

this impossibly large body of work. Instead, we provide a very brief conceptual

overview of the properties of the above types of preference (dominance) response

measures, and their correspondence with random utility theory, and hence, discrete-

choice models. Our purpose is to explain (1) that there are many sources of data from

which preference and choice models can be estimated, and (2) that random utility

theory allows us to compare and combine these various sources of preference data

to make inferences about behavioural processes with greater statistical e�ciency.

2.3.1 Discrete choice of one option from a set of competing ones

Listed in table 2.1 are ®ve transport modes that consumers might use to commute to

work. We observe a consumer to drive her own auto to work today, and by implica-

tion reject the four other modes, which provides one discrete piece of information

about behaviour. Note that we also could design a survey in which a consumer was

oÿered the ®ve mode choices for her work trip, and observe which one she would

choose for tomorrow's trip. We also might vary attributes of modes or trips, and ask

which one she would have chosen for her last trip or would choose for her next trip

given the changes. The key point is that the response is a report of which one option is

chosen from a set of competing options.

Consider a survey question which asks a consumer to report which one of the ®ve

modes she would be most likely to use for her work trip tomorrow. As shown in
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Table 2.1. Discrete choice of commuting option

`Brands' for journey to work Consumer chooses

Take bus
Take train
Take ferry

Drive own auto T
Carpool



table 2.1, a tick (check) mark in the table tells us only that this consumer prefers

driving her own auto to the other four options.

That is, we know:

� auto > bus, train, ferry, carpool, and

� bus � train � ferry � carpool.

Thus, we can say that these data are very `weakly ordered', and a complete preference

ordering cannot be determined for this consumer from this one response. To anticipate

future discussions, if we want to know the complete ordering as well as how it is likely

to change in response to changes in the attributes of the modes, the transport system,

characteristics of individuals or the general environment, we need either (a) more

discrete responses from one individual and/or (b) responses from more individuals

under a wider range of attributes.

2.3.2 `Yes, I like this option' and `No, I do not like this option'

More generally, any binary discrete response that categorises a set of options into two

groups (like, dislike; consider, not consider; etc.) can yield preference information.

Continuing our commuter mode choice example, the data below can be viewed as

coming from the following two sources:

� Observing a commuter's choices over one work week (®ve days).

� Asking a commuter which modes she would seriously consider for the journey to

work, such that she should say `no' to any she knows she would not use except in

unusual circumstances (e.g., auto in repair shop).

As an example, consider the following hypothetical consumer `would seriously

consider/would not seriously consider' responses to questions about using each of

the ®ve transport modes for the journey to work listed in table 2.2. The responses

above yield the following information about the consumer's preferences:

� auto > bus, train, ferry

� carpool > bus, train, ferry

� auto � carpool; bus � train � ferry.
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Table 2.2. Acceptance or rejection of commuting options

`Brands' for journey to work Consumer will consider (y/n)

Take bus no
Take train no
Take ferry no

Drive own auto yes
Carpool yes



Thus, these data also are `weakly ordered'; and to obtain a complete preference

order we need either (a) more yes/no responses from this consumer and/or (b)

responses from more consumers. Having said that, it should be noted that we have

more information about preferences from this data source than was the case in our

previous single discrete-choice example.

2.3.3 A complete ranking of options from most to least preferred

Table 2.3 contains a consumer's complete preference ranking, or at least a complete

ranking by `likelihood of use', which we take to imply preference. In this case, we

could obtain the ranking by either (a) asking a consumer to rank the modes directly

and/or (b) observing her choices over a long time period and then ranking by fre-

quency of use. There are a variety of issues associated with complete ranking

responses, which should be carefully considered before attempting to obtain such data:

� Task di�culty increases substantially with the number of options to be ranked.

� Response reliability is likely to be aÿected by the number of options ranked and

the degree of preference for each. That is, reliability should decrease with more

options. Reliability should be higher for the most liked and disliked options, and

should be lower for options in the middle.

� The reliability and validity of information about the ranking of options that would

never be chosen in any foreseeable circumstances is not clear.

� The reliability and validity of information about the ranking of options that either

are not known, or are not well known to the consumer, is not clear.

Many choice modelling problems require information about non-choice; that is, the

option to choose none of the options oÿered. A complete ranking may provide ambig-

uous information in this regard, and although one could restrict the complete ranking

only to those options that the consumer actually would choose, there is little agree-

ment about reliable and valid ways to do that. As there are other ways to obtain

dominance data, we suggest that researchers look elsewhere for sources of data to

model and understand preference until there is more empirical evidence and/or a

consensus among researchers. Thus, one probably would be best advised to avoid

the use of complete rankings for the present, especially in light of other options.

Having said that, suppose that consumers can provide reliable and valid complete

preference rankings for a set of options. Table 2.3 provides an example of such a

complete ranking.

The responses imply the following about the consumer's preferences:

� auto > bus, train, ferry, carpool

� carpool > bus, train, ferry

� ferry > bus, train

� train > bus.

Thus, we can say that the above data are `strongly ordered', and provide a complete

preference order, albeit with no information about preference degree or diÿerences.
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2.3.4 Expressing degrees of preference by rating options on a scale

There are many ways to obtain direct measures of degrees of preference, but for the

sake of example we restrict ourselves to rating each option on a category rating scale,

which is undoubtedly the most popular in applications. In this case, we must assume

that consumers can provide a reliable and valid measure of their degree of preference

for each option. Diÿerent response methods may be used depending on one's beliefs

about consumers' abilities to report degrees of preference diÿerences in options,

option preference ratios, etc. It is important to note that the latter constitute very

strong assumptions about human cognitive abilities. Generally speaking, the stronger

the assumptions one makes about such measures, the less likely they will be satis®ed;

hence, the more likely measures will be biased and invalid (even if reliable).

The preceding response measures make much less demanding assumptions about

human cognitive abilities; hence, they are much more likely to be satis®ed, and there-

fore the models that result from same are more likely to be valid. In any case, for the

sake of completeness, table 2.4 illustrates how one consumer might rate the commut-

ing options of previous examples.

As before, we ask what these responses imply about preferences. In this case we

claim that it is not obvious because there is no theory available to allow us to interpret

the meaning of a diÿerence between a rating of `4' and a rating of `7'. What we can say,

however, is that there is ordinal information in the data which allows us to transform

the ratings into implied rankings, and interpret them. Note that if we use the ratings to

infer rankings, we make a much less demanding assumption about the measurement
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Table 2.3. Complete preference ranking of commuting options

`Brands' for journey to work Ranking by likelihood of use

Take bus 5
Take train 4
Take ferry 3
Drive own auto 1

Carpool 2

Table 2.4. Scale rating of commuting options

`Brands' for journey to work Consumer likelihood to use (0±10)

Take bus 4
Take train 4
Take ferry 6

Drive own auto 10
Carpool 7



properties of the responses, namely that ratings re¯ect an underlying ranking. We

suggest that researchers consider transforming ratings data in this way rather than

blindly assuming that ratings produced by human subjects satisfy demanding measure-

ment properties. Thus, if we transform the ratings to infer a preference ranking we

would have the following:

� auto > bus, train, ferry, carpool

� carpool > bus, train, ferry

� ferry > bus, train

� train � bus.

Thus, these data are more weakly ordered than a complete ranking, but less `weakly

ordered' than the discrete and yes/no response data.

We eschew further discussion of response modes such as resource allocations in the

interest of brevity, but note in passing that it is important to understand the kinds of

measurement property assumptions implied by various response modes, and their

implications for understanding and modelling preferences and choices. Generally

speaking, one is better oÿ making as few demanding assumptions as possible;

hence, serious consideration should be given to discrete and binary responses in lieu

of more common, but more assumption-challenged alternatives.

2.3.5 Implied choice data provided by each response

In order to estimate a choice model, one generally needs data that indicate chosen and

rejected alternatives, as well as the set of alternatives (i.e., choice set) from which the

consumer chose (see chapter 1). For each choice set faced by each consumer, one must

identify the chosen and rejected option(s). The (single) chosen option is coded one (1)

and the rejected option(s) is(are) coded zero (0). Table 2.5 illustrates how choice

sets are created, and how chosen and rejected options are coded based on response

information, consistent with the preceding discussion.

The types of preference data discussed above can be (and are) obtained in a wide

variety of survey settings. As long as one also has available information about the

attribute values associated with each alternative, consumer characteristics and the like,

one can develop SP models from such data. It is worth noting at this point that such

SP models are exact analogues to RP models. That is, one observes some preference or

choice data from a sample of individuals, measures (observes) attributes associated

with choice alternatives, measures characteristics of the individual choosers and devel-

ops a random utility based probabilistic discrete-choice model as discussed in chapters

1 and 3. Such SP data have all of the aforementioned disadvantages of RP models that

lead us to seek complementary alternatives (e.g., no information on new products or

features, limited ranges, collinearity, etc.).

Thus, we are motivated to seek alternative ways of dealing with these problems,

although we must be mindful that such SP measures may yet prove to be useful for

enriching estimation, cross-validating models and/or rescaling models from choice

experiments to match choices in the real market. Chapter 4 provides an introduction
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Table 2.5. Creating choice sets and coding choices from response data

Implied choice set Alternative Implied choice

Discrete choice
1 Auto 1
1 Bus 0
1 Train 0
1 Ferry 0
1 Carpool 0

Yes/No
1 Auto 1
1 Bus 0
1 Train 0
1 Ferry 0
1 Carpool 0
2 Auto 0
2 Bus 0
2 Train 0
2 Ferry 0
2 Carpool 1

Complete ranking
1 Auto 1
1 Bus 0
1 Train 0
1 Ferry 0
1 Carpool 0
2 Bus 0
2 Train 0
2 Ferry 0
2 Carpool 1
3 Bus 0
3 Train 0
3 Ferry 1
4 Bus 0
4 Train 1

Rating
1 Auto 1
1 Bus 0
1 Train 0
1 Ferry 0
1 Carpool 0
2 Bus 0
2 Train 0
2 Ferry 0
2 Carpool 1
3 Bus 0
3 Train 0
3 Ferry 1



to the notion of controlled experiments as a vehicle for designing options and collect-

ing response data. In succeeding chapters we expand the basic ideas of this chapter and

of chapter 4 to allow us to design and analyse discrete-choice experiments to obtain SP

data that closely simulate possible analogue RP situations. We eventually return to the

ideas of this chapter by demonstrating that all sources of preference data can be used

to inform modelling, including those discussed in this chapter. The next chapter pro-

vides an introduction to choice models, the framework for taking SP and RP choice

data and revealing the statistical contribution of each attribute to the explanation of a

choice response.
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3 Choosing a choice model

3.1 Introduction

Two elements of the paradigm of choice proposed in chapter 1 are central to the

development of a basic choice model. These elements are the function that relates

the probability of an outcome to the utility associated with each alternative, and the

function that relates the utility of each alternative to a set of attributes that, together

with suitable utility parameters, determine the level of utility of each alternative. In

this chapter, we develop the basic choice model known as the multinomial logit

(MNL) model. Beginning with this basic form, making a detailed examination and

extending it to accommodate richer behavioural issues is an eÿective way to under-

stand discrete-choice models in general, and provides a useful vehicle to introduce a

wide range of relevant issues.

In section 3.3 the conventional microeconomic demand model with continuous

commodities is outlined and used to demonstrate its inadequacy when commodities

are discrete. A general theory of discrete-choice is developed around the notion of the

existence of population choice behaviour de®ned by a set of individual behaviour

rules, and an indirect utility function that contains a random component. The random

component does not suggest that individuals make choices in some random fashion;

rather, it implies that important but unobserved in¯uences on choice exist and can be

characterised by a distribution in the sampled population, though we do not know

where any particular individual is located on the distribution. Hence we assign this

information to that individual stochastically. The random utility model is then

generalised to develop a formula for obtaining selection probabilities. Section 3.4

takes the (presently) analytically intractable general model, introduces a number of

assumptions about the distribution and form of the relationship between utility and

selection probability, and produces a computationally feasible basic choice model, the

multinomial logit model.

Having derived the basic MNL choice model in su�cient detail, a procedure for

estimating the parameters in the utility expression of the MNL model (known as

maximum likelihood estimation) is introduced in Section 3.5. Various statistical

34



measures of goodness-of-®t are outlined in Section 3.6, along with the main policy

outputs, such as choice elasticities and probabilities. The chapter concludes with a

commentary of important variants of the basic MNL choice model which ensure more

realistic behavioural prospects in explaining choice. Chapter 3 provides a comprehen-

sive introduction to the basic elements of a choice model, and is su�ciently detailed

that the reader should be able to follow and appreciate more clearly how a ®nal model

is derived.

3.2 Setting out the underlying behavioural decision
framework

In conventional consumer analysis with a continuum of alternatives, one can

often plausibly assume that all individuals in a population have a common

behaviour rule, except for purely random `optimisation' errors, and that

systematic variations in aggregate choice re¯ect common variations in indi-

vidual choice at the intensive margin. By contrast, systematic variations in

aggregate choice among lumpy alternatives must re¯ect shifts in individual

choice at the extensive margin, resulting from a distribution of decision rules

in the population. (McFadden 1974: 106)

Many economic decisions are complex and involve choices that are non-marginal,

such as choices of occupations, particular consumer durables, house types and resi-

dential locations, recreation sites, and commuting modes. Although economists are

mainly interested in market demand, the fact that each individual makes individual

consumption decisions based on individual needs and environmental factors, and that

these individual decisions are complex, makes the relationship between market and

individual demand even more complicated. For example, the framework of economic

rationality and the associated assumption of utility maximisation allow the possibility

that unobserved attributes of individuals (e.g., tastes, unmeasured attributes of alter-

natives) can vary over a population in such a way that they obscure the implications of

the individual behaviour model.

Given such a state of aÿairs, one might question whether it is feasible to deduce

from an individual choice model properties of population choice behaviour that have

empirical content. In particular, one can observe the behaviour of a cross-section of

consumers selected from a population with common observed (but diÿering levels of )

socioeconomic characteristics, money budgets Mq and demands Gq associated with

each individual (q � 1; . . . ;Q). A reasonable behavioural model, derived from the

individual's utility function u � U�G; !� and maximised subject to the budget con-

straint (M), is G � h�M; !� �! represents the tastes of an individual�, can be used to

test behavioural hypotheses such as those relating to the structural features of para-

metric demand functions, particularly price and income elasticities, and the revealed or

stated preference hypothesis that the observed data are generated by utility-maximis-

ing individuals.
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Because of measurement errors in Gq, consumer optimisation errors and unob-

served variations in the population, the observed data will not ®t the behavioural

equation exactly. In fact, most empirical demand studies ignore the possibility of

taste variations in the sample, and instead assume that the sample has randomly

distributed observed demands about the exact values G for some representative utility

�!, i.e., Gq � h�Mq; �!� � "q, where "q is an unobserved random term distributed inde-

pendently of Mq. Hence, �! has no distribution itself.

In a population of consumers who are homogeneous with respect to monetary

budgets, this speci®cation of aggregate demand will equal individual demand in the

aggregate, and all systematic variations in market demand will be generated by a

common variation at the intensive margin of the identical individual demands. If

there are no unobserved variations in utilities or budgets, there is no extensive margin

aÿecting aggregate demand (McFadden 1974). Conventional statistical techniques

can be applied to Gq � h�Mq; �!� � "q to test hypotheses about the structure of h. If

quantities demanded vary continuously such that marginal optimisation and measure-

ment errors are likely to be particularly important, and possibly dominate the eÿect of

utility variations, the speci®cation above is realistic.

If the set of alternative choices is ®nite, howcanwe interpret the traditionalmodel, and

what role can it play? In the case of discrete alternatives, the standard utility maximisa-

tion model with the corresponding demand equation Gq � h�Mq; �!� predicts a single

chosenG (referred to as an alternative) if tastes and unobserved attributes of alternatives

are assumed uniform across the population. The conventional statistical speci®cation

Gq � h�Mq; �!� � "q would then imply that all observed variationGq in demand over the

®nite set of alternatives is the result of behaviour described by some global disturbance

term. That is, heavy demands are imposed on the random disturbance term.

Continuing this line of argument, McFadden states:

Aggregate demand can usually be treated as a continuous variable, as the

eÿect of the discreteness of individuals' alternatives is negligible. As a result,

aggregate demand may super®cially resemble the demand for a population of

identical individuals for a divisible commodity. However, systematic varia-

tions in the aggregate demand for the lumpy commodity are all due to shifts

at the extensive margin where individuals are switching from one alternative

to another, and not at the intensive margin as in the divisible commodity,

identical individual case. Thus it is incorrect to apply the latter model

to obtain speci®cations of aggregate demand for discrete alternatives.

(McFadden 1979: 309)

If commodities are not continuous there is no intensive margin at which changes in

the magnitudes of attributes produce responses measured by a change in the criterion

variable. That is, small marginal adjustments are not feasible consequences at the level

of the individual. It is not possible with a single cross-section of preference data to

accommodate discrete-choice in an atomistic individual choice framework in which

the unit of analysis is the individual or household (current practice being limited to
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such data). Panel or repeated measures data with many waves would be required to

facilitate estimation of a unique model for each individual. However, if we invoke a

model of population choice behaviour de®ned on a set of individual behaviour(s), the

marginal calculus can be maintained through a rede®nition of the margin.

That is, the margin becomes the extensive margin for the population, and is relevant

to each individual member of the population because an individual behaviour rule is

contained within the set of individual behaviour rules. This is guaranteed because of

the assumption that an element of utility is stochastic, individual speci®c and con-

nected to the criterion variable (i.e., probability of selection) by a de®ned distribution.

The latter distribution is the one that accommodates the way in which the individual

behaviour rule is mapped into the set of individual behaviour rules. Individual

speci®city arises due to idiosyncrasies (conditioned on the representative utility),

that produce a distribution of decision rules in the population. This permits the

population margin to be used to assess the eÿect of a change in an observable attribute

on each individual.

The foregoing will strike many as unsatisfactory because it suggests that the model

needs to be reformulated so that the eÿects on the error structure due to individual

diÿerence in tastes and optimisation behaviour in the conventional speci®cation are

made explicit. Alternatively, a general procedure for formulating models of population

choice behaviour from distributions of decision rules in the population when commod-

ities are discrete is needed. We develop the latter in the next section.

3.3 Random utility maximisation

A general model of individual choice behaviour requires that three key factors be

taken into account:

1. objects of choice and sets of alternatives available to decision makers, known as

choice set generation;

2. the observed attributes of decision makers and a rule for combining them; and

3. a model of individual choice and behaviour, and the distribution of behaviour

patterns in the population.

To develop this more general model, we need to introduce some notation. Let G

represent the set of alternatives in a (global) choice set, and S the set of vectors of

measured attributes of the decision makers. Then a randomly drawn individual from

the population (e.g., in a simple random sample), will have some attribute vector

s 2 S, and face some set of available alternatives A � G. (Hereafter G and S are not

needed.) Hence, the actual choice for an individual, described by particular levels of a

common set of attributes s and alternatives A across the sampled population, can be

de®ned as a draw from a multinomial distribution with selection probabilities (multi-

nomial refers to the existence of two or more possible outcomes)

P�xjs;A� 8x 2 A �the probabilities of each alternative�: �3:1�

Choosing a choice model 37



In words, equation (3.1) states the probability of selecting alternative x, given the

individual's socioeconomic background and set of alternatives A, for each and every

alternative contained in the set A. The vector x denotes consumption services or

attributes, and is used to emphasise that the alternative is de®ned in terms of a set

of attributes.

To operationalise the preceding condition, we need to establish an individual beha-

viour rule (de®ned as a function IBR), which maps each vector of observed attributes s

and a possible alternative set A into a selected alternative of A. Our interest centres on

a model of individual behaviour, which is an analytical device to represent the set of

individual behaviour rules (SIBR) relevant to all individuals who de®ne the sampled

population. For example, IBR may be a particular choice function that results from

maximising a speci®c utility function, whereas SIBR may be a set of choice functions

resulting from the maximisation of a particular utility function. If unmeasured attri-

butes vary across the sampled population, many possible IBRs can exist in a model

SIBR. If there are multiple IBRs in the population, a model SIBR that describes a

population must have a probability de®ned on the measurable subsets of SIBR that

specify the distribution of the SIBRs in the population.

The selection probability that an individual drawn at random from the population

will choose alternative x, given the observed attributes s and the alternative set A, is

given by:

P�xjs;A� � PfIBR 2 SIBRjIBR�s;A� � xg: �3:2�

In words, the right-hand side states that the probability of choosing a particular

individual behaviour rule, given that the particular individual behaviour rule, de®ned

on s and A, is to choose x. Hence the right-hand side de®nes the probability of

occurrence of a behavioural rule producing this choice. It is not the probability that

the IBR is contained in the set (known as choice set generation), but the probability of

choosing that IBR within the SIBR, given that the IBR maps the attributes into the

choice x. This relationship is an initial condition for a model of choice behaviour. If P

is assumed to be a member of a parametric family of probability distributions (e.g.,

normal, extreme value, lognormal, see section 3.4), and the observed choices are

distributed multinomial with probabilities as given in equation (3.2), estimates of

the parameters may be identi®ed.

Having postulated the SIBR model, we need to relate the selection probabilities to

the utility maximisation assumption that is central to the classical rational economic

consumer. This requires us to represent the sources of utility in the choice model, and

initially, we can assume that each individual de®nes utility in terms of attributes via a

common functional form.

Let Uiq be the utility of the ith alternative for the qth individual. Further assume

each utility value can be partitioned into two components: a systematic component or

`representative utility', Viq, and a random component, "iq, the latter re¯ecting unob-

served individual idiosyncrasies of tastes. Then,

Uiq � Viq � "iq: �3:3�
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Viq is subscripted q, even though we de®ne V as representative, because the levels of

attributes contained in the expansion of Viq��
PK

k�1 ÿiksikq� can and often do vary

across individuals. The ÿs are utility parameters, initially assumed to be constant

across individuals. That is, only utility parameters are independent of q (not

attribute levels). Utility parameters can be allowed to vary across the sampled

observations (as random parameters) or be expressed as a function of contextual

in¯uences such as the socioeconomic characteristics of an individual or the nature

of data being analysed (e.g., RP vs. SP). The latter adds further complexity, as out-

lined in chapter 6.

The partitioning of the utility function is used for operational reasons when popu-

lations of individuals are modelled. That is, one assumes that one part of utility is

common to all individuals while the other is individual speci®c. This is a crucial

assumption, implying that the existence of a signi®cant element of the full attribute

set is associated with homogeneous utility across the population under study. That is,

one element, Viq, is assumed homogeneous across the population in terms of the

relative importance of those attributes contained in Viq (hence ÿi, not ÿiq). Clearly,

the particular de®nition of the dimensions of Viq will depend largely on the population

studied, the ability to segment the sampled population in such a way that each segment

satis®es homogeneity of utility (see chapter 10), and the extent to which one can

measure known or assumed attributes yielding representative utility.

The systematic component is assumed to be that part of utility contributed by

attributes that can be observed by the analyst, while the random component is the

utility contributed by attributes unobserved by the analyst. This does not mean that

individuals maximise utility in a random manner; to the contrary, individuals can be

deterministic utility maximisers. Randomness arises because the analyst cannot `peep

into the head' of each individual and fully observe the set of in¯uencing factors and the

complete decision calculus; which in turn, implies that the analyst can only explain

choice up to a probability of event selection. The systematic utility maximisation

function can be thought of as a `perceived maximisation' function, because imperfect

markets should encourage individuals to try to maximise utility to levels they perceive

as maxima. This raises the interesting question of how one introduces actual levels of

attribute changes in application and adjusts them for perceptual diÿerences (equation

(1.1a) in chapter 1), given that a behavioural model is estimated on the perceived levels

of attributes describing alternatives.

The above discussion provides most of the basic concepts necessary for us to

formulate a model. In particular, we assume that individuals will try to choose an

alternative that yields them the highest utility. Hence, the empirical structure of the

utility function is critical to modelling individual choice, and represents the process

by which the attributes of alternatives and individuals' socioeconomic environments

combine to in¯uence choice probabilities, and in turn, the predictive capability of

the choice model. We will return to this topic in more detail later when we discuss

alternative speci®cations of the relationship between Viq and the attributes. For the

present, however, we concentrate on developing the general structure of an individual

choice model.
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The key assumption is that individual q will choose alternative i if and only if (iÿ )

Uiq > Ujq all j 6� i 2 A: �3:4�

From equations (3.3) and (3.4), alternative i is chosen iÿ

�Viq � "iq� > �Vjq � "jq�: �3:5�

Rearranging to place the observables and unobservables together yields:

�Viq ÿ Vjq� > �"jq ÿ "iq�: �3:6�

The analyst does not observe ("jq ÿ "iq), hence cannot determine exactly if

�Viq ÿ Vjq� > �"jq ÿ "iq�. One can only make statements about choice outcomes up

to a probability of occurrence. Thus, the analyst has to calculate the probability

that ("jq ÿ "iq) will be less than (Viq ÿ Vjq). This leads to the following equations:

Piq � P�xijs;A� � P�IBR" 2 SIBRjIBR"�s;A� � xi�; �3:7�
P�xiqjsq;A� � Piq � P�f"�s; xj� ÿ "�s; xi�g < fV�s; xi� ÿ V�s; xj�g�;

for all j 6� i: �3:8�

Equation (3.8) can be interpreted as a translation of equation (3.7) into an expression

in terms of V and ". The translation of (3.7) to (3.8) is not a straight substitution as

such, but instead takes the conceptual notion of an IBR given in (3.2) and gives it an

operational ¯avour. That is, given the assumptions that utility can be decomposed

into systematic and random components, and that individuals will choose i over j if

Ui > Uj , then IBR implies equation (3.8).

In other words, the probability that a randomly drawn individual from the sampled

population, who can be described by attributes s and choice set A, will choose xi
equals the probability that the diÿerence between the random utility of alternatives

j and i is less than the diÿerence between the systematic utility levels of alternatives i

and j for all alternatives in the choice set. The analyst does not know the actual

distribution of "�s; xj� ÿ "�s; xi� across the population, but assumes that it is related

to the choice probability according to a distribution yet to be de®ned.

The model of equation (3.8) is called a random utility model (RUM). Unlike the

traditional economic model of consumer demand, we introduced a more complex but

realistic assumption about individual behaviour to account for the analyst's inability

to fully represent all variables that explain preferences in the utility function.

Thus far we have speci®ed the theoretical relationship between the selection of an

alternative and the sources of utility that in¯uence that selection, but have made no

assumptions about the distribution of the elements of utility across the population. In

order to begin relating the random utility model represented by equation (3.8) to a

useful statistical speci®cation for empirical applications, two fundamental probability

concepts must be understood: the distribution function, particularly the cumulative

form, and the joint density function. We discuss these concepts next, which will allow

us to specify the structure of a random utility model that can be used in empirical
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applications. Intuitively, there is a utility space and an IBR, which implies that we

must formulate the model in an n-dimensional space.

3.3.1 A brief introduction to the properties of statistical distributions

Consider a continuous random variable Z, and de®ne the function F�Z� to be such

that F�a� is the probability that Z takes on a value � a (i.e., F(a) � P(Z � a)). We call

F�Z� a cumulative distribution function (CDF), because it cumulates the probability of

Z up to the value a. It is monotonically increasing over all values of Z. If we limit

ourselves to cases where the CDF is continuous, the derivative of F�Z� is given by

F 0�Z� �or @F=@Z� � f �Z�, which is called the probability density function (PDF)

of the random variable Z. An example of a CDF and its associated PDF is given in

®gure 3.1.

The probability that Z falls between any two points, say a and b, is simply the area

under f between the points a and b. This can be calculated by the formula

P�a � Z � b� �
�b
a

f �z� dz;

where z is a dummy variable of integration. From this, the probability that Z � a (our

de®nition of the CDF F(a)) is given by:

F�a� �
�a
ÿ1

f �z� dz:

Extending these ideas to the case of n random variables Z1;Z2; . . .Zn; the probability

that Z1 � a1, Z2 � a2; . . . ;Zn � an simultaneously (i.e., jointly) is equal to:

F�a1; a2; . . . ; an� �
�a1
ÿ1

�a2
ÿ1

. . .

�an
ÿ1

f �z1; z2; . . . ; zn� dz1; dz2; . . . ; dzn:

F�a1; a2; . . . ; an� is the joint CDF and f �z1; z2; : . . . ; zn� is the joint PDF for the random

variables z1; z2; . . . ; zn.

Finally, given the joint PDF of n random variables, we can calculate the joint

marginal PDF of any subset of k of these random variables by integrating out
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(from ÿ1 to ÿ1) the other nÿ k variables. For example, the joint marginal PDF of

Z1 and Z2 is given by�1
ÿ1

. . .

�1
ÿ1

f �z1; z2; . . . ; zn� dz3; dz4; . . . ; dzn;

which leaves the joint marginal density (PDF) of Z1 and Z2 because all other variables

were integrated out. Furthermore, the joint marginal CDF of Z1 and Z2 is given by:�a1
ÿ1

�a2
ÿ1

�1
ÿ1

. . .

�1
ÿ1

f �z1; z2; zn� dz1; dz2; . . . ; dzn:

This result obtains because we integrated the joint marginal PDF of Z1, and Z2 over

Z1 and Z2 from ÿ1 to a1 and a2 respectively. In other words, the joint marginal CDF

of Z1 and Z2 can be interpreted as F�a1; a2;1;1; . . . ;1�. A more detailed discussion

of this can be found in standard textbooks on mathematical statistics or econometrics

(e.g., Greene 1999).

3.3.2 Specifying the choice problem as a distribution of behavioural
responses

We can specify the structure of the choice model in more detail, but ®rst we brie¯y

recap the goal of choice modelling to make the distributional and density assumptions

more meaningful and apparent. Speci®cally, the goal of a choice model is to estimate

the signi®cance of the determinants of V�s; x� in equation (3.8). For each individual q,

the analyst observes an ordering (see next paragraph) of the alternatives, and from

them infers the in¯uence of various attributes in the utility expression V�s; x�, which
is represented more compactly as Vjq. Speci®cation of the functional form of Vjq in

terms of attributes (i.e., the relationship between decision attributes and observed

choices) must be determined insofar as this will in¯uence the signi®cance of

attributes. However, there is little loss of generality in assuming a linear, additive

form. A linear, additive form represents the composition rule that maps the multi-

dimensional attribute vector into a unidimensional overall utility of the form

Vjq � ÿ1j f1�s1jq� � � � � � ÿkj fk�skjq�.
The attributes can enter in strictly linear form, as logarithms, as various powers, as

well as a variety of other forms. The term `linear' means linear in the parameters. The

linear additive assumption is testable and can be replaced with more complex non-

linear functional forms. For consistency and expositional clarity, however, we

continue to use Vjq rather than the expression in terms of attributes.

The procedure developed for the basic choice model requires the analyst to observe

only the individual's choice and the de®ned choice set, not the rank order of all

alternatives. Alternatively, one could observe a complete or partial ranking of alter-

natives, but the reliability of such information is questionable if alternatives are

not frequently used (as discussed in chapter 2). This ranking procedure yields more

information from a given individual (by `exploding' the data), resulting in multiple
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observations per individual, but this comes at the expense of (possible) violation of the

underlying properties of the basic choice model (see chapter 6).

The next step is to specify a probability model for the observed data as a function of

the parameters associated with each attribute, and apply probabilistic assumptions

that permit adequate statistical tests. A statistical estimation technique is required to

obtain estimates of the parameters associated with attributes. The approach we use to

estimate the parameters of the basic choice model is called `maximum likelihood

estimation' (MLE). MLE is outlined in section 3.5 and in appendix A to this chapter,

but brie¯y, the maximum likelihood estimates are obtained by maximising a probabil-

istic function with respect to the parameters or utility parameters.

In summary, therefore, choice model development proceeds in a series of logical

steps:

1. First we assume that an individual q will select alternative i iÿ Uiq is greater than

the level of utility associated with any other alternative in the choice set (equation

(3.4)).

2. Second, we (or rather, computers) calculate the probability that the individual

would rank alternative i higher than any other alternative j in the choice set,

conditional on knowing Vjq for all j alternatives in the individual's choice set.

Assuming that the known value of Vjq is vj, then equation (3.8) can be expressed as

Piq � P�Uiq > UjqjVjq � vj; j 2 Aq� 8 j 6� i: �3:9�
Equation (3.9) is a statement about the probability that the unobserved random

elements, the "iqs, take on a speci®c relationship with respect to the quantities of

interest, the Vjqs. Once an assumption is made about the joint distribution of the

"jqs, and the Vjqs are speci®ed in terms of their utility parameters and attributes, we

can apply the method of maximum likelihood estimation to estimate the empirical

magnitude of the utility parameters.

Let us rearrange equation (3.8) to express the right-hand side in terms of the

relationship between "jq and the other elements:

Piq � P�"jq < Viq ÿ Vjq � "iq; 8 j 2 Aq; j 6� i�:
For a particular alternative, i, we need to identify the level of "i. Because "i has a

distribution of values in the sampled population, we denote all possible values of "iq by

b` (` � 1; . . . ; r), and initially assume some discrete distribution (i.e., a limited number

of levels of "iq). Then

Piq � P�"iq � b`; "jq < Viq ÿ Vjq � b`; 8 j 2 Aq; j 6� i��b` � b1; b2; . . . ; br�:
�3:10�

Equation (3.10) can be expanded:

Piq � P�"iq � b1; and "jq < Viq ÿ Vjq � b1; 8 j 2 Aq; j 6� i�
� P�"iq � b2 and "jq < Viq ÿ Vjq � b2; 8 j 2 Aq; j 6� i� � � � �
� P�"iq � br and "jq < Viq ÿ Vjq � br; 8 j 2 Aq; j 6� i�:
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Alternatively,

Piq � P�"iq � b1��P�"iq < Viq ÿ Vjq � b1; 8 j 2 Aq; j 6� i�� � � � �
� P�"iq � br��P�"jq < Viq ÿ Vjq � br; 8 j 2 Aq; j 6� i��;

or

Piq �
Xr

`�1

�"iq � b`��P�"jq < Viq ÿ Vjq � b`�; 8 j 2 Aq; j 6� i�: �3:11�

Equation (3.11) can be modi®ed further by assuming a continuous distribution of b`s

(with a range of ÿ1 to �1), giving equation (3.12):

Piq �
X1
g�1

P�"iq � bg��bg�P�"jq < Viq ÿ Vjq � bg�; 8 j 2 Aq; j 6� i�: �3:12�

Thus, in the limit, as �bg ! 0,

lim
�b!0

Piq �
�1
ÿ1

P�"iq � bg��P�"jq < Viq ÿ Vjq � bg�; 8 j 2 Aq; j 6� i�: �3:13�

Equation (3.13) is a general expression for the relationship between a selection

probability and the attributes of the alternatives in the choice set for a utility

maximising consumer under the assumed condition of random utility (i.e., randomness

due to the information gap between utility maximisers and analysts). This equation

constitutes a general expression for a choice model. Several additional assumptions

are required to convert equation (3.13) to an operational model. The remainder of

this chapter introduces assumptions that permit a very simple (or basic) operational

model. Later chapters introduce further assumptions that result in more complex,

albeit more behaviourally appealing, models.

3.4 The basic choice model Ð a particular model
formulation

To make the individual choice model operationally tractable, a number of axioms

have been developed to condition the interpretation placed on the empirically identi®-

able selection probabilities. That is, in practice one speci®es formulae for the selection

probabilities, and then determines whether these formulae could be obtained via

equation (3.13) from some distribution of utility-maximising consumers. Thus, a

de®ned parametric speci®cation associated with a particular operational model used

to obtain selection probabilities does not have a strict choice theoretic foundation.

The main selection probability axiom used to develop a simple operational model is

known as the Independence-from-Irrelevant Alternatives (IIA) axiom. This states that

the ratio of the probabilities of choosing one alternative over another (given that both

alternatives have a non-zero probability of choice) is unaÿected by the presence or

absence of any additional alternatives in the choice set.
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This condition is both a strength and weakness of a choice model: its strength is

that it provides a computationally convenient choice model, and permits introduction

and/or elimination of alternatives in choice sets without re-estimation. Its weakness is

that the observed and unobserved attributes of utility may not be independent of one

another, and/or if the unobserved components of utility are correlated among alter-

natives, this leads to biased utility parameters and added errors in forecasts.

Satisfaction of the IIA condition, however, should not be of general concern because

the independence assumption is a priori neither desirable nor undesirable, but should

be accepted or rejected on empirical grounds depending on the circumstances. A series

of tests to identify potential violation of IIA are presented in Chapter 6.

McFadden (1974) introduced two additional assumptions for completeness:

1. Positivity: Given the chooser's socioeconomic characteristics and the alternatives

in the choice set, the probability that a particular alternative is chosen must be

greater than zero for all possible alternative sets A, vectors of measured attributes

s, and x 2 A.

2. Irrelevance of alternative set eÿect: This holds that without replications on each

individual it is not possible to identify an `alternative choice set eÿect' (z). Thus,

another restriction must be introduced to isolate the `choice alternative eÿect'.

In particular, we assume that V�s; x; z� � V�s; x� ÿ V�s; z�. That is, the function

V�s; x; z� used to determine selection probabilities has an additive separable form. The

latter assumption should be innocuous if the model is limited to situations in which the

alternatives can plausibly be assumed to be distinct and weighed independently by each

decision maker, and there is one set of alternatives across replications (i.e., the present

choice alternatives). If these conditions obtain, the selection probabilities can be calcu-

lated with some degree of con®dence, but this does not guarantee that any particular

selection probability structure conforms precisely to the choice theory.

The IIA property implies that the random elements in utility (i.e., "j s) are indepen-

dent across alternatives and are identically distributed. There are many statistical

distributions available, but the one used extensively in discrete-choice modelling is

the extreme value type 1 (EV1) distribution. Historically this distribution has been

referred to by a number of names, including Weibull, Gumbel and double-exponential.

The mean and variance of this distribution are derived in chapter 6 as a natural

prelude to a range of models that relax some of the strict assumptions of the basic

MNL model. The task we now face is to use the selected distribution as the mechanism

for translating the unobserved random index associated with each alternative into an

operational component of the probability expression. This component can then be

integrated out of the model to arrive at a choice model in which the only unknowns are

utility parameters associated with each attribute in the observed component of the

random utility expression.

The structural solution for the basic choice model can be derived by starting with a

de®nition of the EV1 distribution in terms of "j s, given in equation (3.14):

P�"j � "� � exp�ÿ expÿ"� � eÿeÿ"

: �3:14�
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Recall that equation (3.8) indicated that

Piq � P��"jq ÿ "iq� < �Viq ÿ Vjq�� for all j 6� i; j � 1; . . . ; J; q � 1; . . . ;Q:

�3:15�
Rearranging equation (3.15) to re¯ect the condition in equation (3.14), and dropping

the subscript q to clarify the exposition with no loss of information, yields equation

(3.16). This is a respeci®cation of the left-hand side of equation (3.14):

Pi � P�"j < �"i � Vi ÿ Vj��; assuming that Uj 6� Ui �hence < not ��:
�3:16�

Because each "j is assumed to be independently distributed, the probability of choos-

ing alternative i, Pi, may be written as the product of J ÿ 1 terms speci®ed using (3.14)

as follows for some given value of "i (say b):

Pi � P�"j < �b� Vi ÿ Vj� for all j 6� i� �
YJ
j�1

exp�ÿ expÿ�b� Vi ÿ Vj��:

�3:17�
This simpli®es to

exp�ÿb� exp ÿ
XJ
j�1

expÿ�b� Vi ÿ Vj�
" #

: �3:18�

Thus, analogous to equation (3.13), the probability of choosing a particular alterna-

tive i, can be calculated by integrating the probability density function (3.18) over all

possible values of ":

Pi �
�b�1

b�ÿ1
exp�ÿb� exp ÿ

XJ
j�1

expÿ�b� Vi ÿ Vj�
" #

db: �3:19�

To obtain the ®nal result, we rearrange equation (3.19) to separate out elements

containing b, as follows:

Pi �
�b�1

b�ÿ1
exp�ÿb� exp ÿ exp�ÿb�

XJ
j�1

exp�Vj ÿ Vi�
" #( )

db: �3:20�

We integrate equation (3.20) which has a de®nite integral from ÿ1 to �1, which is

not straightforward to do in this form. Thus, we apply a transformation of variables

by replacing exp(ÿb) with z, noting that z does not replace b but the exponential of the

negative of b. Thus b � ÿ ln z. The expression to be integrated then becomes:

z exp�ÿza�;
where

a �
XJ
j�1

exp�Vj ÿ Vi�;
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which is a constant containing only Vs. However, because the integration in equation

(3.20) is over the random utility space with respect to db, not d(exp (ÿb)), then a

transformation has to occur to replace db with dz. Because exp(ÿb) � z implies that

b � ÿ ln z, we can replace db by ÿ�1=z� dz in (3.20). This requires a change to the

limits of integration because db is now ÿ�1=z� dz. Note that z � 1 when b � ÿ1
(from z � exp (ÿ (ÿ1))) and z � 0 when b � 1. Hence, equation (3.20) now can be

rewritten in terms of z as:

Pi �
�0
1
z exp�ÿza��ÿ1=z� dz: �3:21�

Simplifying and reversing the order of integration (the latter simply changes the sign),

yields:

Pi �
�1
0

exp�ÿza�� dz: �3:22�

This is a more conventional form of a de®nite integral, so now we can integrate

Pi � ÿ exp�ÿza�=aj10 :

Note that
�
exp�ÿaz� � ÿ exp�ÿaz�=a, and that when z � 1, exp�ÿ1� � 0; when

z � 0, exp�0� � 1. Thus,

Pi � ÿ 1

a
�0ÿ 1�

� �
� 1

a
where a �

XJ
j�1

exp�Vj ÿ Vi�: �3:23�

Equation (3.23) can be rearranged to obtain:

Pi �
1XJ

j�1

expÿ�Vi ÿ Vj�
: �3:24�

Equation (3.24) is the basic choice model consistent with the assumptions outlined

above, and is called the conditional logit choice or multinomial logit (MNL) model. In

the remaining sections of this chapter the procedure for estimating the MNL model is

outlined, important estimation outputs are identi®ed and a simple empirical example is

used to illustrate a complete framework for a basic choice model. The remaining

chapters in the book use the basic model as the starting position for more detailed

discussions of a wide range of issues, including alternative assumptions on the co-

variance structure of the matrix of unobserved in¯uences across the choice set.

3.5 Statistical estimation procedure

We now discuss estimation of the utility parameters of the utility expressions in

equation (3.24). There are several alternative statistical approaches to estimating the

parameters of choice models. Our objective in this chapter is to discuss maximum
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likelihood estimation (MLE), which is the most commonly used estimation method. To

accomplish our purpose, we develop the general concept of MLE and then apply it to

the speci®c case of the MNL model.

3.5.1 Maximum likelihood estimation

The method of maximum likelihood is based on the idea that a given sample could be

generated by diÿerent populations, and is more likely to come from one population

than another. Thus, the maximum likelihood estimates are that set of population

parameters that generate the observed sample most often. To illustrate this principle,

suppose that we have a random sample of n observations of some random variable Z

denoted by (z1; . . . ; zn) drawn from a population characterised by an unknown

parameter � (which may be a mean, a variance, etc.).

Z is a random variable, hence it has an associated probability density function

(PDF) which can be written f �Zj��. This implies that the probability distribution of

Z depends upon the value of � � f �Zj���. This is read as `a function of Z given some

value for � '. If all the n values of Z in the sample are independent, the joint (condi-

tional) probability density function (PDF) of the sample can be written as follows:

f �z1; z2; . . . ; znj�� � f �z1j�� f �z2j��; . . . ; f �znj��: �3:25�
The Zs are considered variable for a ®xed value of � in the usual interpretation of

this joint PDF. However, if the Zs are ®xed and � is variable, equation (3.25) can be

interpreted as a likelihood function instead of a joint PDF. In the present case, there is

a single sample of Zs; hence, treating the Zs as ®xed seems reasonable. Maximising

equation (3.25) with respect to � (allowing � to vary) yields an estimate of � that

maximises equation (3.25). This latter estimate is called the maximum likelihood

estimate of �. In other words, it is that value of � (i.e., characteristic of the population)

which is most likely to have generated the sample of observed Zs.

The concept of maximum likelihood can be extended easily to situations in which a

population is characterised by more than a single parameter �. For example, if the Zs

above follow a normal probability distribution, without additional knowledge we

know that the population is characterised by a mean (�) and a variance (�2). If � is

de®ned as a 2-dimensional vector of elements (�; �2) instead of a single parameter, the

likelihood function of the sample may be written in the same form of equation (3.25),

and maximised with respect to the vector �. The parameter values that maximise

equation (3.25) are the MLEs of the elements of the vector �.

A likelihood function is maximised in exactly the same way as any function is

maximised. That is, the MLE estimates of � are those values at which @L=@�i � 0

(i indexes the elements of � and L denotes the likelihood function). Often, it is math-

ematically simpler to work with the (natural) logarithm of the likelihood function

because the MLEs of � are invariant to monotonically increasing transformations of

L. Hence, we seek those values of � which maximise lnL � L* (i.e., those values of

�i for which @L*=@�i � 0). For completeness one should check the second-order

conditions for a maximum; but to avoid complication at this point we will assume
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that L (or L*) is such that the maximum exists and is unique. McFadden (1976)

proved that a unique maximum exists for the basic MNL model except under special

conditions unlikely to be encountered in practice. Further details of MLE are given in

appendix A to this chapter.

3.5.2 Maximum likelihood estimation of the MNL choice model

We are now ready to discuss estimation of the parameters of the basic MNL choice

model developed in the last section. Recall that the probability of individual q

choosing alternative i can be written as the following closed-form MNL model

(equation 3.24):

Piq � exp�Viq�
,XJ

j�1

exp�Vjq�:

Recall that the Vjq are assumed to be linear, additive functions in the attributes (Xs)

which determine the utility of the jth alternative. That is, let Vjq be written as:

Vjq �
XK
k�1

ÿjkXjkq: �3:26�

It is possible, for a given j, to set one of the Xs (say Xjlq) equal to 1 for all q. In this

case, the utility parameter ÿj1 is interpreted as an alternative-speci®c constant for

alternative j. However, we cannot specify such constants for all Vj because this

would result in a perfectly collinear set of measures, such that no estimator can be

obtained for any ÿs. Thus, we may specify at most (J ÿ 1) alternative-speci®c con-

stants in any particular MNL model. As for the other Xs in equation (3.26), if an

element of Xjk appears in the utility expression (Vjq) for all J alternatives, such a

variable is termed generic, and ÿjk may be replaced by ÿk (i.e., the utility parameter

of Xjk is the same for all j ). On the other hand, if an element of Xjk appears only in the

utility expression for one alternative, say Vjq, it is called alternative-speci®c. For the

moment we will continue to use the notation of equation (3.26), which implies alter-

native-speci®c variables because a generic variable basically is a restriction on this

more general form (i.e., we impose equality of utility parameters). We will have

more to say on this matter later.

Suppose we obtain a random sample of Q individuals, and for each individual we

observe the choice actually made and the values of Xjkq for all alternatives. Given that

individual q was observed to choose alternative i, the PDF for that observed data

point is f �Dataqjÿ�, where Dataq is the observed data for individual q and ÿ is the

vector of utility parameters contained in the functions Vjq. This PDF can be repre-

sented simply by Piq in equation (3.24). Thus, if all observations are independent, we

can write the likelihood function for the sample by replacing f �Dataqjÿ� by the

expression for the probability of the alternative actually chosen by individual q. It

therefore follows that if we order our observations such that the ®rst n1 individuals
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were observed to choose alternative 1, the next n2 to choose alternative 2, etc., the

likelihood function of our sample may be written as follows:

L �
Yn1
q�1

Plq:
Yn1�n2

q�n1�1

P2q; . . . ;
YQ

q�QÿnJ�1

PJq: �3:27�

The expression for L can be simpli®ed somewhat by de®ning a dummy variable fjq,

such that fjq � 1 if alternative j is chosen and fjq � 0 otherwise. The latter simpli®ca-

tion allows us to rewrite equation (3.27) as follows:

L �
YQ
q�1

YJ
j�1

P
fjq
jq : �3:28�

We can con®rm that equation (3.28) is the same as (3.27) by examining a few observa-

tions. First, consider one of the n1 observations in which the individual chose alter-

native 1. Piq should appear in L for that value of q. For that q in equation (3.28)

we multiply the terms P
fjq
jq over j. The ®rst term will be P1

1q because alternative 1

was chosen, hence f1p � 1. The next (and all subsequent terms) will be

P0
2q � 1�P0

jq � 1� because f2q; . . . ; fJq will be zero since alternative 1 was not chosen.

For one of the n2 individuals who chose alternative 2, f2q � 1 and all other fjq � 0;

hence, only P2q enters equation (3.28) for that observation. Thus, equation (3.28) is

exactly the same as equation (3.27).

Now, given L in equation (3.28), the log likelihood function L* can be written as

L* �
XQ
q�1

XJ
j�1

fjq lnPjq: �3:29�

Replacing Pjq in equation (3.29) by the expression (3.24) yields an equation that is a

function only of the unknown ÿs contained in the expression Vjq because all other

quantities in equation (3.28) are known (the Xs and fjqs). L* can then be maximised

with respect to the ÿs in the usual manner (see appendix A to this chapter). The

estimates that result are the MLEs for the model's utility parameters. The set of

®rst-order conditions necessary to maximise L* can be derived (see appendix A),

but are not particularly useful at this point because our objective is to understand

the basic estimation methodology.

We conclude our discussion of maximum likelihood estimation of the parameters of

the MNL model by noting that equation (3.29) should be maximised with respect

to the utility parameters (ÿs) using some non-linear maximisation algorithm. Such

algorithms are usually iterative, and typically require the analyst to provide an initial

guess for the values of ÿ. These `guessed' values are used in equation (3.26) to calculate

the Vjqs, which are inserted in equation (3.24) to calculate the Piqs. Then they are used

in equation (3.29) to calculate a starting value of L*.

The standard procedure is to use some search criterion to ®nd `better' values of the

ÿs to use in equation (3.26), such that the value of L* in equation (3.29) increases.

Such iterative procedures continue until some (predetermined) level of tolerance is
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reached; for example, either L* increases by an amount less than a given tolerance

and/or the ÿs change by less than some predetermined amount (see appendix A formore

details). Severalmethods are used to search for the optimal value of eachÿ; Goldfeld and

Quandt (1972) and Greene (1999) provide an excellent survey of many of the methods.

3.6 Model outputs

Having covered the basics of maximum likelihood estimation of the utility parameters

of the MNL choice model in the previous section, we now discuss the various results

which can be obtained as a consequence of the application of such a procedure. These

include the following: (1) estimated ÿs and their asymptotic t-values, (2) measures of

goodness of ®t for the model as a whole and (3) estimated elasticities of choice

with respect to the various attributes (Xs) for both individuals and aggregates of

individuals.

3.6.1 Estimation of utility parameters

An estimate of ÿjk (say ÿ̂jk) can be interpreted as an estimate of the weight of attribute

k in the utility expression Vj of alternative j. Given estimates of the ÿs, an estimate

of Viq (say V̂iq) can be calculated by taking the ÿs and the Xs for individual q and

alternative i and using equation (3.26). The resulting V̂iq can be interpreted as an

estimate of the (relative) utility Uiq of alternative i to individual q. Analysts can

evaluate generic and alternative-speci®c speci®cations for an attribute that exists in

more than one utility expression across the choice set.

3.6.2 Statistical significance of utility parameters

Most empirical applications require the ability to statistically test whether a particular

ÿ̂jk is signi®cantly diÿerent from zero or some other hypothesised value. That is, we

require a choice model analogue to the types of statistical tests performed on ordinary

least squares regression weights (e.g., t-tests). Fortunately, the MLE method provides

such capability if the asymptotic property of the method is satis®ed; that is, strictly

speaking, the tests are valid only in very large samples. The tests require the matrix of

second partial derivatives of L (or L*) with respect to the ÿs. The negative of the

inverse of this matrix evaluated at the estimated values is the estimated asymptotic

variance±covariance matrix for the MLEs. The square roots of the diagonal elements

can be treated as estimates of the asymptotic standard errors.

If you are unfamiliar with matrix algebra, it is important that you at least under-

stand that the maximum likelihood procedure permits you to calculate asymptotic

standard errors for the ÿ̂s in the MNL model and use these to test the statistical

signi®cance of individual ÿs using asymptotic t-tests. The appropriate standard errors

and t-statistics normally are produced as part of the output of any MNL computer

program. Typically, analysts will seek out mean utility parameters which have
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su�ciently small standard errors (think of this as the variation around the mean) so

that the mean estimate is a good representation of the in¯uence of the particular

attribute in explaining the level of relative utility associated with each alternative.

The ratio of the mean parameter to its standard error is the t-value (desirably 1.96

or higher so that one can have 95 per cent or greater con®dence that the mean is

statistically signi®cantly diÿerent from zero). Practitioners often accept t-values as low

as 1.6, although this is stretching the usefulness of a mean estimate. It suggests a

number of speci®cation improvements, such as segmentation, to enable an attribute

to have a diÿerent mean and smaller standard error within each segment compared to

the whole sample or more aggregate segments.

There are many other possible reasons why an attribute may not be statistically

signi®cant. These include presence of outliers on some observations (i.e., very large or

small values of an attribute which lie outside the range of most of the observations),

missing or erroneous data (often set to zero, blank, 999 or ÿ999), non-normality in the

attributes distribution which limits the usefulness of t-statistics in establishing levels of

statistical signi®cance, and of course the fact that the attribute simply is not an

important in¯uence of the choice under study.

3.6.3 Overall goodness-of-fit tests

At this point, it is useful to consider the following statement by Frisch about statistical

tests, made almost forty years ago.

Mathematical tests of signi®cance, con®dence intervals etc. are highly useful

concepts . . . All these concepts are, however, of relative merit only. They have

a clearly de®ned meaning only within the narrow con®nes of the model in

question . . . As we dig into the foundation of any economic . . . model we will

always ®nd a line of demarcation which we cannot transgress unless we

introduce another type of test of Signi®cance (this time written with a capital

S), a test of the applicability of the model itself ... Something of relevance for

this question can, of course, be deduced from mathematical tests properly

interpreted, but no such test can ever do anything more than just push the

®nal question one step further back. The ®nal, the highest level of test can

never be formulated in mathematical terms. (Frisch 1951: 9±10)

Frish's quote reminds us of the relative role of statistical tests of model signi®cance.

That is, all too often statistical measures are used as the dominant criteria for accep-

tance or rejection of a particular model. Analyst judgement about overall model

validity should have the ultimate decision power during model development, as a

function of the analyst's experience. Nevertheless, there are a number of statistical

measures of model validity that can assist assessment of an empirically estimated

individual-choice model. This section describes some of the key measures.

To determine how well the basic MNL model ®ts a given set of data, we would like

to compare the predicted dependent (or endogenous) variable with the observed

dependent variable relative to some useful criterion. Horowitz and Louviere (1993)
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(HL) provide a test that allows one to evaluate predicted probabilities against a vector

of observed discrete-choices. It can be used to evaluate the out-of-sample ®t of any

MNL model by taking repeated samples of the data.

The HL test is a test of process equivalence in that it takes an estimated model and

associated variance±covariance matrix of the estimated parameters and uses the model

to forecast the expected probabilities. The forecast probabilities are then regressed

against the 1, 0 observed choices using a modi®ed regression based on the variance±

covariance matrix, which takes the sampling and estimation errors into account. The

null is that the predicted probabilities are proportional to the observed 1, 0 choice

data. This test loses no power from aggregation and can be used to compare models

across full data sets and holdout samples (and a second data source).

3.6.3.1 The likelihood ratio test

The log likelihood function evaluated at the mean of the estimated utility parameters is

a useful criterion for assessing overall goodness-of-®t when the maximum likelihood

estimation method is used to estimate the utility parameters of the MNL model. This

function is used to test the contribution of particular (sub)sets of variables. The

procedure is known as the likelihood ratio test (LR). To test the signi®cance of the

MNL model in large samples, a generalised likelihood ratio test is used. The null

hypothesis is that the probability Pi of an individual choosing alternative i is indepen-

dent of the value of the parameters in the MNL function (equation 3.24). If this

hypothesis is retained, we infer that the utility parameters are zero; that is, analogous

to an overall F-test in OLS regression, the null is that all ÿs in equation (3.26) are zero

(except alternative-speci®c constants). Similar to the case of testing the signi®cance of

R2 in OLS regression, the hypothesis of independence is almost always rejected for a

speci®c model. Thus, the usefulness of the likelihood ratio test is its ability to test if

subsets of the ÿs are signi®cant. The generalised likelihood ratio criterion has the

following form:

L* � maxL�!�=maxL�ÿ�; �3:30�
where L* is the likelihood ratio, max L(!) is the maximum of the likelihood function

in which M elements of the parameter space are constrained by the null hypothesis.

For example, in testing the signi®cance of a set of ÿs in the MNL model, L(!) is the

maximum with these ÿs set equal to zero (constrained) and max L(!) is the uncon-

strained maximum of the likelihood function. Wilks (1962) shows that ÿ2 lnL* is

approximately chi-square distributed with M degrees of freedom for large samples if

the null hypothesis is true. Therefore, one maximises L for the full MNL model, and

subsequently for the model withM ÿs set to zero (i.e., some Xs are removed). The next

step is to calculate L* and see if the quantity ÿ2 lnL* is greater than the critical value

of �2
M from some preselected signi®cance level (e.g., � � 0:05�: (lnL* is the diÿerence

between two log likelihoods.) If the calculated value of chi-square exceeds the critical

value for the speci®ed level of con®dence, one rejects the null hypothesis that the

particular subset of ÿs being tested are equal to zero.
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The likelihood ratio test can be used to compare a set of nested models. A common

comparison is between a model in which an attribute has a generic taste weight

across all alternatives and a model in which alternative-speci®c utility parameters

are imposed. For example, if there are four alternatives then we compare the overall

in¯uence of one generic taste weight versus four alternative-speci®c utility parameters.

Thus, after estimating two models with the same data, we can compare the log like-

lihood (at convergence) for each model and calculate the likelihood ratio as ÿ2 lnL*.

This can be compared to the critical value for three degrees of freedom (i.e., three extra

d.f.s for the alternative speci®c variable model compared to the generic model) using a

chi-squared test at, say, 5 per cent signi®cance. If the calculated value is greater than

the critical value we can reject the null hypothesis of no statistically signi®cant diÿer-

ence at 5 per cent signi®cance. If the calculated value is less than the critical value then

we cannot reject the null hypothesis.

The likelihood function L for the basic MNL choice model takes on values between

zero and one because L is the product of Q probabilities, and therefore, the log like-

lihood function L* will always be negative. Let us de®ne L*�ÿ̂� as the maximised value

of the log likelihood and L*(0) as the value of the log likelihood evaluated such that

the probability of choosing the ith alternative is exactly equal to the observed aggre-

gate share in the sample of the ith alternative (call this Si). In other words, let

L*�0� �
XQ
q�1

XJ
j�1

fjq lnSi: �3:31�

Clearly, L* will be larger if evaluated at ÿ̂ than if the explanatory variables (Xs) are

ignored, as in equation (3.31). Intuitively, the higher the explanatory power of the Xs,

the larger L*�ÿ̂� will be in comparison to L*(0). We use this notion to calculate a

likelihood-ratio index that can be used to measure the goodness-of-®t of the MNL

model, analogous to R2 in ordinary regression. To do this we calculate the statistic

�2 � 1ÿ �L*�ÿ̂�=L*�0��: �3:32�
We noted that L*�ÿ̂� will be larger than L*(0), but in the case of the MNL model

this implies a smaller negative number, such that L*�ÿ̂�=L*�0� must lie between zero

and one. The smaller this ratio, the better the statistical ®t of the model (i.e., the

greater the explanatory power of the Xs relative to an aggregate, constant-share pre-

diction); and hence, the larger is the quantity 1 minus this ratio. Thus, we use �2 (rho-

squared) as a type of pseudo-R2 to measure the goodness-of-®t of the MNL model.

Values of �2 between 0.2 and 0.4 are considered to be indicative of extremely good

model ®ts. Simulations by Domencich and McFadden (1975) equivalenced this range

to 0.7 to 0.9 for a linear function. Analysts should not expect to obtain �2 values as

high as the R2s commonly obtained in many stated choice ordinary least squares

regression applications.

Some MNL computer programs compute �2 not on the basis of L*(0) assuming that

Pi is equal to Si, the sample aggregate share, but rather under the assumption of equal

aggregate shares for all alternatives (e.g., if J � 3, Si � 1=3 in equation (3.31)). Our
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de®nition of �2 is preferable to the latter because the Q observations allow us to

calculate the share of each alternative in the sample, which is the best estimate of Pi

in the absence of a choice model that can improve the predictions.

We can improve on �2 in equation (3.32) by adjusting it for degrees of freedom, an

adjustment that is useful if we want to compare diÿerent models. The corrected �2,

given by �� 2 (rho-bar squared) is1

�� 2 � 1ÿ
L*�ÿ̂�

�XQ
q�1

�Jq ÿ 1� ÿ K

L*�0�
�XQ

q�1

�Jq ÿ 1�
�3:33�

where Jq refers to the number of alternatives faced by individual q, and K is the total

number of variables (Xs) in the model. As an aside, note that prior to (3.33) J has been

assumed to be the same for all Q individuals, which need not be the case.

The likelihood ratio (LR) test is an appropriate test for an exogenous sample. If we

had selected a choice-based sample (Ben-Akiva and Lerman 1985, Cosslett 1981) in

order to increase the number of observations of relatively less frequently chosen

alternatives and decrease the incidence of more frequently chosen alternatives, then

the LR test is not valid since the LR test statistic does not have a chi-square dis-

tribution under non-random sampling schemes. Rather it is distributed as a

weighted average of chi-square variates with one degree of freedom. In this case a

Lagrange multiplier (LM) test would be preferred since it handles both choice-

based and exogenous samples. The LM test statistic is part of the output of most

estimation packages, just as the LR test is. A choice-based sample test is given in

chapter 6.

3.6.3.2 Prediction success

Tests of prediction success have been developed which involve a comparison of the

summed probabilities from the models (i.e., expected number choosing a particular

alternative) with the observed behaviour for the sample. However, it is possible that a

model might predict well with respect to the estimation sample, but poorly predict the

outcome of policy changes de®ned in terms of movements in one or more of the

model variables. The best test of predictive strength is a before-and-after (i.e., external

validity) assessment procedure.

McFadden (1979) synthesised prediction tests into a prediction success table. Each

entry (Nij) in the central matrix of the table gives the expected number of individuals

who are observed to choose i and predicted to choose j. Alternatively, it is the prob-

ability of individual q selecting alternative j summed over all individuals who actually
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select alternative i. Thus

Nij �
XQ
q�1

fiqPjq �
XQ
q�1

Pq� jjAq�; �3:34�

where fiq equals one if i is chosen, zero otherwise. (Note that the last term in (3.34)

only applies if choice responses are of the 1, 0 form. For aggregate choice frequencies

such as proportions and total sample frequencies, the methods in appendix B to this

chapter should be used.) Aq is the set of alternatives out of which individual q chooses,

and Qi is the set of individuals in the sample who actually choose alternative i. Column

sums (predicted count) are equal to

X
i2Aq

X
q2Qi

Pq� jjAq�
" #

�
XQ
q�1

Pq� jjAq� � N: j �3:35�

and are used to calculate predicted shares. Row sums (observed counts) are equal to

X
q2Qi

X
j2Aq

Pq� jjAq�
2
4

3
5 �

X
q2Qi

1 � N: i �3:36�

and are used to calculate observed shares. Nii=N: i indicates the proportion of the

predicted count (i.e., individuals expected to choose an alternative) who actually

choose that alternative. �N11 � � � � �NJJ�=N:: gives the overall proportion successfully

predicted.

To interpret the percentage correctly predicted, it is useful to compare it to the

percentage correct that should be obtained by chance. Any model which assigns the

same probability of choosing an alternative to all individuals in the sample would

obtain a percentage correct for each alternative equal to the actual share for that

alternative. The prediction success index is an appropriate goodness-of-®t measure

to account for the fact that the proportion successfully predicted for an alternative

varies with the aggregate share of that alternative. This index may be written as

�i �
Nii

N:i

ÿN:i

N::

; �3:37�

where Nii=N:i is the proportion of individuals expected to choose an alternative who

actually choose that alternative, and N:i=N:: is the proportion who would be success-

fully predicted if the choice probabilities for each sampled individual were assumed to

equal the predicted aggregate share. Hence, if �i is equal to zero, a model does not

predict alternative i better than the market-share hypothesis.

An overall prediction success index can be calculated by summing the �is over the J

alternatives, weighting each �i by N:i=N::. This may be written as

� �
XJ
i�1

�N:i=N::��i: �3:38�
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We can expand equation (3.38) as follows:

� �
XJ
i�1

�N:i=N::�
Nii

N:i

ÿN:i

N::

� �
; �3:39�

� �
XJ
i�1

Nii

N::

ÿN:i

N::

� �2

: �3:40�

This index will generally be non-negative with a maximum value occurring whenPJ
i�1 Nii � N:: (the model perfectly predicts), or

1ÿ
XJ
i�1

�N:i=N::�2: �3:41�

Hence, we can normalise � to have a maximum value of one. The higher the value, the

greater the predictive capability of the model. An example of a prediction success test

is given in table 3.1 for choice of establishment type.

3.7 Behavioural outputs of choice models

The random utility model represented by the MNL function provides a very powerful

way to assess the eÿects of a wide range of policies. Policies impact individuals to

varying degrees, hence, it is important to be able to determine individual-speci®c

eÿects prior to determination of market-share eÿects. If an estimated model was care-

fully developed so that the systematic utility is well-speci®ed empirically (i.e., the

choice set and structural representation of the decision process is reasonable), the
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Table 3.1. An example of a prediction success table

Predicted alternatives Row Observed
total share %

Actual alternatives (1) (2) (3) (Ni) (Ni=N::)* 100

(1) Fully detached house 100 20 30 150 45.5
(2) Town house 30 50 20 100 30.3

(3) Flat 20 10 20 50 80 24.2
Column total (N:i) 140 90 100 330 100.0
Predicted share (%) (N:i=N::)* 100 42.4 27.3 30.3 100

Proportion successfully predicted 71.4 55.6 50.0
(N:i=N::)* 100

Success index (eq. (3.37)) 29.0 28.3 19.7

Percent error in predicted ÿ3.03 3.03 6.06
share ÿ 100* �N:i ÿNi�=N::

Overall prediction success index (eq. (3.38))* 0.2599

(predicted share* success index)

Note: *[(42.4*29.0)� (27.3*28.3)� (30.3*19.70)/1002]� 0.



model should be a very ¯exible, policy-sensitive tool. At this point it seems apropos to

outline the key policy-related outputs of individual-choice models, and comment on

the types of policy issues which ideally can be investigated with this framework.

It should be noted that errors associated with any modelling approach are not

necessarily due to the approach per se, but often are due to errors in data exogenously

supplied (e.g., exogenous forecasts of future levels of population, transport, retail ser-

vices and recreation facilities). Individualmodels require smaller samples than aggregate

models (the latter use grouped data based on information from many individual inter-

views/questionnaires); hence, additional costs to obtain such detail are oÿset by cost

savings and increased accuracy of predictive performance and policy indicators.

The types of policy outputs arising from choice models are similar to most statistical

models. The models can be used to estimate the responsiveness of a population group

to changes in levels of particular attributes (i.e., elasticities of particular choices with

respect to certain attributes), to marginal rates of substitution between attributes (i.e.,

valuation), and to obtain individual and group estimates of the likelihood of choosing

a particular activity, given the levels of the attributes oÿered as the signi®cant choice

discriminators.

3.7.1 Elasticities of choice

The appropriateness of various policies can be evaluated with the measures of respon-

siveness of market shares to changes in each attribute. Direct and cross elasticities can

be estimated. A direct elasticity measures the percentage change in the probability of

choosing a particular alternative in the choice set with respect to a given percentage

change in an attribute of that same alternative. A cross elasticity measures the percen-

tage changes in the probability of choosing a particular alternative in the choice set

with respect to a given percentage change in an attribute of a competing alternative. A

full matrix of direct and cross elasticities can be derived for the complete choice set.

The size of the change in the level of an attribute has an important bearing on whether

the elasticity measure should be point or arc (see below).2 Software packages can

automatically generate point elasticities, which is useful for interpreting small changes

in the level of an attribute.

To derive a general formula for the calculation of elasticities in the basic MNL

model, consider the equation for Piq (equation (3.24)) and recall the de®nition of Vjq

(equation (3.26)). The elasticity of any variable Y with respect to another variable Z is

��Y=Y�=��Z=Z�, which reduces to �@Y=@Z��Z=Y� as �Z becomes very

small. Therefore, direct point elasticities in the MNL model can be written as follows:

E
Piq

Xikq
� @Piq

@Xikq

� Xikq

Piq

: �3:42�

Equation (3.42) can be interpreted as the elasticity of the probability of choosing

alternative i for individual q with respect to a marginal (or `small') change in the

kth variable which describes the utility of the ith alternative for individual q.
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An operational formula for this elasticity requires an evaluation of the partial

derivative in equation (3.42), which can be obtained by using the quotient rule for

derivatives (i.e., @eaz=@Z � aeaz):

@Piq

@Xikq

�

X
j

eVjq

� � @�eViq�
@Xikq

ÿ �eViq�
@

X
j

eVjq

� �
@XikqX

j

eVjq

� �2
: �3:43�

Simplifying equation (3.43), noting that the partial derivatives are the utility para-

meters, we get equation (3.44):

@Piq

@Xikq

� Piq ÿik ÿ P2
ikÿik: �3:44�

The direct point elasticity in equation (3.42) for the MNL model is, therefore, given by

equation (3.45):

E
Piq

Xikq
� Piqÿiq�1ÿ Piq�Xikq=Piq � ÿikXikq�1ÿ Piq� �3:45�

Cross point elasticities are obtained similarly, evaluating @Piq=@Xjkq as follows:

@Piq

@Xjkq

�

X
j

eVjq

� �
�0� ÿ �eViq��eVjq�ÿjk
X
j

eVjq

� �2
� ÿPiqPjqÿjk: �3:46�

The cross elasticity can be evaluated as follows:

E
Piq

Xjkq
� @Piq

@Xjkq

� Xjkq

Piq

� ÿPiqPjqÿjkXjkq=Piq � ÿÿjkXjkqPjq: �3:47�

The cross-elasticity formula in equation (3.47) depends on variables associated with

alternative j, and is independent of alternative i. Thus, MNL cross elasticities with

respect to a variable associated with alternative j are the same for all i 6� j. This

property of uniform cross elasticities is a consequence of the assumption that the actual

utilities are distributed about their means with independent and identical distributions

(IID). When we relax the IID condition (see chapter 6), the elasticity formulae will be

diÿerent, although the behavioural interpretation is the same.

Equations (3.45) and (3.47) can be combined to yield a single point elasticity for-

mula for the basic MNL model in a simple way:

E
Piq

Xjkq
� ÿjkXjkq��ij ÿ Pjq� �3:48�

where �ij �
1 if i � j �a direct point elasticity�
0 if i 6� j �a cross point elasticity� :

(
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The direct elasticity approaches zero as Pjq approaches unity, and approaches ÿjkXjkq

as Pjq approaches zero. The converse applies for the cross elasticity.

Equation (3.48) yields elasticities for each individual. For aggregate elasticities,

one might be tempted to evaluate equation (3.48) at the sample average Xjk and P̂j

(average estimated Pj). However, this is not generally correct because the MNL model

is non-linear, hence, the estimated logit function need not pass through the point de®ned

by these sample averages. Indeed, this mistake commonly produces errors as large as 20

percent (usually over-estimates) in estimating the responsiveness of choice probabilities

with respect to some variable Xjk. A better approach is to evaluate equation (3.48) for

each individual q and then aggregate, weighting each individual elasticity by the

individual's estimated probability of choice. This technique is known as the `method

of sample enumeration', the formula for which is given in equation (3.49):

E
�Pi

Xjkq
�

XQ
q�1

P̂iqE
Piq

Xjkq

ÿ !�XQ
q�1

P̂iq: �3:49�

P̂iq is an estimated choice probability. �Pi refers to the aggregate probability of

choice of alternative i. It should be noted that the weighted aggregate cross elasticities

calculated from an MNL model are likely to diÿer across alternatives, which may seem

odd given the limiting condition of constant cross elasticities in a model derived from

the IIA property. This occurs because the IIA condition guarantees identical cross

elasticities at the individual level, before probability weighting is undertaken. Some soft-

ware packages give the user the option to select an unweighted aggregation based on a

summation across the sample and a division by sample size. This naive aggregation will

produce identical cross elasticities, but it is not correct since it fails to recognise the

contribution of each observation to the choice outcome of each alternative.

The elasticity formulation in (3.48) and (3.49) is derived from partial diÿerentiation

of the choice function, assuming any changes in X are marginal. If changes are non-

marginal, as frequently happens in practice, an arc elasticity formula is appropriate,

provided that the change in the level of the attribute does not result in a level of X

outside of the distribution of values used in estimation. This elasticity is calculated

using diÿerences rather than diÿerentials:

E
Piq

Xikq
� ��P1

iq ÿ Piq�=�X1
ikq ÿ Xikq��=��P1

iq � Piq�=�X1
ikq � Xikq��; �3:50�

E
Piq

Xjkq
� ��P1

iq ÿ Piq�=�X1
jkq ÿ Xjkq��=��P1

iq � Piq�=�X1
ikq � Xikq��: �3:51�

The elasticities can be combined in many ways, which can be very convenient and

useful if one wants to know the average level of responsiveness across a number of

market segments. McFadden (1979) summarised some aggregation rules which we list

for reference below:

1. Aggregate elasticity over market segments, which is the sum of segment elasticities

weighted by segment market shares. This rule assumes that the percentage change

in the policy variables is the same in each segment.
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2. Aggregate elasticities over alternatives, which is the sum of component alternative

elasticities weighted by the component share of the compared alternative (e.g., all

public transport). This rule assumes an equal percentage change in each compo-

nent alternative as the result of a policy.

3. Elasticity with respect to a component of an attribute, which is the elasticity with

respect to the variable multiplied by the component's share in the variable (e.g.,

the elasticity with respect to bus fare when we only have the estimated elasticity

with respect to total trip cost).

4. Elasticity with respect to a policy that causes an equal percentage change in

several variables equals the sum of elasticities with respect to each variable.

In the same reference, McFadden discusses further how these rules may be combined

to arrive at the elasticity needed for policy analysis.

3.7.2 Valuation of attributes

Increasingly, discrete-choice models are being used to derive estimates of the

amount of money an individual is willing to pay (or willing to accept) to obtain

some bene®t (or avoid some cost) from a speci®c action. In a simple linear model

where each attribute in a utility expression is associated with a single taste weight, the

ratio of two utility parameters is an estimate of the willingness to pay (WTP) or

willingness to accept (WTA), holding all other potential in¯uences constant. If one

of the attributes is measured in monetary units, then the marginal rates of substitution

arising from the ratio of two utility parameters is a ®nancial indicator of WTP or

WTA.

The literature on the use of discrete-choice models to derive empirical values of the

WTP or WTA is extensive. Throughout the book we cross-reference to this literature

and devote considerable space to valuation. Chapters 11 and 12 present a number of

empirical studies to illustrate how choice models are used in practice to obtain valua-

tions of attributes such as travel time savings, convenience of a shopping store and the

preservation of an endangered species. The possibility of allowing the valuation of an

attribute to be a function of the level of the attribute enriches the point estimates into a

distribution of values, referred to as a valuation function (see chapter 11 for more

details).

Valuation implies the measurement of the welfare implications of a speci®c

policy. Choice models can be used to identify changes in consumer surplus as an

indicator of changes in bene®ts. As will be shown in chapter 6, the diÿerence in the

natural logarithm of the denominator of the MNL model before and after a change

in the level of an attribute is a measure of the change in expected maximum utility, or

change in consumer surplus (assuming a zero income eÿect), in utility units. This can

be expressed in monetary units by scaling it by the inverse of the utility parameter of

an attribute in the model that is expressed in monetary units.
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3.8 A simple illustration of the basic model

We conclude the chapter by providing a simulated empirical example of the use of the

MNL model that enables us to assess its major inputs and outputs. The example

focuses on the choice of mode of transport for the journey to work. The data consist

of Q � 1000 observations, in which the choice set (J � 4) available to each commuter

includes drive alone car driver (da), ride share (rs), train (tn) and bus (bs). Five

alternative-speci®c attributes (Xs) were used to specify the utility of each mode.

Personal income (persinc) is included in the utility expression for car drive alone, to

test whether individuals with higher incomes are more likely to choose to drive to work

by themselves. In-vehicle cost was de®ned to be generic, i.e., the utility parameter of

Xinvc is the same in each utility expression (i.e., ÿjk � ÿk for all j � 1; 2). The other

attributes are de®ned as alternative-speci®c. These attributes of the four modes are:

1. wlk � total walk time (minutes)

2. wt � total wait time (minutes)

3. invt � total in-vehicle time (minutes)

4. invc � total in-vehicle cost (cents)

5. pkc � parking cost (cents).

In addition, an alternative (or mode) speci®c constant is included for J ÿ 1 alter-

natives. It is arbitrary which alternative the constant is excluded from. The utility

expressions are:

Uda � MSCda � ÿda1invtda � ÿ2invcda � ÿda3pkcda � pincdapersincda;

Urs � MSCrs � ÿrs1invtrs � ÿ2invcrs � ÿrs3pkcrs;

Utn � MSCtn � ÿtn1invttn � ÿ2invctn � ÿ3wlktn � ÿ4wttn;

Ubs � ÿbs1invtbs � ÿ2invcbs � ÿ3wlkbs � ÿ4wtbs:

The results of maximum likelihood estimation of the model (which required ten

iterations to reach a solution, such that L* changed by less than 0.01) are summarised

in table 3.2.

All attributes have t-statistics greater than 1.96 (95 per cent con®dence) except for

the parking cost associated with ride share and two mode-speci®c constants. Overall

the model has a pseudo-R2 of 0.346 when comparing the log likelihood at zero and log

likelihood at convergence. The constants alone contribute 0.13 of the 0.346, suggesting

the attributes in the utility expressions do have an important role to play in explaining

mode choice. A simple MNL model with a full set of (J ÿ 1) alternative-speci®c

constants will always exactly reproduce the aggregate market shares, even though

the predicted choice for an individual (as a probability) is unlikely to equal the actual

choice. This is not a major concern since the model has external validity at the sample

level and not for a speci®c individual, unless the analyst has su�ciently rich data to be

able to estimate a model for each individual. This is sometimes possible with stated

choice data with many replications (the number required will be a function of the

Stated Choice Methods62



number of attributes and levels of each) or a large and long panel of repeated observa-

tions on the same individuals.

The signs of all utility parameters are correct and unambiguous in the example ± we

would expect that a negative sign would be associated with time and cost since an

individual's relative utility will increase when time or cost decreases (and vice versa).

The sign on personal income might be positive or negative, although we would reason-

ably expect it to be positive in the utility expression for drive alone. That is, all other

things being equal, we would expect an individual to have a higher probability of

choosing to drive alone as their income increases. In contrast, if we had placed the

income variable in the public transport alternative's utility expression we might have

expected a negative sign.

A characteristic of an individual, or any other variable that is not an attribute of

an alternative in a choice set, cannot be included as a separate variable in all utility

expressions since it does not vary across the alternatives. That is, a person's income

does not vary by mode unless it is de®ned as net of modal costs. To enable a non-

modal attribute to be included in all utility expressions, it must be interacted with an

alternative-speci®c attribute. For example, we could include income in all utility

expressions by dividing cost by income; or we could interact travel time with income

by multiplication. There are many ways of doing this, but a sensible behavioural

hypothesis is required to justify this additional complexity.
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Table 3.2. Parameter estimates for the illustrative example

Attribute Alternative Taste weight t-statistic

Drive alone constant drive alone 0.58790 2.32
Ride share constant ride share 0.32490 1.23
Train constant train 0.29870 1.86
In-vehicle cost all modes ÿ0.00255 ÿ2.58

In-vehicle time drive alone ÿ0.05251 ÿ4.32
In-vehicle time ride share ÿ0.04389 ÿ3.21
In-vehicle time train ÿ0.03427 ÿ2.67

In-vehicle time bus ÿ0.03523 ÿ2.75
Walk time train ÿ0.07386 ÿ3.57
Walk time bus ÿ0.06392 ÿ3.25

Wait time train ÿ0.11451 ÿ2.18
Wait time bus ÿ0.15473 ÿ4.37
Parking cost drive alone ÿ0.07245 ÿ2.59

Parking cost ride share ÿ0.00235 ÿ1.24
Personal income drive alone 0.03487 5.87

Log likelihood at zero ÿ2345.8
Log likelihood at constants ÿ2023.7
Log likelihood at convergence ÿ1534.8
Likelihood ratio (pseudo R2) 0.346



The in-vehicle time utility parameters for bus and train are almost identical,

suggesting that we could save one degree of freedom by imposing an equality

restriction on these two utility parameters, treating them as generic to these two

modes. The parking cost attribute could be eliminated from the ride share alter-

native given its statistical non-signi®cance, saving an additional degree of freedom.

All the other variables should be retained for the derivation of elasticities and for

policy analysis.

Weighted aggregate point elasticities for all variables and choices were calculated

by applying the method of sample-enumeration discussed in the last section. Direct

elasticities only are calculated, since the identical cross elasticities in a simple MNL

model have little behavioural value (owing to the IID condition). Alternative speci®-

cations of discrete-choice models (such as nested logit and heteroscedastic extreme

value, presented in chapter 6) allow us to obtain behaviourally plausible cross

elasticities. The direct elasticities for in-vehicle time for each of drive alone, ride

share, train and bus are, respectively, ÿ0:362, ÿ0:324, ÿ0:298 and ÿ0:260. All are

negative, since we expect an increase in a travel time component or cost to, ceteris

paribus, reduce the probability of choosing a particular mode and hence result in a

reduced market share.

Interpreting the estimated elasticities is straightforward. For example, the value

of ÿ0:362 for in-vehicle time associated with drive alone implies that a 1 per cent

increase in the time travelling by car as a sole driver will, all else equal, cause a 0.362

per cent decrease in the overall probability of drive alone choice of commuter mode.

Other elasticities may be interpreted similarly. The empirical evidence in this example

suggests that commuters are more sensitive to travel time changes than to cost

changes, and are most sensitive to changes in time waiting for a public transport

mode.

The more dispersed the distribution of attribute values, the lower the weighted

aggregate elasticity relative to the aggregate elasticity, the latter calculated at the

sample average (Xjk and P̂j). This happens because, as the diÿerential in the relative

levels of an attribute increases, the response of aggregate demand to changes in that

variable decreases (Westin 1974). Gillen (1977) illustrates this eÿect by calculating

weighted and unweighted aggregate elasticities for four variables, and obtains

(ÿ0:29, ÿ0:34), (ÿ0:59, ÿ0:68), (ÿ0:31, ÿ0:38) and (ÿ0:19, ÿ0:25).

The estimated utility expressions can be processed in a spreadsheet to identify the

impact of a change in one or more attributes on market shares. This gives the MNL

model a very strong policy role by assisting analysts in evaluating the impact of many

policies (as de®ned by speci®c mixes of attributes modelled in the utility expressions).

The marginal rate of substitution between in-vehicle travel time and in-vehicle cost

can be calculated as the ratio of the travel time utility parameter and the in-vehicle

cost utility parameter. For example, the value of in-vehicle travel time savings for

drive alone would be (ÿ0:05251 utiles per minute)/(ÿ0:00255 utiles per cent) or

20.60 cents per minute. This converts to $12.36 per person hour. It tells us that a

sampled individual is willing to pay, on average, $12.36 to save 1 hour of time spent
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in a car (driving alone) on the journey to work. By contrast, the equivalent value

of in-vehicle time savings for train users is $8.06 per person hour. A comparison of

the utility parameters for the components of travel time illustrates the diÿerences in

value attached to diÿerent attributes. For example, a unit of walk time has a

disutility that is 2.155 times higher than in-vehicle time (ÿ0.07386 compared to

ÿ0.05251). Thus, a sampled individual is willing to pay, on average, 2.155 times

more to save a unit of walk time to the train than to save a unit of time in the

train.

3.9 Linking to the later chapters

The basic logit model presented in this chapter is likely to be the workhorse for most

discrete-choice modelling for many years. Its robustness in many applications to

violation of its underlying behavioural assumptions is impressive in the aggregate.

Despite this praise, practitioners and researchers have recognised the limitations

of the simple model for many applications, and have sought out more complex,

albeit more behaviourally appropriate, choice models which relax one or more of

the strong assumptions imposed on the variance±covariance matrix of the MNL

model.

The extensions to the MNL model are mainly associated with varying degrees of

additional freedoms in the treatment of the variances and covariances associated with

the unobserved in¯uences on utility. The most popular variant is the nested logit

model, often referred to as tree logit or hierarchical logit. Chapter 6 introduces the

nested logit (NL) model as a way of accommodating violation of the IIA property

through relaxing the identically distributed component of IID for subsets of alterna-

tives where violation is a problem for applications. Once the nested logit model is

appreciated, we can go a further step and introduce a number of more general models.

These include the heteroscedastic extreme value (HEV) model in its random and

®xed eÿects form, which frees up all of the variances associated with the unobserved

in¯uences on each alternative in the choice set. A random parameter logit (RPL)

or mixed logit (ML) model is also introduced which adds further ¯exibility in the

treatment of the variances and covariances of the random component. Another very

general model ± multinomial probit (MNP) ± is also considered in chapter 6. A case

study compares the approaches ± MNL, NL, random HEV, ®xed HEV, RPL (ML)

and MNP.

Before addressing these additional modelling complexities, however, chapters 4 and

5 will focus on the important topic of experimental design for stated choice applica-

tions. These chapters will address how to design choice experiments so that the simple

MNL and its more complex cousins can be estimated from SC data. Since choice data

is often analysed as aggregate choice frequencies, in contrast to the disaggregated 1,0

response developed in this chapter, appendix B summarises the essential statistical

features of aggregate choice models.
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Appendix A3 Maximum likelihood estimation
technique

A3.1 Theoretical background

A3.1.1 Introduction to maximum likelihood

Theunderlying rationale for themethodofmaximum likelihoodmaybe indicated brie¯y

as follows. Suppose that the function expressing the probability of the particular out-

come x of an experiment, X, having a discrete set of possible outcomes is represented by

PX�xj��, where this nomenclature indicates that the function has parameter(s)

� � �1; �2; . . . ; �r: If the parameter(s) � is (are) known, then the joint probability function

of a random sample of experiments, X1;X2; . . . ;XT ; can be written as:

PX1;X2;...;XT
�x1; x2; . . . ; xT j�� � PX1

�x1j��:PX2
�x2j�� . . .PXT

�xT j��

�
YT
t�1

PXt
�xtj��: �A3:1�

Next, consider the situation in which the parameter vector � is unknown, but a

speci®c sample set of experiments, X1;X2; . . . ;XT ; has been observed to have outcomes

X1;X2; . . . ;XT . Then the view can be taken that the right-hand side of (A3.1) expresses

the probability of having observed this particular sample, as a function of �. To

emphasise this, it is written as:

L��jx1; x2; . . . ; xT � �
YT
t�1

PXt
�xtj��: �A3:2�

A3.2 is called the likelihood function of the sample. The likelihood function can be

evaluated for diÿerent � and, intuitively, the larger the value obtained for a particular

�, the more likely it should be considered that � represents an appropriate estimate of

the parameters for the probability function for the population from which the sample

was drawn.

Such considerations lead to the following rule for maximum-likelihood estimation:

The maximum-likelihood estimator of � is the value �̂ which causes the likelihood function

L(�) to be a maximum.

In many cases, the form of the probability function PX�xj�� is such that it is easier

to maximise the logarithm of the likelihood function, rather than the likelihood func-

tion itself. (Owing to the monotonic, one-to-one relationship between the likelihood

function and its logarithm, they have a maximum at the same value, �̂.) In such cases

the criterion is:

Maximise L*��� � ln�L���� � ln
YT
t�1

PXt
�xtj��

ÿ !

�
XT
t�1

ln�PXt
�xtj���: �A3:3�
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If the necessary computations are mathematically tractable, the maximum of L*(�)

can be found by identi®cation of its stationary points, through solution of the set of

simultaneous equations:

XT
t�1

@

@�k
ln�PXt

�xtj��� � 0; k � 1; 2; . . . ; r: �A3:4�

In many situations, however, it is necessary to use an iterative gradient search

technique such as the Newton±Raphson method that is discussed below.

A3.1.2 Gradient search and the Newton±Raphson method

The general concept of a gradient search technique for maximisation of a function

L*(�) is to start from an initial solution �o � ��o1 ; �o2 ; . . . ; �or � and, in a series of itera-

tions, move to other solutions, �1; �2; . . . ; in such a way as to always improve (increase)

the value of L*(�). The change at iteration (p� 1) is given by:

�p�1 � �p � dpt; �A3:5�

where dp � �dp
1 ; d

p
2 ; . . . ; d

p
r � is a direction vector chosen such that the value of L*(�)

increases as the solution � moves in that direction from �p, and t is a (scalar) step-size

de®ning the magnitude of the movement in the direction dp.

The choice of the step-size t is important because even though dp de®nes a direction

of improving value of L*(�) at �p, any non-linearity of L*(�) means that its value may

eventually start to worsen (decrease) as t is made larger. The optimal step-size can be

found by solution of the following equation in the single variable t:

@

@t
L*��p � dpt� � 0: �A3:6�

The choice of the direction vector dp can be achieved by a number of methods, one of

the most common being the method of steepest ascent in which:

d
p
k � @L*���

@�k

evaluated at �p

for k � 1; 2; . . . ; r:
�A3:7�

Faster convergence is often found by use of the Newton±Raphson method in which dp

is determined by solution of the matrix-vector equation

@2L*���
@�` @�k

" #
�dp

k � �
"
ÿ @L*���

@�`

#
; �A3:8�

where k � 1; 2; . . . ; ` � 1; 2; . . . ; r; and the ®rst and second derivatives of L*(�)

are evaluated at �p. In the case of L*(�) having a quadratic form, for example,

the Newton±Raphson method converges in a single iteration with a step-size of

one.
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A3.2 Application to the multinomial logit model

The multinomial logit model states that in a choice situation t, the probability that

alternative i is chosen from the set of available alternatives At is given by:

P�i: At� �
UitX

j2At

Ujt

� eVitX
j2At

eVjt
; �A3:9�

where Vjt � the utility of alternative j in choice situation t. The value of any Vjt is

assumed to depend on the values of a number of variables xkjt which are considered to

aÿect the choice, and often the functional relationship is assumed to take the linear-in-

parameters form:

Vjt �
Xr

k�1

�kxkjt: �A3:10�

Assume now that a sample set of choice situations 1; 2; . . . ;T has been observed,

together with the corresponding values of xkjt, and let i designate the alternative

chosen in situation t. Then the likelihood function for this sample is

L��� �
YT
t�1

P�i : At� �A3:11�

and the log likelihood function of the sample is

L*��� � ln�L���� �
XT
t�1

ln�P�i : At��; �A3:12�

i:e:, L*��� �
XT
t�1

ln
eVitX

j2At

eVjt

0
B@

1
CA: �A3:13�

We can express (A3.13) as (A3.14) to identify the chosen alternative:

L*��� �
XT
t�1

Vit ÿ ln
X
j2At

eVjt

ÿ !" #
: �A3:14�

For any t, i represents the alternative observed to have been chosen from the set of

available alternatives At.

First Derivatives of L*(�)

From (A3.14),

@L*���
@�k

�
XT
t�1

@Vit

@�k
ÿ

X
j2At

eVjt
@Vit

@�kX
j2At

eVjt

2
6664

3
7775; �A3:15�
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or

@L*���
@�k

�
XT
t�1

@Vit

@�k
ÿ
X
j2At

P� j:At�
@Vjt

@�k

" #
: �A3:16�

Now, if all Vjt are linear functions of the xkjt as in equation (A3.10), then:

@Vjt

@�k
� xkjt �A3:17�

and equation (A3.15) becomes:

@L*���
@�k

�
XT
t�1

xkit ÿ

X
j2At

UjtxkjtX
j2At

Ujt

2
664

3
775; �A3:18�

using the nomenclature Ujt � eVjt introduced in equation (A3.9).

Equation (A3.16) is similarly modi®ed to:

@L*���
@�k

�
XT
t�1

xkit ÿ
X
j2At

P� j:At�xkjt
" #

: �A3:19�

Second derivatives of L*���
Extending from equation (A3.16), it is found that:

@2L*���
@�k @�`

�
XT
t�1

@2Vit

@�k @�`
ÿ
X
j2At

P� j : At�
@2Vjt

@�k @�`
ÿ
X
j2At

@P� j : At�
@�`

@Vjt

@�k

" #
:

�A3:20�

For all Vjt linear in the xkjt as in equation (A3.10), equation (A3.17) holds and

@2Vjt

@�k @�`
� 0; �A3:21�

so that equation (A3.20) simpli®es to

@2L*���
@�k @�`

� ÿ
XT
t�1

X
j2At

@P� j : At�
@�`

xkjt: �A3:22�

Further evaluation of the derivative in equation (A3.22) for the linear utility function

case leads to

@2L*���
@�k @�`

� ÿ
XT
t�1

X
j2At

P� j : At�xkjt x`jt ÿ
X
h2At

P�h : At�x`ht
" #

: �A3:23�
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It can be shown that equation (A3.23) can be expressed in the form

@2L*���
@�k @�`

� ÿ
XT
t�1

X
j2At

Ujtxkjtx`jt
� � X

j2At

Ujt

� �
ÿ

X
j2At

Ujtxkjt
� � X

j2At

Ujtx`jt
� �

X
j2At

Ujt

� �2

2
6664

3
7775;

�A3:24�

which is a more suitable form for computer programming purposes.

A3.3 Description of the estimation process

Maximum likelihood estimation of the multinomial logit model using the Newton±

Raphson iterative technique involves three major loops in the process (see ®gure

A3.1). The inner loop iterates over all available alternatives j 2 At for each observa-

tion t, accumulating the quantities

SU �
X
j2At

Ujt; �A3:25�

SU1k �
X
j2At

Ujtxkjt; all k; �A3:26�

SU2k` �
X
j2At

Ujtxkjtx`jt; all k; `: �A3:27�

The middle loop iterates over all observations during each Newton±Raphson

iteration and makes use of the quantities computed in the inner loop, plus the values

of Uit for the alternative i chosen in each observation t, to accumulate

L � the value of the log likelihood function for the iteration, computed

according to equation (A3.13),

[DL] � the vector of ®rst derivatives of the log likelihood function, com-

puted according to equation (A3.18), and

[DDL] � the matrix of second derivatives of the log likelihood function,

computed according to equation (A3.24).

The outer loop corresponds to the Newton±Raphson iterations. At the end of each

of these, the changes in the parameters � are computed using equation (A3.8) and a

step-size of 1. That is, [��] corresponds to [d
p
k ] in equation (A3.8). The parameter

values are updated and convergence of the process is ascertained by examining the

magnitude of the change in the log likelihood function from the previous iteration, the

magnitude of the ®rst derivatives of the log likelihood function and/or the magnitude

of the computed changes in �. The result of this investigation determines whether the

process continues to a further iteration or terminates.
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S = 0

Iteration S. Current parameters [θ].

L = 0.  [DL] = [0].  [DDL] = 0

t = t +1

Observation t.  Chosen alternative is i.

CU = Uit. SU = 0.  SU1k = 0, all k.

j = j +1

SU = SU + Ujt. SU1k = SU1k + Ujt.xkjt, all k.

SU2kl  = SU2kl  + Ujt xkjt
x ljt , all k, l .

jεAt

All considered ?

L = L + l n (CU/SU) [eq. (A3.13)]
DLk = DLk + xkit.- SU1k/SU, all k [eq. (A3.8)]

DDL kl  = DDL kl  - (SU2kl SU - SU1klSUl l )/(SU)2 all k, l .
[eq. (A3.24)]

No

Yes

Is
t = T?

[∆θ] = [DDL]-1 [-DL]
[θ] = [θ] + [∆θ]

Convergence?

No

Yes

Yes

No

Figure A3.1 MLE of the MNL model using the Newton±Raphson technique
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Appendix B3 Linear probability and generalised least
squares models

B3.1 Introduction

Chapter 3 discussed the basic choice model and extensions on the assumption that

the estimation technique is maximum-likelihood and that the model is a member of

the non-linear logit family. In this appendix we examine two alternative estimation

procedures and model forms which are popular in the applied modelling literature ±

the linear probability model, which requires the least squares regression technique for

estimation, and the linear logit model, which requires generalised least squares.

B3.2 Linear probability model and least squares regression

Consider a situation where there are only two possible choices (e.g., choose a small or

large car, vote yes or no). Furthermore, instead of specifying the basic MNL choice

model assume that this choice is a linear function of a set of explanatory variables.

This simple choice model may then be written (in its stochastic form) as equation

(B3.1):

fq � ÿ0 � ÿ1x1q � � � � � ÿKxKq � "q; q � 1; . . . ;Q; �B3:1�

where fq �
0 if the first option is chosen

1 if the second option is chosen;

�

Xkq � the kth explanatory variable,

"q � a stochastic error term assumed to be normally distributed with zero mean

and constant variance.

This model is known as the linear probability model (LPM), since the estimating

equation is linear and can be interpreted as describing the probability of the second

option given values of the K explanatory variables. The reason for this interpretation

can be seen by examining the expected value of each fq. Because fq can take on only

two values, the probability distribution of fq can be denoted as prob ( fq � 1� � Pq

and prob � fq � 0� � 1ÿ Pq. Hence E� fq� � 1�Pq� � 0�1ÿ Pq� � Pq. Therefore, the

expected value of fq is the probability that fq � 1 and thus the interpretation of

equation (B3.1) as a probability model.

Given observations for Q individuals on the K explanatory variables and the fqs

(i.e., the choices actually made), ordinary least squares estimates of the coe�cients (ÿs)

in equation (B3.1) may be obtained using standard regression techniques. Let us

denote this estimated equation by

f̂q � ÿ̂0 � ÿ̂1X1q � � � � � ÿ̂KXKqq � 1; . . . ;Q; �B3:2�
where a `hat' denotes an estimated value. Then ÿ̂K is an estimate of the change in

the probability of choosing the second alternative given a unit change in XK . From
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this we can estimate the elasticity of choice with respect to variable XK at the

sample mean by multiplying ÿ̂K by � �XK=�f �, where �XK and �f are the sample

averages of XK and f respectively. This elasticity is an estimate of the percentage

change in the probability of choosing the second alternative given a one per cent

change in XK .

The major advantage of the linear probability model is its simplicity, in both

estimation and interpretation. However, there are major disadvantages that, when

weighed against the advantage of simplicity, make the LPM much less satisfactory

than other models which are available, such as the basic MNL model and the linear

logit model (see section B3.3).

In a binary choice situation, there are several di�culties with the LPM. A speci®c

problem stems from the fact that the statistical properties of the ordinary least squares

(OLS) regression estimates of the parameters given in equation (B3.2) depend upon

certain assumptions about the error term "q. One of these assumptions is that the

variance of the error terms is constant for each observation. However, the error term

in the LPM does not have a constant variance, and so the OLS estimates of the

regression coe�cients will not be e�cient (i.e., have smallest variance), although

they will still be unbiased and consistent (as long as other necessary assumptions

still hold). We can see this by noting that

"q � fq ÿ ÿ0 ÿ ÿ1X1q ÿ � � � ÿ ÿKXKq � fq ÿ ÿ0 ÿ
XK
K�1

ÿKXKq;

so that the only two values that "q can take are

"q � 1ÿ ÿ0 ÿ
XK
K�1

ÿKXKq if fq � 1;

"q � ÿÿ0 ÿ
XK
K�1

ÿKXKq if fq � 0:

Now, since prob � fq � 1� � Pq and prob � fq � 0� � 1ÿ Pq, and since one of the

assumptions made about the error term is that it has an expected value of zero (i.e.,

E�"q� � 0�, we know that:

E�"q� � 1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !
�1ÿ Pq� � 0:

Solving for Pq gives

Pq � ÿ0 �
XK
k�1

ÿkXkq; �B3:3�
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and so 1ÿ Pq � 1ÿ ÿ0 ÿ
PK

k�1 ÿkXkq. We may now calculate the variance of "q as

follows:

var�"q� � E�"2q� � 1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !2

Pq

� ÿÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !2

�1ÿ Pq�

which, using B3.3,

� 1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !2

ÿ0 �
XK
k�1

ÿkXkq

ÿ !

� ÿÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !2

1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !

and factoring

� 1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !
ÿ0 �

XK
k�1

ÿkXkq

ÿ !

� 1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq � ÿ0 �
XK
k�1

ÿkXkq

ÿ !

so,

var�"q� � 1ÿ ÿ0 ÿ
XK
k�1

ÿkXkq

ÿ !
ÿ0 �

XK
k�1

ÿkXkq

ÿ !

� �1ÿ Pq�Pq: �B3:4�

The variance of "q is not constant (a condition known as heteroscedasticity), but

depends upon the individual observations. One can easily note that the variance will be

larger the closer Pq is to a half. One possible solution to this problem of hetero-

scedasticity is known as weighted least squares (WLS). WLS in the present case

requires one to divide each of the variables in equation (B3.1), including the constant

term, by the standard deviation of "q��q�. This would result in a transformed model

given by

fq

�q

� ÿ0

1

�q

� ÿ1

X1q

�q

� � � � � ÿK

XKq

�q

� "q
�q

: �B3:5�

Since the error term in equation (B3.5) has constant variance

var
"q
�q

� �
� 1

�2
Var �"q� �

�2
q

�2
q

� 1

ÿ !
;
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OLS estimation of the parameters of equation (B3.5) will now be e�cient (see, e.g.,

Theil 1971). In the above, it would be preferable to use the actual standard deviation

of "q, but as can be seen from equation (B3.4), we would need to know each Pq,

whereas we only know which alternative the qth individual has chosen, not his prob-

ability of choice. Therefore, we must ®rst estimate the standard deviation (or variance)

of each "q, and then use these estimates as weights instead of the actual standard

deviations, as in equation (B3.5). To do this, we apply OLS to the original speci®ca-

tion (B3.1) and then, using the estimated regression coe�cient to calculate fq as in

equation (B3.2), ®nd a consistent estimate of the variance of "q by

�
_2

q � f
_

q�1ÿ f
_

q�; �B3:6�

which uses the result (B3.4) for the actual variance of "q and the fact that f
_

q is an

estimate of Pq.

On the surface, then, it seems that the above WLS procedure solves one of the

problems associated with the LPM, and that e�cient estimates of the model's coe�-

cients may be found. However, there is a serious problem associated with the estima-

tion of variances using equation (B3.6) that is not as easy to solve, and as we shall

presently see, seriously weakens the LPM as a vehicle for estimation. The problem is

that with the LPM there is no guarantee that the estimated value f
_

q will be between 0

and 1! Any f
_

q outside this interval will result in a negative estimated �
_2

q which is, of

course, nonsense. Arbitrarily setting any �
_2

q to 0.99 or 0.01 (say) for any observation

with f
_

q outside the unit interval is one solution to this problem, but not a particularly

satisfactory one, since WLS may not be e�cient in that case. WLS is actually only

e�cient asymptotically (i.e., as the sample size gets arbitrarily large), so that for

relatively small samples it may be preferable to use OLS anyway.

The possibility of obtaining predicted f
_

qs outside the unit interval is disturbing for

another reason; simply put, given the interpretation of f
_

q as a probability, it makes no

sense to arrive at a predicted f
_

q of 1.3 or ÿ0.4, for example. It has been suggested that

a solution to this problem would be to estimate the model (B3.1) subject to a restric-

tion that f
_

q lie in the unit interval. This becomes a problem in non-linear programming

which we will not discuss here because, although the resulting estimated coe�cients

have smaller variances, they are not necessarily unbiased.

If we overlook all of the above-mentioned problems with the LPM and use OLS

or WLS to estimate the coe�cients (ÿs) of the model, it would be useful to be able to

test hypotheses about these coe�cients. The problem here is that the usual testing

procedures (e.g., t-tests) rely on the assumption that the "q in equation (B3.1) are

normally distributed, which is equivalent to assuming that the f
_

q are normally distrib-

uted. This is not the case since f
_

q takes on only the values 0 or 1, and so the usual tests

are not valid. Warner (1963, 1967) has developed tests which are valid asymptotically,

but again, unless sample sizes are quite large, the results of such tests may be suspect.

We will not pursue the issue further here. From the above discussion, one may get the

idea that the linear probability model is not to be recommended in a binary choice

situation. Clearly, the problems with the model seem to far outweigh its advantage of
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simplicity. However, since it is quite simple to estimate the LPM using OLS, it may

be used as a preliminary screening device to get a feel for the data before using one

of the alternative models which have been developed. Another use frequently made of

the LPM (e.g., Struyk 1976) is as a mechanism for comparing alternative speci®-

cations of the attribute set de®ned in the utility expressions, where prediction is not

an issue.

We began this section by assuming a binary choice situation for the linear prob-

ability model. However, Domencich and McFadden (1975: 75±80) have shown that if

one takes the basic choice model derived in chapter 3 and makes some speci®c assump-

tions about the nature of Vj in that model, the result will be a model of the form given

by the LPM. The assumptions on Vj are speci®cally that

Vjq � ln
XK
k�1

ÿkXjkq

" #
; �B3:7�

0 �
XK
k�1

ÿkXjkq � 1 � j � 1; . . . ; J�; �B3:8�

XJ
j�1

XK
k�1

ÿkXjkq � 1: �B3:9�

Given these assumptions, insertion of equations (B3.7 to B3.9) in equation (3.24)

yields:

Piq �
exp ln

XK
k�1

ÿkXikq

" #ÿ !

XJ
j�1

exp ln
XK
k�1

ÿkXjkq

" #ÿ ! �

XK
k�1

ÿkXikq

XJ
j�1

XK
k�1

ÿkXjkq

�
XK
k�1

ÿkXikq: �B3:10�

Formulation (B3.10) is the LPM (B3.1) with Piq replacing fq, and is exactly (B3.1)

when we add an error term "q. Notice that equation (B3.10) is not limited to a binary

choice situation but holds for any j � 1; . . . ; J. However, it is di�cult to use

equation (B3.10) (i.e., the LPM) in the multinomial case since the sum of estimated

probabilities over alternatives for each individual must sum to one (equation (B3.9)),

but this implies that the representative utility of one alternative (Vjq) depends upon

the attributes of all other alternatives, contrary to the usual assumption of in-

dependence of tastes. Furthermore, the imposition of the inequality constraints

(equation (B3.8)) provides a computational non-linearity, which means that linear

least squares is no longer applicable. It is also di�cult to see how we would specify

the dependent variable, f, in the case of more than two alternatives.

Given these problems with the LPM in general, other estimation procedures are

seen as preferable, in particular the basic MNL model (3.24) with Vjq not de®ned as in

equation (B3.7).
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B3.3 Linear logit model and weighted/generalised least squares
regression

We have seen in chapter 3 that the basic MNL model may be estimated with Q

individual observations using maximum-likelihood techniques. An alternative method

of estimating a choice model involves variants of least squares regression, to which we

now turn. Although one can use maximum likelihood methods for estimating choice

models where the choice variable is a binary index 1, 0, a frequency, proportions or

even ranks, many practitioners who estimate models using stated choice data which is

aggregated into frequencies or proportions use the method of generalised least

squares, as described in this section. The method is often referred to as linear logit.

Consider the binary choice case where the probability of choosing the ®rst of two

alternatives (P1) is given by the (binary) logit model

P1q � expV1q=�expV1q � expV2q�; �B3:11�
where V1q and V2q are again linear functions of the characteristics associated with

alternatives 1 and 2, respectively. Equation (B3.11) may be rewritten as

P1q � 1=�1� expÿ�V1q ÿ V2q�� � 1: �B3:12�
Hence

P1q�1� expÿ�V1q ÿ V2q�� � 1;

so,

expÿ�V1q ÿ V2q� �
1ÿ P1q

P1q

and

exp�V1q ÿ V2q� �
P1q

1ÿ P1q

:

Taking the natural logarithm of both sides, we get

V1q ÿ V2q � ln�P1q=�1ÿ P1q��
or, upon substituting for Vs using equation (3.26) and assuming that a total of K

variables, including alternative-speci®c constants, appear in the model, we obtain

ln
P1q

1ÿ P1q

� �
�

XK
k�1

ÿkXkq: �B3:13�

The left-hand side of equation (B3.13) is known as the logit of the probability of

choice, and it represents the logarithm of the odds that individual q will choose

alternative 1. An appeal of the logistic transformation of the dependent variable is

that it transforms the problem of predicting probabilities within a (0, 1) interval to the

problem of predicting the odds of an alternative being chosen within the range of the

entire real line (ÿ1, �1).
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Direct estimation of equation (B3.13) is not possible. If P1q (actually, fq1 is what we

observe) is equal to either 0 or 1, then P1q=�1ÿ P1q� will equal zero or in®nity and the

logarithm of the odds is unde®ned. Thus the application of ordinary least squares

(OLS) estimation to equation (B3.13) when P1q � 1 or 0 is inappropriate. We do,

however, have two situations in which this equation is useful.

B3.3.1 Group data

What we are about to describe is only possible if observations are repeated for each

value of an explanatory variable. If this condition is met, OLS or weighted least

squares (WLS) can be used to estimate (B3.13).

De®ne P̂1 � r1=n1r1 as the number of replications (observations) choosing alterna-

tive 1 that are contained in the cell representing the particular value of the explanatory

variable, and n1 is the number of observations relevant to that particular cell. Then,

ln
r1=n1

1ÿ r1=n1

� �
� ln

r1
n1 ÿ r1

� �
�

XK
k�1

ÿkXk; �B3:14�

where Xk is the value of the explanatory variable for that cell. This equation, referred

to as linear logit, can be estimated using OLS and will yield consistent parameter

estimates when the number of repetitions for each of the levels of the Xs grows

arbitrarily large. A large sample size is required to ensure approximation to a

normal distribution when the dependent variable is of the form in equation (B3.14).

To accommodate error variance heteroscedasticity, particularly if the sample is not

large, we can apply WLS and weight each cell by n1=�r1�n1 ÿ r1�� since ln�r1=�n1 ÿ r1��
is approximately normally distributed with mean 0 and variance �1 �
n1=��r1�n1 ÿ r1���.

This weight will assist when a small sample is used. However, regardless of sample

size, this approach is suitable only when su�cient repetitions occur. With extreme

values or outliers the OLS and WLS approaches perform poorly. As r1=n1 approaches

0 or 1, �1 could be adjusted to accommodate this as in equation (B3.15):

�1 �
�n1 � 1��n1 � 2�

n1�r1 � 1��n1 ÿ r1 � 1� �B3:15�

However, for successful application of the approach, given that heteroscedasticity

and required repetition can be accommodated, continuous explanatory variables

would have to be categorised. This can introduce bias because of the potentially

serious errors-in-variables problem. Fortunately an appealing alternative is available,

namely, the maximum likelihood estimation of the basic MNL model outlined in

chapter 3 and appendix A3.

B3.3.2 Disaggregate data

In the majority of consumer research applications, where there exists more than one

determinant of the choice of an alternative from a choice set, only one choice is
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associated with each set of explanatory variables. The maximum likelihood estimation

procedure is ideally suited to this task, and has the added advantage of data economy

(relatively small sample sizes). For example, 300 observations, with 10 explanatory

variables and a choice split of 30 per cent to 70 per cent is su�cient to estimate a

choice model. The data economy is due, amongst other reasons, to the maintenance of

the decision-making unit as the unit of analysis, rather than an aggregate unit as in the

grouped case, hence increasing the amount of variance to be explained and maintain-

ing maximum relevant information. The aggregation error need not, however, be

serious with grouped data. It is very much dependent on the nature of the policies

being investigated ± in particular the extent of the homogeneous eÿect across the

members of the aggregated unit of analysis. Because a unique maximum always exists

for a logit model (McFadden 1974), maximum likelihood estimation is appealing. The

additional cost in computer time is more than compensated for by the practical

advantages of not having to group observations. This also greatly increases the

¯exibility of data manipulation.

The above discussion notwithstanding, we can extend the linear logit model to the

case of more than two alternatives quite easily. Assuming J alternatives, we can

express the logarithm of the odds of choosing any alternative compared to any base

alternative (arbitrarily, alternative l ) by

ln
Piq

Plq

� �
�

XK
k�1

ÿkilXkq: �B3:16�

There are J ÿ 1 equations of the form (B3.16) with alternative l as a base, the para-

meters of which (i.e. ÿkil) re¯ect the eÿect of the kth explanatory variable on the choice

of alternative i versus alternative l. To examine other binary pairs, for example i versus

j, we need only look at binary pairs (i, l ) and ( j, l ) and combine them as follows.

ln
Piq

Plq

� �
� ln

Plq

Pjq

� �
�

XK
k�1

ÿkljXkq

ln
Piq

Plq

� Plq

Pjq

� �
� ln

Piq

Pjq

� �
�

XK
k�1

�ÿkil � ÿklj�Xkq: �B3:17�

Now, using the general format (B3.16), we can also write this as

ln
Piq

Pjq

� �
�

XK
k�1

ÿkilXkq; �B3:18�

and hence, ÿkij � ÿkil � ÿklj , so that ÿkil � ÿkij ÿ ÿklj . Theil (1971: 119) has noted that

ÿkil above may be written ÿkil � ÿki ÿ ÿkl so that equation (B3.16) may be written

ln
Piq

Plq

� �
�

XK
k�1

�ÿki ÿ ÿkl�Xkq: �B3:19�

As the above analysis shows, the linear logit model depends on analysis of the

diÿerence in response from some base alternative (in our case alternative l ).
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Furthermore, we may impose initialisation constraints on ÿkl such that ÿkl � 0 for all

k, without loss of information. Therefore, the basic model becomes

ln
Piq

Plq

� �
�

XK
k�1

ÿkiXkq: �B3:20�

Let us de®ne ln�Piq=Plq� as Li1=q. In order to estimate the parameters of equation

(B3.20), we must ®rst categorise the explanatory variables (Xs), assuming that the

variables are continuously measured. For example, if there are two Xs, X1 and X2,

we might group X1 into ten sets and X2 into ®ve sets so that there are ®fty possible

combinations of X1 and X2. We may then ®nd the frequency of occurrence of any

alternative for each cell in a 10� 5 contingency table and use these as estimates of Piqs

in Lil=g. Hence, from this point on we refer to group g instead of individual q.

Denoting these frequencies as frijg0 the estimable version of equation (B3.20)

becomes

~Li1jg � ln
frijg
fr1jg

ÿ !
�

XK
k�1

ÿkiXkg � � ~Li1jg ÿ Li1jg�; �B3:21�

where the model is speci®ed in terms of group g instead of individual q and where the

last term is an error term re¯ecting the fact that the observed relative frequencies only

approximate the relative probabilities in equation (B3.20). J ÿ 1 equations are implied

by equation (B3.21).

To illustrate the estimation procedure, suppose there is a 5-alternative choice

scenario (alternatives numbered 0±4). For the 5-choice situation, we can write the

following equations (ignoring the distinction between P and fr at present and dropping

the subscript g):

ln�P0=P1� � ÿ0 � ÿ10X1 � � � � � ÿK0XK

ln�P2=P1� � ÿ2 � ÿ12X1 � � � � � ÿK2XK

ln�P3=P1� � ÿ3 � ÿ13X1 � � � � � ÿK3XK

ln�P4=P1� � ÿ4 � ÿ14Z1 � � � � � ÿK4XK :

�B3:22�

Although one could continue with other pairs such as P0=P2, P0=P3, P0=P4, P2=P3,

P2=P4, P3=P4, a `circulatory' condition guarantees su�ciency by considering only the

number of equations where all response categories are diÿerent from a selected base or

denominator category, arbitrarily selected in our case as alternative l. The system of

equations is constrained so that the sum of the probabilities is equal to 1 for any given

group.

Some adjustments to the estimable model are required to allow for the error

introduced by grouping observations. We have already mentioned the adjustment
~Lg ÿ Lg to account for the use of relative frequencies as estimates of probabilities.

However, the error variances between cells are not constant (a requirement for ordinary

least squares regression); hence an adjustment is required to remove heteroscedasticity.
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Theil (1970: 317) has demonstrated that these error variances take the asymptotic form

1=�ngPg�1ÿ Pg��.
Thus, in estimation, given the knowledge of heteroscedasticity, the ordinary least

squares estimators of ÿ0; ÿ1; . . . ; ÿK are replaced by another set of weighted least

squares estimators using weights of the form:

wg � ngFg�1ÿ Fg� �B3:23�

where Fg � relative frequency for group g (ng=Q).

These weights imply that as the number of observations ng in a cell increases, more

weight is allocated to that cell in the estimation procedure. Given ng, however, as Fg

approaches 0 or 1, less weight is allocated because ~Lg takes large negative or positive

values and is thus highly sensitive to small changes in Fg. This system of weights thus

eÿectively excludes a cell g in which the observed relative frequency is 0 or 1. Berkson

(1953) proposed alternative working values in order to reduce information loss:

1=rng to replace 0 when Fg � 0

1ÿ 1=rng to replace 1 when Fg � 1;

where r is the number of response categories. So far, the model is as follows:

~L01g � ln
F0

F1

� �
g

� wgÿ0 � wgX1g0ÿ10 � � � � � wgXKg0ÿK0 � � ~L01g ÿ L01g�

(with the 0 subscript dropped for X if the X-variable is generic),

~L21g � ln
F2

F1

� �
g

� wgÿ2 � wgX1g2ÿ12 � � � � � wgXKg2ÿK2 � � ~L21g ÿ L21g�

(with the 2 subscript dropped for X if X is generic),

~L31g � ln
F3

F1

� �
g

� wgÿ3 � wgX1g3 � � � � � wgXKg3ÿK3 � � ~L31g ÿ L31g�

(with the 3 subscript dropped for X if X is generic),

~L41g � ln
F4

F1

� �
g

� wgÿ4 � wgX1g4ÿ14 � � � � � wgXKg4ÿK4 � � ~L41g ÿ L41g�

(with the 4 subscript dropped for X if X is generic), and the Wg matrix is

ng

f0j�1ÿ f0j� ÿf0j f2j ÿf0j f3j ÿf0j f4j

ÿf2j f0j f2j�1ÿ f2j� ÿf2j f3j ÿf2j f4j

ÿf3j f0j ÿf3j f2j f3j�1ÿ f3j� ÿf3j f4j

ÿf4j f0j ÿf4j f2j ÿf4j f3j f4j�1ÿ f4j�

2
6664

3
7775

and f2g, for example, is the relative frequency of the choice of response category 2 in

cell g. The estimates of ÿs are obtained (in matrix form) by generalised least squares
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(see Theil (1971) for a more detailed explanation):

ÿ̂ � �X 0wÿ1x�ÿ1x 0wÿ1 ~L: �B3:24�
The estimated probabilities are then given by

P̂0g � exp L̂0g=�1� exp L̂0g � exp L̂2g � exp L̂3g � exp L̂4g�

P̂1g � 1

,
1� exp L̂0g �

X4
i�2

exp L̂ig

ÿ !

P̂2g � exp L̂2g

,
1� exp L̂0g �

X4
i�2

exp L̂ig

ÿ !

P̂3g � exp L̂3g

,
1� exp L̂0g �

X4
i�2

exp L̂ig

ÿ !

P̂4g � exp L̂4g

,
1� exp L̂0g �

X4
i�2

exp L̂ig

ÿ !
;

�B3:25�

where L̂g � ÿ̂ � ÿ̂1xg1 � ÿ̂2xg2 � � � � (note that the ÿ̂s are obtained from a generalised

least squares regression with weights as de®ned above). Since the model is estimated

using relative frequencies as estimates of probabilities, then the output should be

interpreted as `estimates of estimates of probability'. A comparison between ~Lg, the

observed logit based on relative frequencies, and L̂g, the predicted logit, appropriately

weighted, provides a basis for testing the predictive capability of the model. That is,X
g

� ~Lg ÿ L̂g�2wg �B3:26�

is a goodness-of-®t statistic asymptotically distributed as �2 with (J ÿ K) degrees of

freedom.

We re-emphasise the point that the linear logit method is inferior to non-linear

maximum-likelihood logit, especially in situations when some or all of the explanatory

variables are quantitative (i.e., measured on a continuous scale). This occurs due to a

loss of information from intracell variation occurring from the grouping process.

However, linear logit is quite useful in experimental situations where the Xs can be

controlled by the investigator, as in the case of stated choice experiments. An extended

discussion of linear logit (or log-linear models) using contingency tables is given in

Payne (1977) and Goodman (1970, 1972).
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4 Experimental design

4.1 Introduction

Revealed preference (RP) or market data are commonly used by economic, marketing

and transport analysts to estimate models that explain discrete choice behaviour, as

discussed in chapter 2. Such data may have substantial amounts of noise that are the

result of many in¯uences, e.g., measurement error. In contrast, stated preference (SP) or

choice (SC) data are generated by some systematic and planned design process in which

the attributes and their levels are pre-de®ned without measurement error and varied to

create preference or choice alternatives. Similarly, RP choices can be measured with

relatively little (if any) error when direct observation is possible (e.g., one can record

brands chosen by consumers in supermarkets, or modes chosen by travellers in the act

of making trips). However, an individual's self-report of a choice `actually' made is

likely to be uncertain, and the uncertainty or noise probably increases as the time

between the actual choice and the report of that choice increases. Additionally, SP and

SC responses are `stated' and not actual, and hence are uncertain because individuals

may not actually choose the alternatives that they say they will/would.

In later chapters we will discuss the bene®ts of combining RP and SC data to take

advantage of their strengths and (we hope) minimise their individual weaknesses.

Before doing so, we have to introduce a set of analytical tools that provide the building

blocks for the design of choice experiments. Chapter 5 uses these tools to design

families of choice experiments.

The concept of designed experiments, while unfamiliar to many economists and

econometricians, is widespread in the physical, biological and behavioural sciences,

engineering, statistics, marketing and many other ®elds. An experiment, in its simplest

form, involves the manipulation of a variable with one or more observations, taken in

response to each manipulated value of the variable. In the experimental design litera-

ture the manipulated variable is called a `factor', and the values manipulated are called

`factor levels'. Such variables are also referred to in various disciplines as independent

or explanatory variables, or attributes when they are features or characteristics of

products and services (as described in chapter 1).
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Each unique factor level is also termed a `treatment', or if more than one factor is

manipulated, each combination of factor levels is called a `treatment combination'.

Marketers tend to call the latter `pro®les'; hence diÿerent disciplines have evolved

diÿerent terms for the same concepts, which only compounds the confusing jargon

for newcomers to this area. We will use the terms `attribute' and `attribute levels'

instead of `factors' and `factor levels' in this book, and where other terms are used

we will be careful to de®ne them using the least possible amount of jargon.

A designed experiment is therefore a way of manipulating attributes and their levels to

permit rigorous testing of certain hypotheses of interest. In the general case of SP and

SC models, the hypotheses of interest typically concern terms in utility and choice

models. More generally, the term `design' refers to the science of planning in advance

exactly which observations to take and how to take them to permit the best possible

inferences to be made from the data regarding the hypotheses of research interest.

Designed experiments can be very simple, involving as little as one attribute level (e.g.,

a particular price discount) and an associated control condition in which there is no

discount. The design aspect deals with planning the experiment in such a way that as

many other in¯uences as possible can be ruled out. So, our price discount example,

whilst simple, is not well designed because it does little to control for many other

possible in¯uences on the behaviour of interest (e.g., purchase volumes, trends, etc.).

The ®eld of experimental design is now quite mature, especially in the case of testing

hypotheses based on general linear models, such as the ANOVA and multiple regres-

sion models. However, experimental design for non-linear models, such as designs for

the families of choice models discussed in this book, is still in its infancy, though

advances we later discuss are being made. Not only is the general experimental design

®eld mature, it is also remarkably diverse and varied. Hence, we restrict our discussion

to the class of designs known as factorial designs, both complete (when all treatment

combinations are used) and fractional (when a subset of all the treatments are used). It

is important to note, however, that this restriction is merely for pedagogical conve-

nience, and a serious student of stated choice theory and methods must be prepared to

master a much wider design literature to solve real problems with any degree of

complexity (e.g., Street and Street 1987, Winer 1995).

4.2 Factorial designs

Factorial designs are designs in which each level of each attribute is combined with

every level of all other attributes. Consider a simple problem involving three attri-

butes, each of which has exactly two levels. For example, suppose the attributes are

associated with canned soups, and they are type of meat (beef or chicken), noodles

(present or absent) and vegetables (present or absent). Each combination of the levels

of the three attributes describes a unique soup (e.g., chicken noodle with vegetables),

and all possible soups that can be created from this particular set of attributes and

levels are given by the factorial combination of attribute levels. That is, there are

2� 2� 2, or eight total soups, as can be seen in table 4.1.

Stated Choice Methods84



More generally, a factorial design consists of two or more attributes, each of which

has two or more levels. For example, table 4.2 illustrates a 2� 2 (or 22) factorial and a

2� 2� 2 (or 23) factorial. Note that the attribute levels are coded 1 or 2, but any other

coding scheme that is unique could have been used. Generally speaking, in the experi-

mental design literature it is common to code L levels of attributes as 0, 1, 2; . . . ;Lÿ 1.

For the present, we use 1, 2; . . . ;L, but eventually we will use the 0, 1; . . . ;Lÿ 1

convention as we move away from simple concepts.

In general, therefore, a factorial design is simply the factorial enumeration of all

possible combinations of attribute levels. Such a complete enumeration is often called

a `complete factorial' or a `full factorial'. Factorial designs have very attractive statis-

tical properties from the standpoint of estimating the parameters of general linear

models and/or testing hypotheses based on such models. In particular, complete fac-

torial designs guarantee that all attribute eÿects of interest are truly independent. In

fact one might say that the attributes are independent `by design'. Thus, the statistical

eÿects or parameters of interest in such models can be estimated independently of one

another. Additionally, all possible eÿects associated with analysis of variance
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Table 4.1. Example factorial design

Soup combination Meat Noodles Vegetables

1 chicken present present
2 chicken present absent
3 chicken absent present
4 chicken absent absent

5 beef present present
6 beef present absent
7 beef absent present

8 beef absent absent

Table 4.2. The 2� 2 (or 22) and 2� 2� 2 (or 23) factorial designs

Attributes of the �2 Attributes of the 2� 2� 2
Treatment

combination A (2 levels) B (2 levels) A (2 levels) B (2 levels) C (2 levels)

1 1 1 1 1 1

2 1 2 1 1 2
3 2 1 1 2 1
4 2 2 1 2 2

5 2 1 1
6 2 1 2
7 2 2 1

8 2 2 2



(ANOVA) or multiple linear regression models can be estimated from a complete

factorial.

The eÿects of interest in the case of ANOVA and multiple regression models are,

respectively, means, variances and regression parameters or slopes. In the case of the

general polynomial regression model, the regression parameters are the exact counter-

parts of the ANOVA means, and constitute the basis for `tests on trends' widely used

in the ANOVA paradigm. We will frequently use the term `eÿect' (or, more generally,

`eÿects') with reference to model results. An eÿect is a diÿerence in treatment means

relative to a comparison, such as the grand (or overall) mean. In the design literature

in mathematical statistics, an eÿect is a comparison of the means of the factor levels by

means of orthogonal constraints.

A `main eÿect' is the diÿerence in the means of each level of a particular attribute

and the overall or `grand mean,' such that the diÿerences sum to zero. Because of this

constraint, one of the diÿerences is exactly de®ned once the remaining Lÿ 1 are

calculated for an L level attribute. The latter constraint gives rise to the concept of

degrees of freedom, and leads naturally to the conclusion that there are Lÿ 1 degrees

of freedom in each main eÿect because one diÿerence is exactly determined. In general,

if an attribute has no statistical eÿect on the dependent variable (more generally, the

`response'), then the mean of each of its levels (called the `marginal mean') will be the

same and equal to the grand mean in theory, or statistically equivalent in practice.

In the regression paradigm the main eÿect of a quantitative (and continuous) attri-

bute can be de®ned by a polynomial of degree Lÿ 1, where j � 1; 2; . . . ;L indexes the

levels of the attribute, and L is again the total number of such levels. If an attribute has

no statistical eÿect, all regression parameters will be exactly zero in theory and non-

signi®cant in practice. In the case of a qualitative attribute, the main eÿect can be

de®ned by Lÿ 1 dummy or eÿects-coded variables, each of which represents one of

the attributes' Lÿ 1 levels. That is, if an attribute has L levels, we can represent any

arbitrary subset of Lÿ 1 of them as follows:

� Create a dummy variable, D1, such that if the treatment contains the ®rst level

selected, D1 � 1, otherwise D1 � 0.

� Create a second dummy variable, D2, such that if the treatment contains the

second level selected, D2 � 1, otherwise D2 � 0.

� Continue in this fashion until Lÿ 1 dummies are created, i.e., D1;D2; . . .DLÿ1.

Thus, the main eÿect of a factor represented by Lÿ 1 dummy variables can be

expressed as follows:

Yij � ÿ0 � ÿ1Di1 � ÿ2Di2 � � � � � ÿLÿ1DiLÿ1;

where Yij represents the ith response to treatment (level) j of the factor. In this coding

scheme, it should be obvious that the Lth (or arbitrarily omitted) level is exactly equal

to ÿ0, and ÿ1; ÿ2; . . . ; ÿLÿ1 are the means of each level of the factor. Thus, the Lth eÿect

is perfectly correlated with the intercept or grand mean.

Eÿects codes constitute a useful alternative to dummy codes. As with dummy codes,

the main eÿect of a qualitative attribute can be de®ned by Lÿ 1 eÿects-coded
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variables that represent an arbitrary Lÿ 1 of its levels. That is, if an attribute has L

levels, we can represent any arbitrarily chosen Lÿ 1 of them as follows:

� Create a dummy variable, D1, such that if the treatment contains the ®rst level

selected, D1 � 1, if the treatment contains the Lth level, D1 � ÿ1, otherwise

D1 � 0.

� Create a second dummy variable, D2, such that if the treatment contains the

second level selected, D2 � 1, if the treatment contains the Lth level, D2 � ÿ1,

otherwise D2 � 0.

� Continue in this fashion until Lÿ 1 eÿects codes are created, i.e., D1;D2; . . .DLÿ1.

As before, the main eÿect of a factor represented by Lÿ 1 eÿects coded variables can

be expressed as follows:

Yij � ÿ0 � ÿ1Di1 � ÿ2Di2 � � � � � ÿLÿ1DiLÿ1;

where Yij represents the ith response to treatment j of the factor. In this coding

scheme, the Lth (or arbitrarily omitted) level is exactly equal toP
j 6�Lÿ1�ÿ1 � �ÿj 6�Lÿ1�� and ÿ1; ÿ2; . . . ; ÿLÿ1 are the means of the remaining Lÿ 1 attri-

bute levels. In contrast to dummy codes, eÿects codes are uncorrelated with the grand

mean or intercept in the model (ÿ0), and their column sum is 0. However, eÿects-coded

variables are not orthogonal with one another, but are instead constantly correlated.

Thus, each represents a non-orthogonal contrast between the Lth level and the jth

level (i.e., a comparison of treatment means).

Although `main eÿects' are of primary interest in practical applications of SP theory

and methods, they are not the only eÿects that may be of interest. In particular,

`interaction eÿects' frequently are of theoretical interest, and despite the fact that

they are ignored in the overwhelming majority of practical applications, it is important

to understand their role in any application. In fact, even though interactions fre-

quently are ignored by practitioners (and many academics!) this does not mean that

they do not matter. Indeed, including interactions suggested by theory or previous

empirical evidence often provides insights otherwise not possible, and ignoring (i.e.,

omitting) or assuming non-signi®cance of interactions in applications can be danger-

ous.

This raises the issue of the meaning of interactions and how to interpret them.

Simply put, an interaction between two attributes will occur if consumer preferences

for levels of one attribute depend on the levels of a second. For example, if preferences

for levels of product quality depend on levels of price, there will be an interaction.

That is, if consumers are less sensitive to prices of higher than lower quality products,

price slopes will diÿer by level of quality, and therefore preferences for combinations

of price and quality will require this interaction to correctly represent preferences in

statistical models.

Early research in stated preference consumer transport mode choice decisions

frequently revealed interactions among such attributes as travel time, fare, walking

distance to/from stops and frequency of service (e.g., Norman and Louviere 1974).

These interactions were large and meaningful, and typically displayed the same
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pattern in diÿerent studies: the utilities followed a multiplicative-like rule in which all

the attributes behaved like complements. Thus, the response to a change in any

one attribute, such as fare, depends on the values of these other attributes, such

that the lower the fare and the better the values of the other attributes the larger

the impact of fare, all else equal. Similar interpretations hold for the other

attributes. Recently, Ohler et al. (2000) demonstrated that this same interaction

pattern obtained in mode choice data, so it is unlikely to be context-dependent or

study-speci®c.

Continuing the mode choice example, a strictly additive model would under- and

over-predict at the extremes of the utility space. Hence, additive models should over-

predict the responses to changes when attribute levels are relatively worse from a

utility standpoint, and under-predict responses when attribute levels are relatively

better. In the middle of the space, additive models will predict relatively well even

when the true speci®cation contains interactions, as in the case of the fully multi-

plicative model. It is worth noting that the multiplicative models to which we referred

are not additive under a logarithmic transform of both sides because the utility scale is

not a ratio scale, and hence does not contain a natural zero that would allow a log-log

transformation. Another example of an important interaction term is the very large

commuting distance by city-size interaction found by Lerman and Louviere (1978) in

their study of SP and RP residential choice decisions. The key takeaway from the

foregoing discussion should be that there is ample evidence that interactions exist in

many decision rules. Hence, assuming strictly additive utility functions is likely to be

very naive and quite ill-advised in many applications from a prediction and policy

inference viewpoint. The latter is true despite the fact that we later demonstrate that

additive models often will predict well in practical situations in which the middle

region of the utility space is of primary interest.

Ideally, one would like some theoretical and/or empirical guidance in deciding

which (if any) interactions to include and estimate. Unfortunately, economic theory,

including axiomatic utility theory and its counterpart in psychology, behavioural

decision theory, generally are silent about the issue of interactions, with some notable

exceptions in information integration theory and risky decision-making (e.g.,

Anderson 1981, 1996; Keeney and Raiÿa 1976). Thus, it is important to note that

the assumptions that must be satis®ed for utility functions to be strictly additive

(i.e., preferential independence of all attributes) are unlikely to be satis®ed in many

real markets; hence, additivity of utility should be regarded from the outset as very

naive and simplistic. On the other hand, the more complex an applied problem, the

more one has to make assumptions about additivity of marginal utilities, and we

later note that in some applications it may not be practical (or even possible) to use

designs that provide relatively e�cient estimates of all main eÿects and two-way

interactions.

Hence, in many cases, one must use main eÿects designs or do nothing. This state of

aÿairs may not be altogether unfortunate because, as previously noted, models derived

from such designs often predict well in attribute regions of greatest interest even if

their parameters are biased. It is important, therefore, to recognise two diÿerent and
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often con¯icting objectives in empirical research on consumer decision making and

choice behaviour:

1. Understanding decision and choice processes depends on having the greatest pos-

sible amount of information, which typically means complete factorials, or at least

designs that permit one to estimate some or all two-way (or possibly higher-order)

interactions in addition to main eÿects. Science typically is best served by designs

that permit as wide an array of utility speci®cations as possible to be estimated

and tested.

2. Practical prediction of consumer response to changes in one or more attributes

often can be achieved without real understanding. In fact, we later show that

many, if not most, decision experiments satisfy certain conditions that ensure

reasonable predictive accuracy even when utility functions are quite misspeci®ed.

Practical prediction often can be achieved by highly fractionated designs, includ-

ing designs that permit one to estimate only main eÿects. The latter are so-called

`main eÿects only' designs, and require assumptions/knowledge that all interac-

tions are zero or not statistically signi®cant.

Academics typically are interested in the ®rst objective, and practitioners in the

second. It is worth noting, however, that understanding generally leads to better

prediction, but better prediction does not necessarily lead to understanding. In either

case, however, there are limits to the size of experiments. Complete factorials grow

exponentially in size and complexity as we increase the number of attributes, the

number of attribute levels or both. Also, the more attributes to be studied, the

more likely it is that a high proportion of higher-order interactions will be of

little to no interest. Indeed, in the absence of theory, it is di�cult to know how

to interpret three-, four- or higher-way interactions, even if they prove to be

signi®cant. (In fact, one might even go so far as to say that the interpretation of

such high-order interactions is risky in the absence of highly controlled laboratory

conditions.) Finally, we later discuss the fact that even if such high-order interactions

are signi®cant, they rarely produce much bias in main and two-way interaction

estimates.

So, the key takeaway from the preceding discussion is that one needs seriously

to consider the fact that at least some interactions will exist and be meaningful

and signi®cant, which brings us to the topic of fractional factorial designs.

Fractional designs are ways to systematically select subsets of treatment com-

binations from the complete factorial such that the eÿects of primary interest can

be estimated under the assumption that (often, many) interactions are not signi®-

cant.

4.3 Fractional factorial designs

Notwithstanding the statistical advantages possessed by complete factorials, such

designs are practical only for small problems involving either small numbers of

Experimental design 89



attributes or levels or both. In our experience the vast majority of SP problems are too

large to allow one to use complete factorials. For example, consider a relatively small

problem involving ®ve attributes denoted by capital letters, with levels indicated in

parentheses: A�2� � B�4� � C�4� �D�5� � E�8�, or 2� 4� 4� 5� 8, or more simply

yet, 2� 42 � 5� 8. The complete factorial involves 1280 total combinations, each of

which requires a minimum of one observation in order to estimate all the possible

eÿects. It may also be the case (and usually is) that many fewer than all possible eÿects

are of real interest, which suggests that complete factorials rarely will be of interest

except for fairly small problems.

As the number of possible combinations in complete factorial designs increase one is

motivated to reduce the size of such problems to undertake practical work in the ®eld.

Such problems can be reduced to practical sizes by using fractional factorial designs.

Fractional factorial designs involve the selection of a particular subset or sample (i.e.,

fraction) of complete factorials, so that particular eÿects of interest can be estimated as

e�ciently as possible. Instead of sampling randomly from the complete factorial,

statistical design theorists have developed a large range of sampling methods that

lead to practical designs with particular statistical properties. In general, all fractional

designs involve some loss of statistical information, and the information loss can be

large. That is, all fractions require assumptions about non-signi®cance of higher-order

eÿects, i.e., interactions between two or more attributes. We will discuss the types of

assumptions one has to make, and their consequences later in this chapter, but for the

present it is su�cient to note that failure to satisfy such assumptions may result in

biased and misleading model estimates. Econometricians will recognise this as an

omitted-variables problem.

We begin our discussion by presenting a formal system for representing factorials

and fractional factorials.1 Consider a complete factorial design, consisting of three

factors A, B and C, each of which varies over two levels. The notation we will use for

this design and the eÿects therein is provided in table 4.3.
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Table 4.3. Standard design notation

Factor A Factor B Factor C Notation Simple eÿects

0 0 0 (1)
Aÿ �1�

1 0 0 A

0 1 0 B
ABÿ B

1 1 0 AB

0 0 1 C
ACÿ C

1 0 1 AC

0 1 1 BC
ABCÿ BC

1 1 1 ABC

1 This discussion bene®ted considerably from discussions with and presentations in the University of

Sydney SP interest group seminars by Dr Deborah Street, University of Technology, Sydney.



Now we can de®ne the various eÿects as given next:

1. The main eÿect of A � 1=4�Aÿ �1� �ABÿ B�ACÿ CÿABCÿ BC� �
1=4�Aÿ 1��B� 1��C � 1�:

2. The main eÿect of B � 1=4�A� 1��Bÿ 1��C� 1�.
3. The main eÿect of C � 1=4�A� 1��B� 1��Cÿ 1�.
4. The AB interaction � �ABÿ B�ABCÿ BC� ÿ �Aÿ �1�� � �ACÿ C� � �Aÿ 1�

�Bÿ 1��C � 1�.
5. The AC interaction � �Aÿ 1��B� 1��Cÿ 1�.
6. The BC interaction � �A� 1��Bÿ 1��Cÿ 1�.
7. The ABC interaction � �Aÿ 1��Bÿ 1��Cÿ 1�.

We can rearrange the above into table 4.4 such that if we multiply the codes in each

row by the corresponding columns we can obtain the exact eÿects de®ned above.

Now, suppose that we cannot deal with the complete factorial, and instead want

only a subset (e.g., we may not be able to observe all eight treatment combinations, or

think that asking subjects to evaluate all eight may be too burdensome). In particular,

let us decide to choose 1 in 2 of the eight treatment combinations (i.e., a 1/2 fraction).

For pedagogical reasons we ignore all fractions that are not regular fractions, but

generally speaking unless one is familiar with advanced design theory, it probably is

wise to avoid irregular fractions (regularity is de®ned below). To understand fractions,

one needs to understand aliasing. The `alias' of an eÿect in a regular fraction consists

of one or more omitted eÿects. For example, in the case of an experiment with three

attributes at two levels, the main eÿect of attribute A may be aliased with the BC

interaction. In larger experiments, the main eÿect of attribute A may be aliased with

several interactions of diÿerent orders.

Thus, in regular fractions the aliasing (sometimes also called `confounding') struc-

ture of the design consists of known and exact subsets of eÿects in the design. By way

of contrast, in irregular fractions the aliasing structure consists of a linear combination

of eÿects in the design. That is, the main eÿect of attribute A is a perfect linear

combination of one or more omitted eÿects, but is not a perfect correlate of any
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Table 4.4. De®ning relations for 23 designs

(1) A B AB C AC BC ABC Eÿect

ÿ1 �1 ÿ1 �1 ÿ1 �1 ÿ1 �1 ME(A)
ÿ1 ÿ1 �1 �1 ÿ1 ÿ1 �1 �1 ME(B)
�1 ÿ1 ÿ1 �1 �1 ÿ1 ÿ1 �1 INT(AB)
ÿ1 ÿ1 ÿ1 ÿ1 �1 �1 �1 �1 ME(C)

�1 ÿ1 �1 ÿ1 ÿ1 �1 ÿ1 �1 INT(AC)
�1 �1 ÿ1 ÿ1 ÿ1 ÿ1 �1 �1 INT(BC)
ÿ1 �1 �1 ÿ1 �1 ÿ1 ÿ1 �1 INT(ABC)

Notes: ME � main eÿect; INT � Interaction.



one of them. In the case of regular fractions, therefore, it is easy to determine exactly

which eÿects are aliased (or confounded) with what other eÿects, but in the latter case,

this structure is neither obvious nor necessarily easy to determine. Readers with

econometric backgrounds should view this as a case of exact collinearity of omitted

and included eÿects. To emphasise, in the case of regular fractions, one or more

omitted eÿects are exactly correlated (r � �1:0) with included eÿects; in the case of

irregular fractions, included eÿects are either exact linear combinations of omitted

eÿects or are highly correlated with them.

Recall that we decided to sample only half the treatment combinations; hence we

are free to select any four columns in table 4.4 to de®ne our fraction. It is relatively

easy to determine if one has selected a regular fraction because all regular fractions

contain one row in which all the entries equal one. The eÿect represented by this row is

called a `de®ning relation'. For example, let us choose columns A, B, C and ABC to

represent the four treatments in our one-half fraction that we wish to construct (cols 2,

3, 5 and 8 of table 4.4).

Note that, for these four treatments, the row INT(ABC) entries are all �1s, hence

this now is the `de®ning relation'. We de®ne each alias structure in the design by

multiplying each eÿect by the de®ning relation as follows:

� A � A�ABC � A2BC � BC

� B � B�ABC � AB2C � AC

� C � C�ABC � ABC2 � AB

� AB � AB�ABC � A2B2C � C

� AC � AC�ABC � A2BC2 � B

� BC � BC�ABC � AB2C2 � A

� ABC � ABC�ABC � A2B2C2 � 1.

Each squared eÿect above equals one, and hence can be ignored. Thus, if we choose

this particular subset of eÿects to make our one-half fraction, each main eÿect (A, B, C)

is perfectly aliased with a two-way interaction, and the three-way interaction is exactly

equal to one, or the grand mean (or intercept). That is, if we use the four treatment

combinations implied by this choice of columns, and we estimate the main eÿect of

factor A from SP response data, we actually estimate the main eÿect of A if and only if

the two-way interaction BC is not signi®cant (equals zero). Otherwise, we cannot

know if our estimate is in fact the main eÿect of A, the BC interaction or some

combination of both A and BC. All regular fractions have properties similar to this,

and all eÿects that one estimates from regular fractions will be perfectly aliased with

one or more omitted eÿects.

Another way of considering the foregoing problem of the selection of a 1/2 fraction

of the 2� 2� 2 (or 23) factorial is shown in table 4.5a. The table contains both halves

of the 23, and each contains exactly four treatment combinations. It is easy to see that

the ®rst two columns in both halves are identical (factors A and B), but the third

column diÿers. In fact, the third column is exactly equal to the AB interaction. The

latter can be seen easily if we modify the coding of the attribute levels by replacing 1,2

with their corresponding orthogonal codes. Orthogonal codes are a transformation of
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the original codes such that each column sums to zero and the inner product of each

pair of columns is zero. In the present case, replacing 1 and 2 with ÿ1 and �1 satis®es

the transformation. However, in the case of two levels, subtracting the mean also

satis®es the transformation because of the constraint on the eÿects of the L (�2 in

this case) levels to sum to zero.

We replace codes 1,2 with ÿ1;�1 in table 4.5b to demonstrate that the cross-

product of columns A and B reproduce the values in column C in both fractions.

Thus, column C is the interaction (cross-product) of columns A and B in both frac-

tions. This illustrates our earlier point about assumptions required to use fractions:

column C represents the main eÿect of attribute C, the AB interaction or some com-

bination of both. Note also that four interactions are possible with three attributes:

AB, AC, BC and ABC. These interactions are orthogonal cross-products in the com-

plete factorial, but are perfectly confounded (correlated) with one of the columns in

each fraction. For example, BC � A in both fractions, whereas ABC identically equals
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Table 4.5a. Two 1/2 fractions of the 23 factorial

Combination A (2 levels) B (2 levels) C (2 levels)

Fraction 1
1 1 1 1
2 1 2 2
3 2 1 2

4 2 2 1

Fraction 2
1 1 1 2
2 1 2 1

3 2 1 1
4 2 2 2

Table 4.5b. Orthogonally coded 1/2 fraction of the 23 factorial

Combination A (2 levels) B (2 levels) C (2 levels)

Fraction 1
1 ÿ1 ÿ1 ÿ1
2 ÿ1 �1 �1
3 �1 ÿ1 �1

4 �1 �1 ÿ1

Fraction 2
1 ÿ1 ÿ1 �1
2 ÿ1 �1 ÿ1

3 �1 ÿ1 ÿ1
4 �1 �1 �1



ÿ1 in fraction 1 and �1 in fraction 2; hence, ABC exactly equals the intercept (grand

mean). Thus, design columns represent not only main eÿects assigned to them (i.e., A,

B and C), but also unobserved (and unobservable) interaction eÿects.

The latter point is particularly important. If the omitted interaction eÿects are not

zero (i.e., at least one is signi®cantly diÿerent from zero), the eÿects estimated by such

a fraction will be biased, and the nature and extent of the bias cannot be known in

advance because it depends on the unobserved eÿects. This important aspect of frac-

tional designs seems to have escaped the attention of large numbers of academics and

practitioners who undertake SP research. More problematic is the widespread use of

designs such as table 4.5a, which allow identi®cation only of main eÿects, and require

assumptions about all unobserved interactions.

The fractions in table 4.5b involve four unobserved interactions, but consider a

modest extension involving ®ve attributes, each with four levels (or 45). Once again,

suppose that the complete factorial contains too many treatment combinations (1024)

for an experiment involving individual consumers. Hence, we want a much smaller

number of treatment combinations. Let us assume that 16 combinations is the most we

can tolerate, which is 1/64 of the total design, or 45ÿ3. Also assume that we are willing

to ignore all two-way and higher-order interactions, either because we have no other

choice or because we have reason to believe that they are not signi®cant.

The foregoing problem translates into a design that allows estimation of only the

main eÿects of the ®ve attributes. E�cient estimation of the parameters of a linear

model that represents the utility function of interest (i.e., `main eÿects only') can be

accomplished if we select the treatments such that the resulting main eÿects columns in

our design are orthogonal. The ®ve-attribute main eÿects contain ®fteen degrees of

freedom because each attribute has four levels (i.e., three degrees of freedom each).

Bear in mind, however, that we explicitly ignored all interactions and/or assumed them

away (i.e., 1024ÿ 15 � 1009 other eÿects). Frankly, it would be miraculous if all

remaining 1009 interaction terms (degrees of freedom) were not signi®cant, especially

as there is no theory to suggest otherwise.

4.4 Practical considerations in fractional designs

At this point, one may well ask why one would want to use fractional factorial designs

to study and model decision processes given the large number of potentially unob-

served interaction eÿects in most designs. Indeed, researchers interested in understand-

ing decision process, as opposed to practical prediction, should think seriously about

using fractions. In the case of practical prediction, however, bias may be less of an

issue, although problems of incorrect inference remain. In any case, aliasing interac-

tion eÿects with main eÿects to create regular fractions can be somewhat justi®ed by

the following well-known results for linear models (e.g., Dawes and Corrigan 1974):

� main eÿects typically account for 70 to 90 per cent of explained variance,

� two-way interactions typically account for 5 to 15 per cent of explained variance, and

� higher-order interactions account for the remaining explained variance.
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Thus, even if interactions are signi®cant and large, they rarely account for a great deal

of explained variance. This suggests that a wise approach to design strategy should be to

use designs that allow estimation of (at least) all two-way interactions whenever possible

because main eÿects and two-way interactions account for virtually all the reliable

explained variance. Thus, little variance is accounted for by omitted eÿects, and bias

in the estimates of interest should be minimised (although not eliminated).

Additionally, if attribute preference directionality is known a priori, this also should

ensure high levels of explained variance (e.g., Dawes and Corrigan 1974; Anderson

and Shanteau 1977). Speci®cally, regardless of true (but unknown) forms of utility or

decision rules, if attribute levels are monotonically related to responses, or can be

transformed to be so related, any additive model will ®t the data from which it is

estimated very well, and also will cross-validate well to hold-out (test-retest) samples.

Thus, as long as a consumer's decision rule is of the general form that more good

attribute levels result in more positive responses, additive models will ®t and predict

well within the domain of attribute levels encompassed by the experiment.

A corollary to the preceding discussion of conditional attribute monotonicity is that

interaction eÿects also will have properties that bene®t practical prediction. That is,

most of the variance explained by interactions should be captured by their linear-by-

linear (or bilinear) components. A bilinear component is a simple cross-product of two

linear components in a polynomial expansion. That is, if two attributes X and Z each

have L levels, their means (or marginals in the case of discrete-choice experiments) can

be ®tted exactly with a polynomial of degree Lÿ 1. As well, their two-way interaction

can be exactly ®tted by expanding the cross-products to include all �Lÿ 1� � �Lÿ 1�
polynomial components: XZ;X2Z; . . . ;XLÿ1Z;XZ2;XZ3; . . . ;XZLÿ1;X2Z2; . . . ;

XLÿ1ZLÿ1. The bilinear component is the XZ term in this expansion, and if both X

and Z are monotonically related to the response, almost all the reliable variance

explained by the two-way interaction of X and Z should be in XZ.

This property of conditionally monotone attributes suggests a useful design strategy

that is consistent with the objective of minimising the variance attributable to unob-

served but signi®cant eÿects (i.e., omitted eÿects). The majority of variance explained

by two-way interactions should be in the bilinear component, which can be captured by

generating an `endpoint design' based on the extreme levels of each attribute. The

`extreme levels' are the highest and lowest levels of each attribute in terms of its

relation to the response. For example, if price and travel time are two attributes,

then the `extreme levels' would be the highest and lowest fares and times, respectively,

that one wants to vary in the experiment.

One way to make such an `endpoint' design is to use a regular fraction of a 2J

factorial (J � the total number of attributes) in which all main and two-way interac-

tion eÿects are independent of one another. This endpoint design can be combined

with another regular fraction of the LJ factorial in which all main eÿects are in-

dependent of one another (L � all original attribute levels of interest) to estimate

(a) non-linear main eÿects and (b) all linear� linear two-way interaction eÿects.

The combined design may not be orthogonal, but typically is well-conditioned, and

can estimate all eÿects with reasonable statistical e�ciency.
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For example, the complete factorial design for six attributes at four levels has 4096

total combinations (46). The smallest regular fraction in which the main eÿects are

independent contains a subset of 32; hence, thousands of potentially signi®cant eÿects

are unobserved if one uses only the main eÿects design. If all levels are restricted to

their two extremes (end points), there will be six main and ®fteen two-way interactions,

or twenty-one total degrees of freedom (i.e., 6� 5=2 or J � �J ÿ 1�=2�. We can esti-

mate all main and two-way interaction eÿects independently of one another by con-

structing (1) a thirty-two-treatment 26ÿ1 orthogonal fraction to estimate all linear

main and bilinear two-way interactions, combining it with (2) a thirty-two-treatment

main eÿects design to estimate the four-level main eÿects. The combined design has

sixty-four treatment combinations, but there may be duplicates in each design, which

can be reduced by eliminating them at the expense of a small degree of design non-

orthogonality. Alternatively, one may wish to use duplicate pro®les to estimate

response reliability (test-retest reliability). Table 4.6a uses the 45 design as an example,

and creates two sixteen-treatment designs. Duplicate pro®les in the two designs are

1/17 and 12/21, which can be eliminated, slightly reducing orthogonality.

It also should be noted that technically `extreme levels' must be identi®ed for each

respondent separately. That is, unless all attributes are quantitative and/or their pre-

ference directions known a priori for all respondents, extreme levels will not be

obvious. However, it is normally straightforward to identify the extremes for each

respondent based on initial interviews, computerised interviewing techniques and the

like. Hence, identifying extremes is at worst a minor problem with current technology.

Treatment (hereafter `pro®le') duplication usually can be eliminated or minimised

by reversing the order of attribute levels in some columns. For example, if the codes in

column A1 for pro®les 17 to 32 are 0, 1, 2, 3, codes in every other column can be

reversed beginning with column A1 or A2 (i.e., 0 � 3; 1 � 2; 2 � 1; 3 � 0). Table 4.6b

illustrates this process for both endpoint and main eÿects designs: reverse columns A2

and A4 in the endpoint design, and columns A1, A3 and A5 in the main eÿects design

to eliminate duplicates.

4.5 Design strategies for simple SP experiments

Table 4.7 contains nine possible attributes of airline ¯ights between Boston and Los

Angeles. Two of the attributes have four levels and seven have two levels. Thus, the

complete factorial is a 42 � 27. The eÿects and degrees of freedom in this factorial can

be decomposed as follows:

� Main eÿects (13 d.f.)

� Two-way interactions (72 d.f.)

� Other interactions (2048ÿ 13ÿ 72ÿ 1 � 1952 d.f.).

It would be di�cult (if not impossible) to ask each consumer in a sample to evaluate

and respond to 2048 ticket combinations. Even if one believes that responses can be
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aggregated over groups (segments) of individuals, the number of pro®les is probably

too large for practical use. Thus, we are motivated to consider more parsimonious

statistical models of the potential response surface than one that involves all possible

eÿects. Such models can be derived from theory, hypotheses, empirical evidence,

curve-®tting, or other sources. In the present case, some statistical model possibilities
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Table 4.6a. Combining two designs to capture
most sources of variance

Pro®le no. A1 A2 A3 A4 A5

25 orthogonal fraction to estimate main eÿects and
two-way interactions
1 0 0 0 0 0

2 0 0 0 1 1
3 0 0 1 0 1
4 0 0 1 1 0

5 0 1 0 0 1
6 0 1 0 1 0
7 0 1 1 0 0

8 0 1 1 1 1
9 1 0 0 0 1
10 1 0 0 1 0

11 1 0 1 0 0
12 1 0 1 1 1
13 1 1 0 0 0
14 1 1 0 1 1

15 1 1 1 0 1
16 1 1 1 1 0

45 orthogonal fraction to estimate main eÿects
17 0 0 0 0 0

18 0 1 1 2 3
19 0 2 2 3 1
20 0 3 3 1 2

21 1 0 1 1 1
22 1 1 0 3 2
23 1 2 3 2 0

24 1 3 2 0 3
25 2 0 2 2 2
26 2 1 3 0 1
27 2 2 0 1 3

28 2 3 1 3 0
29 3 0 3 3 3
30 3 1 2 1 0

31 3 2 1 0 2
32 3 3 0 2 1



include the following (in increasing order of complexity):

� only main eÿects

� main eÿects plus some two-way interaction eÿects

� main eÿects plus all two-way interaction eÿects

� Polynomial and dummy variable approximations.
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Table 4.6b. Eliminating or reducing pro®le
duplication in two designs

Pro®le no. A1 A2 A3 A4 A5

25 orthogonal fraction to estimate all main eÿects
and two-way interactions
1 0 1 0 1 0

2 0 1 0 0 1
3 0 1 1 1 1
4 0 1 1 0 0

5 0 0 0 1 1
6 0 0 0 0 0
7 0 0 1 1 0

8 0 0 1 0 1
9 1 1 0 1 1
10 1 1 0 0 0

11 1 1 1 1 0
12 1 1 1 0 1
13 1 0 0 1 0
14 1 0 0 0 1

15 1 0 1 1 1
16 1 0 1 0 0

45 regular fraction to estimate main eÿects
17 3 0 3 0 3

18 3 1 2 2 0
19 3 2 1 3 2
20 3 3 0 1 1

21 2 0 2 1 2
22 2 1 3 3 1
23 2 2 0 2 3

24 2 3 1 0 0
25 1 0 1 2 1
26 1 1 0 0 2
27 1 2 3 1 0

28 1 3 2 3 3
29 0 0 0 3 0
30 0 1 1 1 3

31 0 2 2 0 1
32 0 3 3 2 2



In the case of the latter, consider two possible representations of the main eÿects of a

four-level attribute shown in ®gure 4.1.

Curve 1 can be approximated by a second-degree polynomial and curve 2 by a third-

degree polynomial as shown below:

Y � ÿ0 � ÿ1X � ÿ2X
2 �4:1�

Y � �0 ÿ �1X ÿ �2X
2 � �3X

3: �4:2�
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Table 4.7. Example attributes for airline ¯ights

Attributes of ¯ights from Boston to LA Levels of features

Return fare $300, $400, $500, $600
Departure time 8am, 9am, noon, 2pm
Total time to LA 5, 7 hours
Non-stop service Non-stop, 1 stop

Music/audio entertainment Yes, no
TV video clips, news Yes, no
Movie(s) Yes, no

Hot meal Yes, no
Airline United, Delta
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Figure 4.1 Possible functional forms for main effects



As previously discussed, dummy variables or eÿects codes (EC) can be used to repre-

sent the eÿects of Lÿ 1 of the levels of qualitative attributes (L � total levels). Eÿects

codes for ®ve or fewer levels are illustrated in table 4.8, and the statistical model

commonly used to specify the eÿect of a single qualitative attribute is

Y � ÿ0 � ÿ1EC1 � ÿ2EC2 � � � � � ÿLÿ1ECLÿ1: �4:3�
ÿ1; ÿ2 and ÿLÿ1 estimate the utilities of levels assigned to columns labelled, respec-

tively, `eÿects code 1', `eÿects code 2', . . ., `eÿects code Lÿ 1'. The utility of the

`missing' or omitted level is exactly ÿ1�ÿ1� � ÿ2�ÿ1� � � � � � ÿLÿ1�ÿ1�.
Before leaving the topic of attributes, attribute levels and approximating condi-

tional and joint response surfaces, for completeness we need to discuss nesting of

attributes. Brie¯y, attribute levels are nested if at least some levels of two or more

attributes cannot logically occur together, or levels of one attribute necessarily diÿer

due to levels of a second, or levels of one attribute are associated with levels of a

second. For example, the length of a ¯ight (short vs. long) and associated fares; the

makes/models of auto and associated prices; type of transport mode and travel times

to destinations; package size and associated prices or installation fee and installation

fee waiver. Nesting of attributes/levels often can be handled by combining levels:

� short trip ($2.75, $3.75); long trip ($4.00, $5.50), for a total of 4 levels;

� installation fee and fee waiver ($0 if 3 or more, $10, $20, $30 each if less than 3), or

a total of 4 levels.

Nesting should be avoided if possible, but if nested levels/attributes are required, it is

important to try to minimise the resulting number of levels because they can quickly
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Table 4.8. Eÿects codes for as many as ®ve attribute levels

Eÿects Eÿects Eÿects Eÿects
No. of levels Levels code 1 code 2 code 3 code 4

2 1 �1
2 ÿ1

3 1 �1 0

2 0 �1
3 ÿ1 ÿ1

4 1 �1 0 0

2 0 �1 0
3 0 0 �1
4 ÿ1 ÿ1 ÿ1

5 1 �1 0 0 0
2 0 �1 0 0
3 0 0 �1 0

4 0 0 0 �1
5 ÿ1 ÿ1 ÿ1 ÿ1



escalate in the combined attribute. Thus, nesting generally complicates design,

and may require large designs if `combined' (new) attributes contain eight or more

levels.

4.5.1 Experiments for binary responses

Recall that binary responses are of the form, `I like this, I do not like that', or `Yes, I'd

consider that, No, I would not', etc. Thus, subjects provide a 0,1 binary indicator of

preference in response to some stimulus pro®le. Our design objectives should be as

follows:

� Identi®cation. Identi®cation refers to the form(s) of utility functions that can be

estimated from a given experiment. For example, as previously discussed, some

experiments allow strictly additive, main-eÿects only speci®cations, whereas others

allow estimation of more general forms involving various types of non-additivities

(or interactions).

� Precision. Precision refers to con®dence intervals of parameter estimates, given

particular speci®cations and sample sizes. More precise estimates have smaller

con®dence intervals, hence, greater statistical e�ciency.

� Cognitive complexity. This refers to the degree of task complexity and di�culty

arising from the experiment. There is little consensus, and even less empirical data

regarding optimum levels of complexity. Su�ce it to say that proper pilot tests

usually inform this decision.

� Market realism. This refers to the degree to which the experiment and associated

task match the actual decision environment faced by subjects. At one extreme, one

could design experiments to manipulate key aspects of real markets; at the other

extreme, the experiment could be completely unrelated to real market behaviour.

Logically, the closer the experiment resembles the actual market, the higher the

face validity. Thus, the objective should be to simulate the real market as closely as

possible, within the constraints posed by the other objectives.

As discussed in previous chapters on discrete-choice models, designs must satisfy

properties of the probabilistic discrete-choice models hypothesised to underlie the

response data, and whose parameters one therefore wishes to estimate. This necessa-

rily dictates that we consider these properties and their relevance to design strategies,

as well as other aspects of the research that may bear on design, such as sampling

methods and sample sizes.

Our design discussion concentrates on the simple binary logit model (BLM) because

software for estimating this model is widely available, and it is practically indistin-

guishable from its major competitor, the binary probit model. Recall that the BLM

can be expressed as:

P�yesjyes; no� � exp�Vyes�=�exp�Vyes� � exp�Vno��; �4:4�
where the Vs are the systematic utility components. Recall that the value of Vno can

be set to zero with no loss of generality, satisfying the identi®cation restriction in the
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BLM. Thus,

P�yesjyes; no� � exp�Vyes�=�exp�Vyes� � 1�: �4:5�
Furthermore, if we consider the odds of responding `yes' relative to `no', we see that

P�yesjyes; no�
P�nojyes; no� �

exp�Vyes�
exp�Vyes� � 1

exp�Vno�
exp�Vyes� � 1

� exp�Vyes�
exp�Vno�

: �4:6�

But exp�Vno� � 1; hence, the odds of responding `yes' relative to `no' involve only

in¯uences on `yes'. If we take natural logarithms of both sides, we see that:

loge
P�yesjyes; no�
P�nojyes; no�

� �
� Vyes; �4:7�

where all terms were previously de®ned. Now, recall that Vyes can be speci®ed as a

linear-in-the-parameters expression, such that:

Vyes �
X
k

ÿkXk �
X
m

�mZm; �4:8�

where ÿk is a vector of taste weights associated with K attribute vectors, Xk; and �m is

a vector of eÿects associated with M individual characteristics interacted with either

the `yes' intercept or elements of the X vector, Zm.

Equation (4.8) involves attributes of alternatives and characteristics of individuals.

We have control over the Xk, in the sense that we can design them to satisfy the

properties of interest; but generally we have far less control over the Zm.

Speci®cally, the Xk can be designed such that the K columns of the design are ortho-

gonal, ensuring relatively e�cient estimates ÿk. E�cient estimates of the �m can be

obtained only by similar design of individual characteristics. That is, the sampling plan

itself must be based on orthogonal columns of characteristics, a daunting proposition

in most applied settings. The latter is accomplished by sampling from the complete

factorial implied by the array of individual characteristics of interest (e.g., income, age,

education, etc.), which grows exponentially as numbers of characteristics, levels of

characteristics or both increase. As discussed earlier in this chapter, fractional design

principles are used to sample from the complete factorial by sacri®cing information

about some interactions.

The preceding discussion suggests that we can use design strategies not only to

design alternatives to achieve experimental objectives, but also to design the sampling

plan. However, in the interests of exposition, we con®ne our attention in the remainder

of this chapter to the design of experiments involving attributes of alternatives, and we

therefore assume that the sample from which responses are to be obtained is appro-

priate to the research purpose.

Equation (4.8) suggests that the key property that designs need to satisfy is that the

eÿects of the Xk be independently estimable. At a minimum, Xk consists of the attri-

bute main eÿects, but may also include various attribute interactions. Hence, model
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forms that can be identi®ed (estimated) depend upon the design of the Xk columns. We

restrict our attention to main eÿects and two-way interactions, following the logic of

our earlier discussion of design for general linear models.

4.5.2 Random assignment (sampling) strategies

Theoretically, one should be able to satisfy the `independence-of-eÿects' property by

designing pro®les based on random sampling from the complete factorial. As dis-

cussed in chapter 3, the statistical properties of probabilistic discrete-choice models

hold only for large samples. There are therefore two sampling problems that must be

addressed in this approach: (1) sampling pro®les from the complete factorial that

spans the space de®ned by Xk, and (2) sampling individuals from the target popula-

tion(s).

Random sampling theory guarantees that if we take large enough samples from the

complete factorial, we should closely approximate the statistical properties of the

factorial itself. The property we wish to obtain is the orthogonality of columns repre-

senting the main and interaction eÿects of interest. If our research objective is to

present all subjects with the same set of pro®les and observe their responses, there is

no consensus regarding how many pro®les respondents will complete before reliability,

bias or response rates are compromised. Based on our experience with hundreds of

such experiments, the following rules of thumb seem apropos:

� Many experiments have employed at least thirty-two pro®les successfully.

� As the number of attributes increase, task complexity increases because of the

number of things to which respondents must attend.

� As the complexity of levels increases, task complexity increases because of cogni-

tive eÿort involved in comprehending and attending to information.

� Thus, if there are more than ten attributes, and/or the attribute levels are complex

in the sense that extra cognitive eÿort must be expended to comprehend them, one

probably should consider reducing the number of pro®les to which individuals are

asked to respond (Carson et al. 1994).

4.5.3 Design strategies for binary responses

The foregoing implies that in the case of large factorials, a randomly chosen sample of

thirty-two or fewer is unlikely to closely approximate the statistical properties of

the complete factorial. Hence, design columns are unlikely to be orthogonal, and

many columns may be quite highly correlated, which suggests that this strategy is

not advisable, despite its simplistic appeal. As a corollary, this suggests that a random

sampling approach to the design of experimental pro®les might be feasible if one is

willing to select relatively large samples from the complete factorial, divide the pro®les

into subsets (blocks) and randomly assign respondents to the blocks. This procedure

requires assumptions about respondents, primarily homogeneity of preferences;

or, alternatively, a way to account for preference heterogeneity. We return to this
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topic in later chapters, but note in passing that Bunch and Batsell (1989) show that a

minimum of six respondents per pro®le are required to satisfy large sample statistical

properties. Hence, sampling and design are interrelated, and both must be con-

sidered in concert. Good design will not compensate for inadequate sampling, and

vice versa.

Although easy to implement, random samples of pro®les leave much to chance,

motivating us to ensure that eÿects of interest can be identi®ed and estimated relatively

e�ciently for a given sample size. Because pro®les need to be designed only for `yes'

responses, the problem is isomorphic to linear model designs. That is, one develops a

fractional factorial to permit identi®cation of all eÿects of interest, possibly in this

sequence of increasing design complexity:

� main eÿects only independent of one another (but not independent of two-way

interactions),

� main eÿects independent of some (or all) unobserved two-way interactions (but not

independent of other omitted eÿects),

� main eÿects plus some two-way interactions independent of one another (but not

omitted eÿects),

� main eÿects plus some or all `bilinear' two-way interactions independent of one

another (but not omitted other two-way and higher-order eÿects),

� main eÿects plus all two-way interactions independent of one another (but not

omitted higher-order eÿects),

� designs that permit estimation of main eÿects plus two-way interactions plus some

or all three-way interactions independently of one another (but not of omitted

eÿects).

Consider the example in table 4.9, which involves attributes of airline ¯ights. The

complete factorial implied by table 4.9 contains 2048 pro®les. A single random sample

of thirty-two pro®les represents 1.5625 per cent of the total, which is unlikely to

represent the statistical properties of the full factorial closely. Thus, we seek a designed

solution, rather than rely on chance. For example, a `main eÿects only' design can be

used to illustrate the basic idea. Such a design is shown in table 4.10.
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Table 4.9. Attributes and levels for ¯ights from Boston to Los Angeles

Attributes describing Boston to LA ¯ights Levels of features

Return fare $300, $400, $500, $600

Departure time 8am, 9am, noon, 2pm
Total time to LA 4,5,6,7 hours
Non-stop service Non-stop, 1 stop

Music/audio entertainment Yes, no
TV video clips, news Yes, no
Hot meal Yes, no
Airline United, Delta



The design codes in table 4.10 can be translated into pro®les by replacing each code

with a unique, corresponding level in table 4.9 to produce the pro®les in table 4.11.

This process is analogous to a `®nd and replace' process in a word processor,

such that each design code is replaced by the corresponding string of verbal, quanti-

tative, graphical or other information that represents the description of the attribute

level.

Once pro®les are designed, they are placed into an appropriate survey format (often

called a `card sort') and administered. Table 4.12 adds hypothetical `yes/no' responses

from 100 respondents who evaluated each ¯ight pro®le for their next ¯ight from

Boston to Los Angeles.

Once response data are obtained from the survey, they can be analysed with binary

logistic (shown in table 4.13) or probit regression. The results in table 4.13 should be

quali®ed because successive responses of each respondent may not be independent, as

assumed in chapter 2. That is, the IID assumption may not hold within or between

individuals. Within individuals, responses to successive pro®les may depend in some

way on previous responses. Between individuals, diÿerences in preferences lead to

violation of the IID assumption because the joint distribution of taste (ÿ) parameters

(marginal utilities) is not the convolution of independent random variables. Thus, the

model results in table 4.13 would be correct if, instead of 100 individuals evaluating all

sixteen pro®les, each of the 16 pro®les was randomly assigned to 100 respondents

(i.e., 1600 total respondents). Even in this ideal situation, however, diÿerences in

individuals could give rise to response dependence. Having said that, the parameter
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Table 4.10. `Main eÿects only' design codes for the ¯ight example

Design codes for regular orthogonal main eÿects

Flight Fare Depart Time Stops Audio Video Meals Airline

1 0 0 0 0 0 0 0 0

2 0 1 1 1 0 1 1 0
3 0 2 2 1 1 0 1 1
4 0 3 3 0 1 1 0 1

5 1 0 1 0 1 0 1 1
6 1 1 0 1 1 1 0 1
7 1 2 3 1 0 0 0 0

8 1 3 2 0 0 1 1 0
9 2 0 2 1 0 1 0 1
10 2 1 3 0 0 0 1 1
11 2 2 0 0 1 1 1 0

12 2 3 1 1 1 0 0 0
13 3 0 3 1 1 1 1 0
14 3 1 2 0 1 0 0 0

15 3 2 1 0 0 1 0 1
16 3 3 0 1 0 0 1 1
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Table 4.11. Matching design codes with levels to construct pro®les

Translating design codes into pro®les using `®nd and replace'

Flight Fare Depart Time Stops Audio Video Meals Airline

1 $300 8 am 4 hrs 0 No No No Delta

2 $300 9 am 5 hrs 1 No Yes Yes Delta
3 $300 Noon 6 hrs 1 Yes No Yes United
4 $300 2 pm 7 hrs 0 Yes Yes No United

5 $400 8 am 5 hrs 0 Yes No Yes United
6 $400 9 am 4 hrs 1 Yes Yes No United
7 $400 Noon 7 hrs 1 No No No Delta

8 $400 2 pm 6 hrs 0 No Yes Yes Delta
9 $500 8 am 6 hrs 1 No Yes No United
10 $500 9 am 7 hrs 0 No No Yes United
11 $500 Noon 4 hrs 0 Yes Yes Yes Delta

12 $500 2 pm 5 hrs 1 Yes No No Delta
13 $600 8 am 7 hrs 1 Yes Yes Yes Delta
14 $600 9 am 6 hrs 0 Yes No No Delta

15 $600 Noon 5 hrs 0 No Yes No United
16 $600 2 pm 4 hrs 1 No No Yes United

Table 4.12. Hypothetical `yes/no' responses to ¯ight pro®les

Responses Attributes of ¯ights in experiment (n � 100)

Pro®le Yes No Fare Depart Time Stops Audio Video Meals Airline

1 80 20 $300 8 am 4 hrs 0 No No No Delta
2 60 40 $300 9 am 5 hrs 1 No Yes Yes Delta
3 50 50 $300 Noon 6 hrs 1 Yes No Yes United
4 30 70 $300 2 pm 7 hrs 0 Yes Yes No United

5 60 40 $400 8 am 5 hrs 0 Yes No Yes United
6 50 50 $400 9 am 4 hrs 1 Yes Yes No United
7 20 80 $400 Noon 7 hrs 1 No No No Delta

8 35 65 $400 2 pm 6 hrs 0 No Yes Yes Delta
9 10 90 $500 8 am 6 hrs 1 No Yes No United
10 15 85 $500 9 am 7 hrs 0 No No Yes United

11 40 60 $500 Noon 4 hrs 0 Yes Yes Yes Delta
12 20 80 $500 2 pm 5 hrs 1 Yes No No Delta
13 30 70 $600 8 am 7 hrs 1 Yes Yes Yes Delta

14 5 95 $600 9 am 6 hrs 0 Yes No No Delta
15 10 90 $600 Noon 5 hrs 0 No Yes No United
16 15 85 $600 2 pm 4 hrs 1 No No Yes United



estimates are the mean eÿects of each attribute in the sample, which are consistent but

ine�cient.

The parameter estimates in table 4.13 are of two types: (1) in the case of quantitative

attributes, they re¯ect the rate of change in the odds of a yes relative to a no response

for a unit change in the attribute level, and (2) in the case of a qualitative attribute,

they are an estimate of the odds ratio for each level coded as �1. Thus, fare and ¯ight

time are both negative and signi®cant, as expected, with the following interpretation:

for each one dollar increase in fare, the log odds of a `yes' decrease by 0.007; and for

each one hour increase in travel time, the log odds decrease by 0.361. In the case of

departure times, the most preferred is 8am (highest log odds), and the least preferred is

2pm. Other eÿects are interpreted similarly. Strictly speaking, the eÿects in the table

are de®ned in terms of the log odds of the response, but the log odds ratios are linearly

related to the true, but unobserved, utility, and in that sense are our best estimates of

the utility of each attribute level. The latter can be seen more clearly by conducting the

analysis in terms of log odds ratios, and using ordinary least squares methods to

calculate the eÿects by hand, as we shall now exemplify.

Table 4.14 is the same as table 4.13, with `yes' and `no' responses replaced by their

respective odds and log odds. Because equation (4.8) is the linear form of the binary logit

model expressed in terms of the log odds, we can treat the log odds as being the outcome

of a process described by a general linearmodel. This allows us to explain the analysis by

calculating themarginalmeans associatedwith each level of each attribute, which are the

best OLS estimates of the main eÿects. That is, the eÿect of the kth attribute, Xk, say

�k � �k ÿ �, which reveals that the main eÿect of the kth attribute is simply a diÿer-

ence in treatment means for the levels of that attribute. Logically, if none of the levels

aÿects the outcome or response, then �1 � �2 � � � � � �, or �k � �1 ÿ � � 0.

Earlier, we showed how marginal eÿects (means) of attributes can be captured

statistically by using polynomials of degree Lÿ 1, or Lÿ 1 dummies or eÿects
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Table 4.13. Results of binary logistic regression of ¯ight responses

Eÿect Coe�cient Std error t-Value

Return fare ÿ0:007 0.001 ÿ12:649
Depart 8 am 0.604 0.103 5.873
Depart 9 am ÿ0:098 0.112 ÿ0:876
Depart Noon ÿ0:215 0.107 ÿ2:011
Total time ÿ0:361 0.054 ÿ6:642
No. of stops ÿ0:003 0.123 ÿ0:026
Audio entertain (no � ÿ1) 0.340 0.125 2.728

Video entertain (no � ÿ1) 0.058 0.123 0.476
Meals (no � ÿ1) 0.523 0.122 4.285
Airline (Delta � �1) ÿ0:181 0.062 ÿ2:912
Intercept 3.927 0.398 9.860

Statistics: ÿ2�L�0� ÿ L�ÿ�� � 501:86; d:f : � 11; �2 � 0:839



coded variables. The latter are equivalent to calculating the marginal means of the

levels of each attribute. In fact, the marginal means of the log odds ratios are linearly

related to the unknown utilities for each attribute level (Louviere 1988a), and we can

estimate the parameters from the marginal means with OLS (i.e., estimate attribute

slopes or level contrasts from the marginal means). Because the attributes are ortho-

gonal, simple regression estimates must equal multiple regression estimates. More

generally, one should use the method of maximum likelihood (chapter 3) to estimate

the parameters because the OLS estimates won't satisfy the constant variance assump-

tion of OLS.

The marginal means of the kth attribute in Xk can be calculated from the log odds in

table 4.14. De®nition (and calculation) of marginal means can be illustrated with

reference to the fare attribute. Marginal means of the log odds of fare levels are

calculated as shown below, and are contained in table 4.15.

� Marginal mean for 300 � �1:386� 0:405� 0:000ÿ 0:847�=4 � 0:236.

� Marginal mean for 400 � �0:405� 0:000ÿ 1:386ÿ 0:619�=4 � ÿ0:400.

� Marginal mean for 500 � �ÿ2:197ÿ 1:734ÿ 0:405ÿ 1:386�=4 � ÿ1:431.

� Marginal mean for 600 � �ÿ0:847ÿ 2:944ÿ 2:197ÿ 1:735�=4 � ÿ1:931.

The relationship between the marginal means and their corresponding fare levels can

be visualised by graphing each mean against its corresponding fare level as shown in

®gure 4.2.
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Table 4.14. Odds and log odds responses to `yes/no' ¯ight pro®les

Responses
Attributes of ¯ights in experiment (n � 100)

Log

Pro®le Odds odds Fare Depart Time Stops Audio Video Meals Airline

1 80/20 1.386 $300 8 am 4hrs 0 No No No Delta

2 60/40 0.405 $300 9 am 5hrs 1 No Yes Yes Delta
3 50/50 0.000 $300 Noon 6 hrs 1 Yes No Yes United
4 30/70 ÿ0:847 $300 2 pm 7hrs 0 Yes Yes No United

5 60/40 0.405 $400 8 am 5hrs 0 Yes No Yes United
6 50/50 0.000 $400 9 am 4hrs 1 Yes Yes No United
7 20/80 ÿ1:386 $400 Noon 7 hrs 1 No No No Delta

8 35/65 ÿ0:619 $400 2 pm 6hrs 0 No Yes Yes Delta
9 10/90 ÿ2:197 $500 8 am 6hrs 1 No Yes No United
10 15/85 ÿ1:734 $500 9 am 7hrs 0 No No Yes United

11 40/60 ÿ0:405 $500 Noon 4 hrs 0 Yes Yes Yes Delta
12 20/80 ÿ1:386 $500 2 pm 5hrs 1 Yes No No Delta
13 30/70 ÿ0:847 $600 8 am 7hrs 1 Yes Yes Yes Delta
14 5/95 ÿ2:944 $600 9 am 6hrs 0 Yes No No Delta

15 10/90 ÿ2:197 $600 Noon 5 hrs 0 No Yes No United
16 15/85 ÿ1:735 $600 2 pm 4hrs 1 No No Yes United



As can be seen in ®gure 4.2, the relationship between fare levels and the (log odds)

marginal means is approximately linear. Hence, we can estimate the slope of the

relationship using simple regression. The slope obtained from ordinary least squares

regression is ÿ0:008, which is very close to the maximum likelihood result in table

4.13. The other marginal means in table 4.15 also can be analysed with simple regres-

sion, and compared. We invite the reader to perform these analyses and do a similar

comparison: some ordinary regression estimates will not match corresponding max-

imum likelihood estimates well. Thus, estimation methods that do not account for

non-constant error variances should be treated with suspicion.

The preceding discussion focused on a linearisation of the binary logit model (Theil

1971), which involves aggregate choice frequencies. More generally, however, choice

data involve disaggregated, binary observations (i.e., 0,1), and therefore maximum

likelihood estimation must be used to ensure satisfaction of asymptotic statistical

properties. More importantly, equation (4.8) reveals that, in order to estimate in-

dividual diÿerence eÿects, data must be disaggregated. That is, diÿerences within
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Table 4.15. Marginal means calculated from table 4.14

Attributes and levels Marginal means (utilities) of levels

Fare ($300, $400, $500, $600) 0.236 ÿ0:400 ÿ1:431 ÿ1:931
Departure time (8, 9, 12, 2) ÿ0:313 ÿ1:068 ÿ0:304 ÿ1:147
Total time to LA (4, 5, 6, 7 hrs) ÿ0:189 ÿ0:693 ÿ1:440 ÿ1:204
Non-stop service (0, 1 stops) ÿ0:869 ÿ0:893
Music/audio entertain. (No, Yes) ÿ0:924 ÿ0:836
TV-video clips, news (No, Yes) ÿ1:196 ÿ0:564
Hot meal (No, Yes) ÿ0:631 ÿ1:129
Airline (Delta, United) ÿ0:631 ÿ1:129
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Figure 4.2 Marginal means vs. fare levels



individuals are constant across choice sets, hence cannot aÿect an individual's

responses. Instead, socio-demographic and/or psychographic measures at best account

for diÿerences between individuals. That is, individual characteristics in binary logit

models can be hypothesised to account for diÿerences in propensity to respond `yes' vs.

`no' (i.e., the odds of saying `yes'), or diÿerences in responses to changes in attribute

levels. Additionally, large sample sizes may be needed to achieve su�cient power to

reject the null for individual characteristics. The latter situation also may be exacer-

bated if individual characteristics are highly collinear (McClelland and Judd 1993).

Now that we have covered the fundamentals of experimental design, including an

extension to the case of simple binary response problems, we have the basic conceptual

framework to introduce the topic of multiple choice experiments. We now turn our

attention to that topic in the next chapter.
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5 Design of choice
experiments

5.1 Introduction

Choice experiments consist of a sample of choice sets selected from the universal set of

all possible choice sets that satisfy certain statistical properties. The key statistical

properties relevant to the design of choice experiments are identi®cation and precision,

which must be considered together with non-statistical properties such as realism and

complexity.

Chapter 3 introduced two types of choice alternatives: generic and alternative-

speci®c. The former type have no speci®c name or label, but rather are members of a

class of alternatives. The latter are alternatives to which a name or label naturally

applies, such as brands of detergent, names of retail chains, names of holiday desti-

nations, etc., and it is the label itself which is the object of choice. Thus, generic

alternatives are members of a general class of options, whereas alternative-speci®c

alternatives are speci®c members of a general class.

Not surprisingly, the preceding discussion implies that there are two general types of

choice experiments: (1) labelled (alternative-speci®c), and (2) unlabelled (generic).

There are two general ways to design choice experiments for both types: (a) sequen-

tially design alternatives and then design the choice sets into which they are placed,

and/or (b) simultaneously design alternatives and assign them to choice sets. The types

of eÿects that can be estimated from the two main types of choice experiments diÿer

by type.

As discussed in chapter 3, if parameters representing the eÿects of attributes and/or

individual characteristics are constant across alternatives, we say that such eÿects are

generic for those alternatives. In contrast, if such eÿects diÿer for at least one alter-

native, we say that they are alternative-speci®c for the one or more alternatives for

which they diÿer. It should be noted that both main and interaction eÿects (as de®ned

in chapter 4) can be generic or alternative-speci®c. Two other types of eÿects can be

estimated from choice experiments, and bear on whether IID error assumptions in the

utility speci®cation are violated. An own eÿect refers to the main and/or interaction

eÿects of an alternative on its own utility or choices. A cross eÿect refers to main
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and/or interaction eÿects of other alternatives on a particular alternative's utility or

choices. If the IID error assumption holds, only own attribute eÿects will be statisti-

cally signi®cant; but if the assumption is violated more cross eÿects than would be

expected by chance should be statistically signi®cant.

This chapter takes the principles of experimental design of chapter 4 and applies

them in the context of experiments where an individual makes a choice from a

mutually exclusive set of alternatives. Choice designs can be labelled or unlabelled

and can accommodate the availability and non-availability of subsets of alternatives.

The latter implies that alternatives may be ®xed or varying across choice sets, enabling

a study of the in¯uence on choice of the composition of the choice set and the

attributes (and associated levels) de®ning each alternative in a choice set. An appendix

provides an overview of a number of popular choice designs.

5.2 Multiple choice experiments

The objective of multiple choice experiments is to design alternatives and the choice

sets in which they appear such that the aforementioned types of eÿects can be esti-

mated with reasonable levels of statistical precision. That is, estimation of these eÿects

implies particular utility speci®cations; hence a sine qua non from a design standpoint

is that if one wants to estimate or test particular eÿects, by de®nition, the design must

support their estimation. The art and science of design rests on the analyst's ability to

estimate diÿerent utility speci®cations conditional on a maintained hypothesis about

the form of the choice process.

The following brie¯y summarises the distinguishing features of multiple choice

experiments:

1. there are more than two alternatives (e.g., two brands and non-choice; eight

brands, etc.), and

2. choice set sizes may vary (i.e., some sets with two brands, some with four, some

with eight, etc.).

The overarching design issues involve the types of alternatives and the types of eÿects

mentioned in the introduction: (a) labelled vs. unlabelled, (b) generic vs. alternative-

speci®c, and (c) own vs. cross eÿects.

5.2.1 Designs for MNL models

Let us ®rst consider design strategies for IID models in general, and the multinomial

logit (MNL) model in particular. To motivate the development we begin by linearising

the MNL model in order to use intuition from the design of statistical experiments for

linear models. The probability of choosing alternative a from a set of J total alter-

natives can be written as equations (5.1) or (5.2), equivalent to equation (3.24)
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in chapter 3, if the MNL model is a good approximation to the true, but unknown

choice process:

P�a j a; b; . . . ; j� � exp�Va�
�exp�Va� � exp�Vb� � � � � � exp�Vj��

�5:1�

or,

P�a j a; b; . . . ; j� � exp�Va�X
j

exp�Vj�
: �5:2�

Now, consider the result of forming the odds of choosing a over r (a reference alter-

native) and taking the logarithmic odds:

P�a j a; b; . . . ; j�
P�r j a; b; . . . j� � exp�Va�

exp�Vr�
� exp�Va ÿ Vr�; �5:3�

loge
P�a j a; b; . . . ; j�
P�r j a; b; . . . ; j�

� �
� Va ÿ Vr: �5:4�

The log of the odds of choosing a over r is an estimate of the utility diÿerence of the

two alternatives a and r. The word `logit' is a contraction of the logarithmic transfor-

mation of an odds ratio. The utility value of one alternative must be set to some

constant, typically zero, because only J ÿ 1 of the utilities are identi®ed. Thus, alter-

native r can be conveniently set to a utility of zero, which implies that the log odds of

choosing a over r is a direct estimate of the utility of alternative a. Because r is the

reference for all alternatives, the log odds of choosing any of the J ÿ 1 alternatives

relative to r is an estimate of the utility of each.

More generally, r is not a constant, but rather possesses attributes which vary over

choice sets. In this case, if utility eÿects are generic, speci®cations (5.5a) and (5.5b)

would de®ne the utility expressions

Va �
X
k

ÿkXka; �5:5a�

Vr �
X
k

ÿkXkr; �5:5b�

and,

Va ÿ Vr �
X
k

ÿkXka ÿ
X
k

ÿkXkr �
X
k

ÿk�Xka ÿ Xkr�: �5:6�

Thus, MNL models are diÿerence-in-attributes models, characterised by a vector of

generic parameters ÿk. In turn, this implies that if the choice process of interest is well

approximated by MNL and at least some attributes of all alternatives vary across

choice sets, choice experiments will involve the manipulation of attribute diÿerences,

not absolute values of attributes.

Logically, however, if the reference alternative does not have attributes that vary,

designs can involve absolute attribute levels rather than diÿerences in levels. That is, if
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the reference alternative's utility is ®xed (e.g., zero), (Va 6�r ÿ Vr) is a constant, which is

a linear transformation of the absolute levels. Linear transformations of variables

aÿect only intercepts and not slopes in models such as MNL. Hence, if the reference

alternative is constant, one can use standard design theory developed for linear models

to design choice experiments based on the MNL model.

If the reference itself varies from consumer to consumer, but is constant in all sets

faced by any particular individual, the same results hold. That is, if each consumer

faces an orthogonal design matrix (or subset of that matrix) of attribute levels, and

the reference for each consumer diÿers across consumers, but is constant within

consumers, �Va6�r ÿ Vr) is a constant for each consumer. Thus, orthogonality within

consumers is preserved.

To test the generic nature of the ÿk for each attribute, a design must permit one

to estimate alternative-speci®c eÿects, or ÿka, independently of one another and of

the attributes of competing alternatives. That is, the test for generic parameters is

the rejection of parameter alternative-speci®cness. This is accomplished by using the

likelihood ratio test (equation (3.30) in chapter 3), testing if the log likelihood of the

generic form, which constitutes a restriction on the parameters, is signi®cantly

worse than the log likelihood of the less-restricted, alternative-speci®c form.

Ideally we would like such a test to be based on truly independent attribute

eÿects to minimise the impact of shared covariances between attribute columns.

This can be accomplished by designing choice experiments so that attribute

levels (or diÿerences) are orthogonal to one another both within and between alter-

natives.

If one is certain that MNL is appropriate and utility functions are generic, design

economies are available. In particular, one need only design an initial set of P total

alternatives (pro®les) to create choice sets containing one or more additional alter-

natives, say M total, in any of the following ways:

1. Make M ÿ 1 copies of the initial set of P total pro®les, and place the M sets of

pro®les inM separate urns. Randomly select one of the P pro®les from each of the

M urns without replacement to construct a choice set of exactly M alternatives,

ensuring that none of the M pro®les in the set are the same. Continue this process

until all P pro®les in each urn have been assigned to P total choice sets of M

alternatives.

2. Improve the statistical e�ciency of the ®rst design procedure, as well as enhancing

the identi®cation properties of the design, by creating M diÿerent, statistically

equivalent designs. In this case, each urn contains a diÿerent design, which

means that across the M urns the designs span M times the design space of the

®rst option. As well, when one randomly draws pro®les from the M urns to make

the P total choice sets, one does not have to eliminate duplicate pro®les from sets

because all pro®les are diÿerent.

3. Further improve design e�ciency by ®rst constructing the P total pro®les and

then constructing the P total choice sets by a method known as shifting

(Bunch, Louviere and Anderson 1996; Huber and Zwerina 1996), in which
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modular arithmetic is used to shift each combination of initial attribute levels by

adding a constant that depends on the number of levels.

4. Make P initial pro®les and construct all possible pairs of each. There will be

exactly P�Pÿ 1�=2 pairs. The total number of pairs will increase geometrically

with P. Thus, although consistent with MNL and generic utility functions, this

approach becomes less feasible and desirable as P increases.

Each of the above design methods depends on satisfaction of the IID error assump-

tion. If IID is violated, these design methods at best will yield biased estimates of an

incorrect model, and at worst will yield results which are unreliable and invalid,

inferences from which may be seriously misleading. For example, if the preferences

of consumers are heterogeneous and the diÿerences are not completely explained by

the observed attributes of alternatives and/or the measured characteristics of consu-

mers, the IID assumption may not be satis®ed. The greater the heterogeneity in terms

of any one or a combination of attributes (or alternatives), the more likely are model

estimates to be incorrect and misleading.

The foregoing suggests that unless one is certain that the IID error assumption will

be satis®ed, it is probably unwise to use the simplistic design strategies described

above. Many commercial experimental design software products implement these or

similarly simplistic design strategies, hence, it is probably wise to learn as much about

the properties of designs produced by such software as possible before blindly using

them. Indeed, it may be wise to consider design strategies that allow rigorous tests of the

IID error assumption. The latter always can be accomplished by designing experiments

such that the attributes (or attribute level diÿerences) of all alternatives are orthogonal

to one another within and between alternatives. We will return to this topic in greater

detail later in this chapter, but before doing so we need to introduce other experi-

mental issues and details.

5.2.2 Designs for availability problems

Many problems involve sets of alternatives that vary in nature and composition. For

example, in marketing, channels of distribution are used to transfer products and

services from producers to consumers. Frequently, producers cannot choose all

channels; hence, not all products are ubiquitously available. So, too, in transport: it

is rare for commuters to have all transport modes available for their commute. Such

problems naturally fall within the purview of availability designs.

Despite the logical appeal of availability designs, they grow in complexity rapidly as

numbers of alternatives and/or attributes and levels increase. Consider the simplest

case in which only brand names (labels) appear as choice alternatives, and no attri-

butes are varied. If IID is satis®ed, label-speci®c intercepts (i.e., overall label utilities)

for J ÿ 1 alternatives can be estimated by designing experiments such that the presence

and absence of each alternative is independent of the presence and absence of all other

alternatives, and the probability of choosing an alternative is independent of the

probability that it is available to be chosen.
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There are several ways to design such experiments, but one of the simplest and

easiest to understand is to treat each of the J labels as a two-level variable (present and

absent). Louviere and Hensher (1983) and Louviere and Woodworth (1983) showed

that if there are J total present/absent alternatives and MNL holds, a nearly optimally

e�cient strategy is to design the choice sets using a 2J fractional factorial design. If

one is sure that IID will be satis®ed, one only need select the smallest orthogonal main

eÿects fraction from the 2 J factorial, and use it to assign the labels to sets (i.e.,

`present'). If IID may be violated, Anderson and Wiley (1992) show that a minimum

strategy is to design the smallest orthogonal 2 J main eÿects design plus its foldover

(a foldover is a mirror image of the original design; i.e., replace each 0 by 1, and each 1

by 0). More generally, rigorous tests of the IID assumption can be made by designing

the experiment such that all main and two-way interactions between labels (the pre-

sence/absence columns in the design) can be estimated independently.

The latter strategy is based on the fact that the portion of the design subtended by

each label's presence constitutes an orthogonal main eÿects design for the other J ÿ 1

alternatives. Thus, given that a particular label is `present' (say, label `a'), the presence

and absence of all other labels will be orthogonal and balanced, which allows the IID

assumption to be tested by estimating the most general MNL model possible, known

as the mother logit model (McFadden, Train and Tye 1978).

For example, consider the simple airline choice experiment in table 5.1a which

involves only labels or airline names. One easily can verify that each airline appears

equally often, and the presence/absence of each airline is independent of the presence/

absence of other airlines. The former is veri®ed by counting the number of `Ps' in each

column, which totals four for all airlines; the latter can be veri®ed by tabulating the co-

occurrence of presence/absence for each pair of airlines. Each airline pair has the

pattern shown in table 5.1b. Table 5.1b is as a 2� 2 contingency table, which reveals

that the presence/absence of each pair of airlines is independent, in the classical sense

of probabilistic independence. That is, if two events are probabilistically independent

their joint probabilities should equal the product of their marginals (i.e., column totals

and row totals), or in the present case the expected frequency � �4� 4�=8 � 2, which
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Table 5.1a. An example of a simple presence/absence design

Set United Delta Northwest US Airways Southwest

1 P P P P P
2 P P A P A
3 P A P A A
4 P A A A P

5 A P P A P
6 A P A A A
7 A A P P A

8 A A A P P

Note: P � present;A � absent.



exactly obtains in table 5.1b. Similarly, the correlation of the co-occurrences is exactly

zero. Thus, any pair of columns in the design is orthogonal. The properties of such a

design are as follows:

� The marginals for each airline can be estimated independently of the marginals of

every other airline.

� The marginal of each airline is the best estimate of the alternative-speci®c intercept

or constant in the MNL model.

At this point we have su�cient background to understand the basics of an avail-

ability design and simple choice experiments. That is, it should now be obvious that

there is a one-to-one correspondence between marginal and joint probabilities that are

observed in choice experiments and terms in choice models. In fact, choice experiments

are actually incomplete contingency tables, often very incomplete or sparse tables as

we will see in later discussions of design issues. Those familiar with log-linear and

logistic regression models applied to analyse contingency tables would be aware of this

correspondence (e.g., Bishop, Feinberg and Holland 1975), and choice models have

much in common with this literature. This naturally leads us to discuss diÿerent levels

of aggregation of choice experiment data; that is, as we proceed from sample aggregate

frequency to totally disaggregate discrete choices diÿerent types of eÿects can be

estimated. However, it should be obvious that the basic eÿects discussed above will

be the same at the mean at every aggregation level. Let us now consider the levels of

aggregation and their interpretation.

5.2.3 Choice frequency aggregation

The simple airline presence/absence design above gives us an opportunity to discuss

the eÿects of choice frequency aggregation.

Alternative-speci®c intercepts can be estimated from several data aggregation levels,

and each will yield the same coe�cients up to multiplication by a positive constant.

That is, each set of estimates is exactly proportional to every other; hence, they

diÿer only in scale. Each level of aggregation can best be appreciated by introducing

notation for the choices. Let Yijc be the binary choice indicator (=1 if consumer i is
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Table 5.1b. Presence/absence design
details

Airline A

Airline B Present Absent
Present 2 2
Absent 2 2



observed choosing alternative j in choice set c, otherwise � 0). Then

� P
ic Yijc � Tj , or the total number of times the jth airline was chosen in all choice

sets by subjects in the experiment;

� P
i Yijc � Tjc, or the total number of times the jth alternative was chosen in each

choice set, summed over all subjects in the cth choice set;

� P
c Yijc � Tic, or the total number of times the jth alternative was chosen by the ith

subject, summed over all choice sets in which that subject participated;

� Yijc, or the choice observed for alternative j by the ith subject in choice set c.

Each of the above choice totals, or more generally, choice frequencies, will provide

statistically identical estimates of the alternative-speci®c intercepts, insofar as all are

exactly proportional to one another. The constants of proportionality are exactly

equal to the ratio of the scale constants, and each scale constant is inversely related

to the proportion of unexplained variation in choice (i.e., size of the random compo-

nents). The more one aggregates data, the more one hides individual and choice set

variation; hence, this will leave less unexplained variation. Thus, model estimates will

increase with increasing levels of aggregation simply because one averages out lower-

level sources of variation with aggregation. For a given model speci®cation, model

estimates from diÿerent levels of choice data aggregation will be equivalent once scale

diÿerences are taken into account.

Thus, data aggregation is a matter of (a) convenience and (b) the level and detail of

explanation one wishes to achieve. In the case of the former, if one merely wishes to

describe sample average trends in the data, a model estimated from sample aggregate

choice frequencies may serve that purpose. In the case of the latter, to the degree that

one wishes to introduce attributes to account for diÿerences in choice behaviour at

diÿerent levels of aggregation, one must disaggregate to that level which is most

appropriate for explaining the data.

There is a ®nal, but important, set of issues to do with aggregation of choice data.

The higher one aggregates data, the more one runs the risk of missing or ignoring

violations of the IID error assumption. Thus, it is particularly dangerous to aggregate

data over subjects because consumers typically exhibit heterogeneous preferences,

which in turn can lead to serious violations of the IID assumption. Similarly, it is

naive and dangerous to assume that one can adequately model disaggregate choice

data by simply including individual consumer characteristics in models. As discussed

in chapter 6, the state-of-the-art recognises that the random components of diÿerent

alternatives may exhibit non-constant variances, and alternatives may share common

unobserved attributes, leading to non-zero oÿ-diagonal covariances. Such IID viola-

tions must be considered in any application of choice models, and at a minimum, tests

should be conducted to determine the nature and extent of the violations and the

implied modelling steps needed to deal with them appropriately. We discuss the latter

throughout chapters 6±9.

Aggregation is particularly problematic for choice experiment data because it may

give the impression that one or at most a few segment-level models can be applied to

predict choice behaviour. It is now well known that the method of sample enumeration
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should be used to forecast choices from choice models because it avoids aggregation

bias (see chapter 3). Failure to include attributes which operate at lower levels of

disaggregation can lead to biased and misleading models, and in turn, possibly ser-

iously ¯awed choice predictions.

5.3 General design principles for choice experiments

Having completed the preliminary discussion of concepts, we are now ready to attend

to more general issues in the design of choice experiments. We are strongly in¯uenced

by many years of practical experience in designing and analysing choice experiments,

which experience suggests that the simple, conditional MNL models are rarely appro-

priate for real choice problems. In particular, most real choice problems involve

violations of the IID error assumption that leads to the simple MNL model. Thus,

we focus on design strategies that allow one to estimate and test more general prob-

abilistic discrete-choice models than the MNL model. Less risk-averse researchers may

wish to consult other sources for advice on designs suitable for MNL models (e.g.,

Huber and Zwerina 1996; Kuhfeld, Tobias and Garrat 1994; Bunch, Louviere and

Anderson 1996). Designs suitable only for MNL models usually are unable to detect

IID violations, potentially resulting in large prediction errors and biased policy infer-

ences in practice.

5.3.1 Unlabelled, generic alternatives

This type of experiment is the easiest to understand and conceptualise. The choice

outcomes are purely generic in the sense that the labels attached to each option convey

no information beyond that provided by their attributes. For example, in table 5.2

options are simply labelled `A' and `B'. Each option is described by three transport

mode-related attributes, namely fare, service frequency and travel time.
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Table 5.2. An example of a generic choice experiment

Option A Option B

Set Fare Service Time Fare Service Time

1 $1.20 5 10 $2.00 15 15

2 $1.20 5 20 $2.00 30 30
3 $1.20 15 10 $3.00 30 30
4 $1.20 15 20 $3.00 15 15

5 $2.20 5 10 $3.00 30 15
6 $2.20 5 20 $3.00 15 30
7 $2.20 15 10 $2.00 15 30

8 $2.20 15 20 $2.00 30 15



As noted in chapter 4, all-pairs and random assignment of (a priori) designed

pro®les generally are inferior to statistically designed experiments. For the sake of

example, let there be M total generic choice outcomes and A total attributes, each of

which has exactly L levels. A general way to design choice experiments for this case is

to combine all the attributes of all the choice outcomes into a collective factorial, and

select the smallest main eÿects design from that factorial. That is, the collective design

is an LMA factorial, from which one selects the smallest, orthogonal main eÿects plan.

For example, if there are four choice outcomes, and each is described by nine four-

level attributes, the collective factorial is a 49�4, or 436. The smallest possible main

eÿects plan is determined by the total degrees of freedom required to estimate all

implied main eÿects. That is, the total degrees of freedom are determined by summing

the separate degrees of freedom in each main eÿect. Each main eÿect has exactly Lÿ 1

degrees of freedom (� 3 in the present example). There are exactly thirty-six main

eÿects (4� 9 attributes); hence there is a total of 36� 3, or 108 degrees of freedom.

Therefore, the smallest orthogonal main eÿects plan for this example requires 128

choice sets. Numbers of choice sets required for problems of various sizes are pre-

sented in table 5.3, which displays the smallest, orthogonal main eÿects plans. If one is

willing to sacri®ce some design orthogonality, the total number of choice sets usually

can be reduced (e.g., Kuhfeld, Tobias and Garratt 1994), but any reduction is subject

to the restriction that the minimum number of sets by number of choice alternatives

must equal or exceed the total degrees of freedom to be estimated. In general, it is poor

practice to use design minima because the smaller the quantity number of sets� alter-

natives relative to parameters to be estimated, the less statistical power. Unbalanced

designs should also be avoided where possible because statistical power diÿers within

attribute levels and/or between attributes, and arti®cial correlations with grand means

or model intercepts are introduced. Unbalanced designs are those for which (a) attri-

butes have unequal numbers of levels, and (b) the numbers of levels are not multiples

of one another. For example, if three attributes have levels, respectively of 2, 3 and 4,

the design properties will be unbalanced. If the three-level attribute can be reduced to

two or increased to four levels, design properties will be improved. Consequently,

designs in table 5.3 are balanced and based on powers of 2, which should su�ce for

many applications.

5.3.2 Specification issues for labelled alternatives

The design principles for unlabelled alternatives also apply to designs for labelled

alternatives. The key diÿerence so far as the outcomes are concerned is that the

label or name of the alternative itself conveys information to decision makers. This

matters in choice and other decision tasks because (a) subjects may use labels to infer

missing (omitted) information, and (b) these inferences may be (and usually are)

correlated with the random component. In the main, both these issues have been

ignored by academics and practitioners, particularly in the large conjoint analysis

literature, but they may have a very signi®cant impact on model estimates and inter-

pretation of results.
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For example, it is common practice to use brand names or similar labels as levels of

the attribute `brand name' in unlabelled choice (and conjoint analysis) tasks in market-

ing. Unfortunately, however, consumers can (and often do) use these monikers to infer

omitted information about choice alternatives, and the omitted information may be

correlated with the random component. Likely manifestations of this form of omitted

variables bias are (a) signi®cantly diÿerent alternative-speci®c attribute eÿects for

some alternatives and/or (b) violations of the IIA property of simple MNL models.

The latter two eÿects arise owing to diÿerences in (i) random component variances

among the choice alternatives, (ii) random component covariances among the choice

alternatives and/or (iii) preferences among consumers. The former may be a conse-

quence of the latter, but in general does not have to be.

This form of omitted variables bias can be quite serious, and is frequently misin-

terpreted by naive analysts to imply that there are signi®cant diÿerences in the sensi-

tivity of consumers to various attributes, price often being a prime contender. For

example, seemingly signi®cant diÿerences in price eÿects will occur to the extent

that consumers associate good or bad omitted variables with brands. That is, good

inferences lead to apparently lower price sensitivity, whereas bad inferences lead to
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Table 5.3. Details of multiple choice designs based on factorials

No. of options No. of attributes No. of levels Full factorial Smallest design

2 4 2 28 16 sets
2 4 4 48 32 sets
2 8 2 216 32 sets
2 8 4 416 64 sets

2 16 2 232 64 sets
2 16 4 432 128 sets
4 4 2 216 32 sets

4 4 4 416 64 sets
4 8 2 232 64 sets
4 8 4 432 128 sets

4 16 2 264 128 sets
4 16 4 464 256 sets
8 4 2 232 64 sets

8 4 4 432 128 sets
8 8 2 264 128 sets
8 8 4 464 256 sets
8 16 2 2128 256 sets

8 16 4 4128 512 sets
16 4 2 264 128 sets
16 4 4 464 256 sets

16 8 2 2128 256 sets
16 8 4 4128 512 sets
16 16 2 2256 512 sets

16 16 4 4256 1024 sets



seemingly higher price sensitivity. Unfortunately, such apparent eÿects are driven by

failure to include in the task all the relevant information on which consumers base

their choices. Hence, models estimated from such tasks will be of limited value for

future forecasting if the covariance structure of the omitted variables changes. Such

changes should be slower in established, mature product markets, but may be rapid in

new and emerging markets.

The latter phenomenon is a form of the so-called Lucas eÿect in economics, but also

noted by Rushton (1969) and Louviere (1988b) in geography and transport. That is,

models which fail to capture how consumer preferences or choice processes change in

response to changes in producer actions are merely descriptions of the behaviour of

the recent past, devoid of theoretical or empirical insights about future dynamics. In

other words, models derived from observations of consumer responses to a particular

sample of past producer actions are incorrect by de®nition, and if one uses them to

formulate and implement policy, successful policies will change the empirical covar-

iance structure of the choices that consumers face. In turn, the latter manifests itself as

a change in one or more model parameters, rendering a previously estimated model

unsuitable for further prediction.

In the case of choice experiments, such eÿects can be minimised by spending as

much time as possible in advance of the design of experiments and ®eld work to

understand the choice problem faced by consumers as thoroughly as possible. The

latter include not only identifying the attributes and appropriate levels, but also gain-

ing insights into how consumers make choices, the role of experiences and expecta-

tions and individual diÿerences. Such insights rarely can be gained by sitting in one's

o�ce speculating about the behaviour of real consumers. Nor can they be gained by

waiting for data from scanner panels or other sources to be supplied, and formulating

models based on data collected by others for purposes other than that explicitly

intended by the researcher. Statistical and econometric ability is no substitute for

theory, thinking, observation and just plain hard, empirical detective work.

Complex models that `demonstrate' one's statistical and/or mathematical superiority

are not `better' models. Rather, better models come from real understanding of

the behaviour of interest and its antecedent links, which leads to signi®cant insights

into behaviour before parameter estimation. In turn, this leads to informed and

well-designed experiments or data-collection eÿorts that produce accurate and valid

empirical insights about choice processes.

5.3.3 Statistical properties of labelled choice experiments

As previously mentioned, two statistical properties are of interest in labelled and

unlabelled choice experiments, namely identi®cation and precision. Recall that the

former refers to the type(s) of utility and choice process speci®cations that can be

estimated, and the latter refers to the statistical e�ciency of parameters estimated from

the experiment conditional on a maintained speci®cation. Unfortunately, these two

properties are not independent, and precision also depends on sample size, whatever

the maintained speci®cation.
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Speci®cation is entirely under the researcher's control. That is, whatever form of

choice process and associated utility function, in principle there is a way to design a

choice experiment to estimate all implied free parameters. In practice, an experiment

may be too large for practical application, but for now we assume that an experiment

can be designed and implemented that is consistent with a particular maintained

speci®cation. Thus, the real issue is precision, which bears on the ability of an experi-

ment to reject the null hypothesis for a given parameter vector. For a ®xed sample size,

precision will be a function of the number of non-zero attribute level diÿerences

(continuous attributes) or contrasts (qualitative attributes). In general, the fewer

non-zero diÿerences or contrasts, the more precise con®dence intervals will be.

Because MNL model parameters are associated with diÿerences or contrasts

between attribute levels, zero diÿerences or contrasts in attribute levels provide no

statistical information about choice because consumers do not have to compare or

trade-oÿ information about that attribute to make a choice. Thus, all else equal, the

more zero attribute level diÿerences in a choice set, the fewer attributes that can

in¯uence choice. Thus, from a design perspective, we seek to develop designs that

minimise the number of zero attribute diÿerences.

In practice, however, this is a very di�cult objective to achieve when there are more

than two choice alternatives. One approach is to develop what are termed diÿerence

designs (Louviere and Woodworth 1983). Diÿerence designs require one to begin with

an initial set of pro®les, designed or otherwise. Let A total attributes describe this

original set of pro®les. An additional M choice alternatives can be designed by using

an orthogonal diÿerence design based on the LMA factorial, where L is the number of

levels, assumed constant for all attributes. Thus, if an original set of pro®les is created

from an orthogonal fraction of a 4A factorial, an additional M � A diÿerence columns

are required to generate the other competing alternatives.

For example, let all attributes be quantitative and let L � 4. Let the levels of each

attribute in the diÿerence design be ÿ3;ÿ1;�1 and �3; and let the levels of a certain

attribute in the original pro®les, say price, be measured in appropriate units (e.g.,

dollars). Then price levels in the original design are operated on by a price diÿerence

column in the diÿerence design associated with a second such that its price attribute

takes on levels �1; 3 dollars relative to the price levels in the original pro®les. Thus, if

the original price levels are $5, $7, $9 and $11, the price levels of the second alternative

would be 5� 1; 3;7� 1; 3; 9� 1; 3 and 11� 1; 3 (i.e., $2, $4, $6, $8, $10, $12, $14).

Although the original pro®les have four levels, the designed competing pro®les all will

have seven levels. The resulting design will be orthogonal in its attribute level diÿer-

ences, but will not be orthogonal in the absolute attribute levels.

All eÿects will be de®ned as attribute level diÿerences relative to the original pro®le

base. Thus, to estimate non-linear attribute diÿerence main eÿects and/or interaction

eÿects, a diÿerence design must accommodate them. One advantage of diÿerence

designs relative to the designs previously proposed for unlabelled alternatives is that

the design matrix requires A fewer columns because all diÿerences are relative to the

original pro®le columns. A second potential advantage of diÿerence designs is that the

attribute columns in the original pro®le design need not be orthogonal; instead, only
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the diÿerences must be orthogonal. Thus, one can design the original (base) pro®les to

re¯ect whatever correlations apply to the real market of interest if this is a desirable

feature of an experiment.

A second design strategy is one previously discussed with reference to unlabelled

experiments (section 5.3.1): all attribute columns of all alternatives are treated as a

collective factorial, and a constant, reference alternative is added to each choice set.

That is, given M options, each described by A attributes with exactly L levels, the

collective factorial is an LMA. One selects the smallest orthogonal design from this

factorial that satis®es the desired identi®cation properties. Each choice set is a row in

this fractional factorial design matrix to which a constant is added. The `constant' can

be a ®xed attribute pro®le or an option such as `no choice'. As previously noted, this

involves subtraction of a constant from each attribute column, which leaves design

orthogonality unaÿected.

The preceding design strategy is generally straightforward to implement and based

on well-known design principles for linear models. It also makes sense in many experi-

mental contexts to use a constant option such as `no choice', which adds realism and

value to experiments because it allows estimation of true demand models, rather than

conditional demand (i.e., share) models. This strategy does have limitations: (a) a

signi®cant number of between-alternative attribute diÿerences will be zero, (b) some

choice sets will contain dominant alternatives, and (c) a relatively large number of

choice sets will be required. Regarding the ®rst and second limitations, Huber and

Zwerina (1996) suggest ways to interchange columns and/or swap attribute levels to

reduce these problems, a procedure that we have long used in practice. That is, one can

rotate the order of columns in a design and/or reorder the levels in one or more

columns to eliminate or at least reduce dominance and zero attribute level diÿerences.

The second limitation also may be less serious if a constant alternative such as `no

choice' is used. Finally, choice set numbers often can be reduced by computerised

optimal design methods that produce some (usually, small) inter-attribute correlations

(Kuhfeld, Tobias and Garratt 1994), subject to the earlier caveat that design minima

rarely can be considered wise empirical practice.

Table 5.4 illustrates a design for two labelled alternatives, each described by

three, two-level attributes based on an orthogonal main eÿects 26ÿ3 fraction of the

26 factorial. As explained above, the three attributes of commuter train and city bus

are treated as a collective 26 factorial, and the smallest orthogonal main eÿects

design is used to create the choice alternatives and the choice sets. Each row in the

design is a choice set. Inspection of attribute diÿerences (train minus bus) reveals

two zero diÿerences for the frequency of service attribute. Thus, this design is not

optimally e�cient. Also, the attribute diÿerences are not orthogonal because the

correlation between service frequency and travel time � 0:474. The other correlations

are zero.

Table 5.5a is of the same design as table 5.4, to which the constant alternative

`I'd choose some other mode of travel to work' has been added. Table 5.5b is of the

same design as table 5.5a, but with a constant diÿerence subtracted from each column.

The constant alternative used in this example diÿers for each respondent, hence, it
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Table 5.4. Example of a labelled design and resulting attribute diÿerences

Commuter train City bus Attribute diÿerences

Set 1-way Freq. Time 1-way Freq. Time 1-way Freq. Time

1 $1.20 5 10 $2.00 15 15 ÿ0:80 ÿ10 ÿ5

2 $1.20 5 20 $2.00 30 30 ÿ0:80 ÿ25 ÿ10
3 $1.20 15 10 $3.00 30 30 ÿ1:80 ÿ15 ÿ20
4 $1.20 15 20 $3.00 15 15 ÿ1:80 0 �5

5 $2.20 5 10 $3.00 30 15 ÿ0:80 ÿ25 ÿ5
6 $2.20 5 20 $3.00 15 30 ÿ0:80 ÿ10 �5
7 $2.20 15 10 $2.00 15 30 �0:20 0 ÿ5

8 $2.20 15 20 $2.00 30 15 �0:20 ÿ15 ÿ10

Table 5.5a. A labelled experiment with constant third option

Commuter train City bus

1-way Freq. Time 1-way Freq. Time Option

$1.20 5 10 $2.00 15 15 Choose another mode
$1.20 5 20 $2.00 30 30 of travel to work

$1.20 15 10 $3.00 30 30
$1.20 15 20 $3.00 15 15
$2.20 5 10 $3.00 30 15

$2.20 5 20 $3.00 15 30
$2.20 15 10 $2.00 15 30
$2.20 15 20 $2.00 30 15

Table 5.5b. Treatment of constant option in table 5.5a

Commuter train City bus

1-way Freq. Time 1-way Freq. Time Attribute diÿerences

$2.20 5 20 $2.00 30 15 All columns have a
$1.20 5 20 $3.00 15 15 constant diÿerence

$2.20 15 10 $3.00 30 15 subtracted (e.g., k).
$2.20 15 20 $2.00 15 15 Thus, diÿerence �
$1.20 15 20 $3.00 15 30 columnÿ k.
$2.20 5 10 $2.00 15 30

$1.20 5 10 $2.00 30 30
$1.20 15 10 $3.00 30 30



represents a distribution instead of a single, ®xed alternative. In real applications, one

must observe (i.e., measure) the attributes of the travel options faced by each respon-

dent, and include these in the estimation data set. This also illustrates why many real

applications will require one to include additional, non-experimental choice informa-

tion in model estimation. The present example requires one to disaggregate the choice

data to the level of (subjects� alternative� choice set) and each respondent's constant

options must be included in the model estimation as a choice option. Predictions must

be based on the method of sample enumeration.

Consider using random assignment to construct a design as discussed earlier in this

chapter. That is, use separate designs to make pro®les for train and bus, put the bus

and train pro®les in diÿerent urns and generate pairs by randomly selecting a pro®le

from each urn without replacement, as illustrated in table 5.6. Interestingly, this design

is statistically more e�cient than the design in table 5.5a. That is, the correlation

between the service frequency and travel time diÿerences is 0.16, about a third of

that in the table 5.5a design. As before, correlations between the other attribute

diÿerence columns are zero. Thus, a randomly generated design can be more e�cient

than an orthogonal design, but this result need not hold in general, and in our experience,

is not common.

5.4 Availability designs for labelled alternatives

Thus far our discussion has dealt with designs that generate choice sets of ®xed size;

i.e., sets in which the number of competing alternatives is constant. However, there are

many applications that involve labelled alternatives for which variable set size designs

are appropriate. The design problem in this section diÿers from the previous intro-

duction to availability designs due to the additional complication that the alternatives

also can diÿer in `their attributes' when `present' (or available). These design problems
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Table 5.6. Attribute level diÿerences resulting from random design

Commuter train City bus Attribute diÿerences

Set 1-way Freq. Time 1-way Freq. Time 1-way Freq. Time

1 $1.20 5 10 $3.00 15 30 ÿ1:80 ÿ10 ÿ20
2 $1.20 5 20 $2.00 15 30 ÿ0:80 ÿ10 ÿ10

3 $1.20 15 10 $3.00 30 15 ÿ1:80 ÿ15 ÿ5
4 $1.20 15 20 $2.00 30 15 ÿ0:80 ÿ15 ÿ55
5 $2.20 5 10 $2.00 15 15 �0:20 ÿ10 ÿ5

6 $2.20 5 20 $3.00 15 15 ÿ0:80 ÿ10 �5
7 $2.20 15 10 $2.00 30 30 �0:20 ÿ15 ÿ20
8 $2.20 15 20 $3.00 30 30 ÿ0:80 ÿ15 ÿ10



arise when choice options are characterised by diÿerential `availability' of options, the

simplest class of which were previously introduced. Some problems to which such

designs apply include:

� Out of stock. How do supply interruptions or di�culties aÿect choices?

� Closures or service interruptions. How do choices change if a bridge collapses or a

road to a ski area is closed owing to an avalanche or a rock slide?

� New product introductions. How do choices change in response to new entrants that

may or may not be introduced?

� Retention/switching. How do choices change in response to systematic changes in

availability?

There are a number of ways to create availability designs. We will limit our discus-

sion to a few basic approaches; a more detailed discussion of these and other design

methods can be found in Lazari and Anderson (1994) and Anderson and Wiley (1992).

There are two general types of problem: (a) all alternatives vary in availability, and (b)

some alternatives are ®xed (i.e., always available), while the availability of others

varies. There are also two levels of design complexity: (i) availability is the only aspect

of alternatives that varies, or (ii) when some alternatives are available, their attributes

also vary.

5.4.1 More complex availability designs

Recall the simple case in which presence/absence of options varies, but no attributes

vary. In this case designs can be created by treating alternatives as two-level factors

(i.e., present/absent), and selecting orthogonal fractions from the 2J factorial. It was

mentioned previously that if the IID error assumption does not hold, diÿerent design

strategies are needed, such as combining an orthogonal main eÿects design with its

exact foldover; or designs in which all main and two-way interaction eÿects are ortho-

gonal. A disadvantage of basing availability designs on 2J fractions is that average

choice set size � J=2, so choice set size increases rapidly with J. Now consider table

5.7a, which contains an orthogonal main eÿects design plus its foldover (Rhagavrao

and Wiley 1994). Choice options are numbered (1 to 6) and presence/absence repre-

sented by P/A.

Alternatives which are present are marked P in table 5.7a. The subdesign that

applies when alternative 1 is `present' is in table 5.7b. Such orthogonal subdesigns

are nested under the `presence' and `absence' of each other option. For example, the

subdesign spanned by alternatives 2 to 6 is orthogonal and balanced, which allows us

to independently estimate the cross-eÿects of these options (2; 3; . . . ; 6) on choice 1,

which will capture violations of the IID assumption that are related to attribute

variations.

We did not previously mention, but it is worth noting that such availability experi-

ments are excellent vehicles to study and model switching behaviour. Indeed, avail-

ability designs oÿer signi®cant advantages for modelling switching behaviour over

scanner and other sources of panel choice data: option presence/absence is orthogonal
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and balanced; hence, all options occur equally often. Thus, switching is independent of

co-occurrence and switching probabilities are independent of the probability that

options are available.

5.4.2 Alternatives vary in availability and attributes

The next level of complexity involves nesting a design to vary the attributes of the

alternatives under the level `present' in the availability design. We consider two design
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Table 5.7a. Availability design plus foldover

Set Option 1 Option 2 Option 3 Option 4 Option 5 Option 6

Original 26ÿ3 orthogonal main eÿects design
1 P A P A P A
2 P A A A A P
3 P P P P A P

4 P P A P P A
5 A A P P P P
6 A A A P A A

7 A P P A A A
8 A P A A P P

Foldover of original 2 6ÿ3 orthogonal main eÿects design
9 A P A P A P
10 A P P P P A

11 A A A A P A
12 A A P A A P
13 P P A A A A
14 P P P A P P

15 P A A P P P
16 P A P P A A

Table 5.7b. Subdesign for alternative 1 `present'

Set Option 1 Option 2 Option 3 Option 4 Option 5 Option 6

Subdesign of original 2 6ÿ3 orthogonal main eÿects design

1 P A P A P A
2 P A A A A P
3 P P P P A P

4 P P A P P A
5 P P A A A A
6 P P P A P P

7 P A A P P P
8 P A P P A A



approaches for this problem: (a) an orthogonal fraction of a 2J design is used to design

presence/absence conditions, and designed attribute pro®les are randomly assigned

without replacement to make choice sets in each condition; (b) a fraction of a 2J

design is used to design presence/absence conditions, and a second orthogonal fraction

of the collective factorial of the attributes of the alternatives `present' is used to make

the choice sets in each presence/absence condition.

These two design strategies are illustrated in table 5.8 for alternatives A to E, each

described by three two-level attributes. Hence, pro®les for each alternative can be

designed as the entire 23 or 1/2 of the 23 (i.e., 23ÿ1). We use the latter to illustrate

the process to save space, and instead of using random assignment, a Latin square is

used to rotate pro®les across alternatives within and between sets because there are

as many alternatives as pro®les. The latter ensures that each alternative receives the

same pro®les an equal number of times and no pro®le is combined with itself. In

the interest of space, we omit the foldover conditions, which add another thirty-two

choice sets.

Table 5.9 illustrates an attribute nested availability design based on a fraction of the

2J factorial to design availability conditions, and a second fraction of the 23�J to

design attribute pro®les and choice sets in each condition (Jc is the number of alter-

natives in the cth condition). To save space, the design involves three alternatives

(A, B, C), each with three two-level attributes. The availability conditions are based

on the 23ÿ1, which yields four conditions, coded as follows for options A, B, C: 000,

011, 101, 110 (0 � absent; 1 � present); hence one condition can be eliminated �� all

options absent). Although the availability conditions design involves all pairs, this is

coincidental and due solely to the use of this particular fractional design.

A large number of variations on this design theme are possible, but it should be

noted that such designs may be very large. The key properties of these designs of

interest in choice modelling are as follows:

� Presence/absence of alternatives is orthogonal and balanced.

� Attributes of alternatives are nested within `presence' levels.

� Non-IID error models require an orthogonal availability and/or nested attribute

availability sub-design that spans the space of the `presence' levels of each alter-

native.

� Certain non-IID models require attribute orthogonality within and between alter-

natives as well as within and between availability conditions.

The latter properties generally lead to very large designs as the number of alternatives

and/or the number of attributes (levels) increases.

Chapter 7 deals with designs for complex non-IID models. Generally, such designs

require explicit assumptions to be made about the nature of the random error com-

ponents, although one can relax the assumptions by constructing ever more general

designs. The appendix to this chapter contains several example designs for common

multiple choice problems which allow IID violations to be treated in what are now

routine ways, by relaxing assumptions about the variance or covariance structures of

the random components.
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Table 5.8. Orthogonal fraction of 2 J design used
for nesting conditions

Set no. A B C D E

Condition 1
1 000 A 011 A 101
2 011 A 101 A 110

3 101 A 110 A 000
4 110 A 000 A 011

Condition 2
5 110 A A A A

6 000 A A A A
7 011 A A A A
8 101 A A A A

Condition 3

9 011 101 110 000 A
10 101 110 000 011 A
11 110 000 011 101 A

12 000 011 101 110 A

Condition 4
13 101 110 A 000 011
14 110 000 A 011 101

15 000 011 A 101 110
16 011 101 A 110 000

Condition 5
17 A A 110 000 011
18 A A 000 011 101

19 A A 011 101 110
20 A A 101 110 000

Condition 6
21 A A A 000 A

22 A A A 011 A
23 A A A 101 A
24 A A A 110 A

Condition 7

25 A 000 011 A A
26 A 011 101 A A
27 A 101 110 A A

28 A 110 000 A A

Condition 8
29 A 011 A A 101
30 A 101 A A 110
31 A 110 A A 000

32 A 000 A A 011



Appendix A5 Some popular choice designs

In what follows we use capital letters to designate attributes (e.g., A, B, . . .) and design

codes to denote levels of those attributes (e.g., 0, 1, . . .) to illustrate several diÿerent

ways to design choice experiments. The end section of the appendix contains several

concrete design examples using attributes and levels of light rail transit systems. For

consistency, all examples use six two-level attributes to illustrate design options. We

use an orthogonal fraction of the 26 to illustrate the options in which attributes are

denoted by uppercase letters, and attribute levels by 0s and 1s.

Table 5.9. Attribute availability
nesting based on fractional design

Set no. A B C

Condition 1 (011): based on the
smallest fraction of the 26

1 A 000 000

2 A 001 011
3 A 010 111
4 A 011 100

5 A 100 101
6 A 101 110
7 A 110 010

8 A 111 001

Condition 2 (101): based on the
smallest fraction of the 26

9 000 A 000

10 001 A 011
11 010 A 111
12 011 A 100
13 100 A 101

14 101 A 110
15 110 A 010
16 111 A 001

Condition 3 (110): based on the

smallest fraction of the 26

17 000 000 A
18 001 011 A

19 010 111 A
20 011 100 A
21 100 101 A

22 101 110 A
23 110 010 A
24 111 001 A

Note: A in table body� absent.
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Attributes

Pro®les A B C D E F

1 0 0 0 0 0 0
2 0 0 1 0 1 1
3 0 1 0 1 1 1

4 0 1 1 1 0 0
5 1 0 0 1 1 0
6 1 0 1 1 0 1

7 1 1 0 0 0 1
8 1 1 1 0 1 0

The above design creates eight attribute pro®les described by six two-level attri-

butes. We now illustrate several ways to design choice experiments based on these

pro®les.

1. Randomly pair the 8 pro®les without replacement or duplication to create eight

pairs or choice sets:

Pro®le Order 1 Pro®le Order 2 Diÿerences in levels

3 0 1 0 1 1 1 6 1 0 1 1 0 1 ÿ1 1 ÿ1 0 1 0
5 1 0 0 1 1 0 2 0 0 1 0 1 1 1 0 ÿ1 1 0 ÿ1
2 0 0 1 0 1 1 7 1 1 0 0 0 1 ÿ1 ÿ1 1 0 1 0
7 1 1 0 0 0 1 4 0 1 1 1 0 0 1 0 ÿ1 ÿ1 0 1

1 0 0 0 0 0 0 3 0 1 0 1 1 1 0 ÿ1 0 ÿ1 ÿ1 ÿ1
6 1 0 1 1 0 1 1 0 0 0 0 0 0 1 0 1 1 0 ÿ1
8 1 1 1 0 1 0 5 1 0 0 1 1 0 0 1 1 ÿ1 0 0

4 0 1 1 1 0 0 8 1 1 1 0 1 0 ÿ1 0 0 1 1 0

2. Randomly pair the eight pro®les and a foldover or a statistically equivalent design

without replacement to create eight choice sets:

Random Random Diÿerences
Set no. original pro®les foldover pro®les in attribute levels

1 0 1 0 1 1 1 6 1 0 1 0 0 0 ÿ1 1 ÿ1 1 1 1
2 1 0 0 1 1 0 2 0 0 1 1 1 0 1 0 ÿ1 0 0 0

3 0 0 1 0 1 1 7 1 1 0 1 0 0 ÿ1 ÿ1 1 ÿ1 1 1
4 1 1 0 0 0 1 4 0 1 1 0 0 1 1 0 ÿ1 0 0 0
5 0 0 0 0 0 0 3 0 1 0 0 1 0 0 ÿ1 0 0 ÿ1 0

6 1 0 1 1 0 1 1 0 0 0 1 0 1 1 0 1 0 0 0
7 1 1 1 0 1 0 5 1 0 0 0 1 1 0 1 1 0 0 ÿ1
8 0 1 1 1 0 0 8 1 1 1 1 1 1 ÿ1 0 0 0 ÿ1 ÿ1
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3. Pair each of the eight pro®les with their exact foldover to create eight choice

sets:

Diÿerences
Set no. Original pro®les Foldover pro®les in attribute levels

1 0 0 0 0 0 0 1 1 1 1 1 1 ÿ1 ÿ1 ÿ1 ÿ1 ÿ1 ÿ1
2 0 0 1 0 1 1 1 1 0 1 0 0 ÿ1 ÿ1 1 ÿ1 1 1

3 0 1 0 1 1 1 1 0 1 0 0 0 ÿ1 1 ÿ1 1 1 1
4 0 1 1 1 0 0 1 0 0 0 1 1 ÿ1 1 1 1 ÿ1 ÿ1
5 1 0 0 1 1 0 0 1 1 0 0 1 1 ÿ1 ÿ1 1 1 ÿ1
6 1 0 1 1 0 1 0 1 0 0 1 0 1 ÿ1 1 1 ÿ1 1

7 1 1 0 0 0 1 0 0 1 1 1 0 1 1 ÿ1 ÿ1 ÿ1 1
8 1 1 1 0 1 0 0 0 0 1 0 1 1 1 1 ÿ1 1 ÿ1

4. Treat both left- and right-hand attributes as 12 total, and construct the smallest

orthogonal main eÿects design of the 212ÿ8 factorial to make the choice sets:

1st 6 Atts 2nd 6 Atts Attribute diÿs

Choice set no. A B C D E F A B C D E F A B C D E F

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
2 0 0 0 1 0 1 0 1 1 1 0 1 0 ÿ1 ÿ1 0 0 0
3 0 0 1 0 0 1 1 0 1 1 1 0 ÿ1 0 0 ÿ1 ÿ1 1
4 0 0 1 1 0 0 1 1 0 0 1 1 ÿ1 ÿ1 1 1 ÿ1 ÿ1

5 0 1 0 0 1 0 0 1 1 0 1 1 0 0 ÿ1 0 0 ÿ1
6 0 1 0 1 1 1 0 0 0 1 1 0 0 1 0 0 0 1
7 0 1 1 0 1 1 1 1 0 1 0 1 ÿ1 0 1 ÿ1 1 0

8 0 1 1 1 1 0 1 0 1 0 0 0 ÿ1 1 0 1 1 0
9 1 0 0 0 1 0 1 0 1 1 0 1 0 0 ÿ1 ÿ1 1 ÿ1
10 1 0 0 1 1 1 1 1 0 0 0 0 0 ÿ1 0 1 1 1

11 1 0 1 0 1 1 0 0 0 0 1 1 1 0 1 0 0 0
12 1 0 1 1 1 0 0 1 1 1 1 0 1 ÿ1 0 0 0 0
13 1 1 0 0 0 0 1 1 0 1 1 0 0 0 0 ÿ1 ÿ1 0

14 1 1 0 1 0 1 1 0 1 0 1 1 0 1 ÿ1 1 ÿ1 0
15 1 1 1 0 0 1 0 1 1 0 0 0 1 0 0 0 0 1
16 1 1 1 1 0 0 0 0 0 1 0 1 1 1 ÿ1 0 0 ÿ1

We use LRT (light rail transit) systems to illustrate design options for pro®les

(alternatives). The attributes and levels in the table below are pedagogically convenient

but do not necessarily represent realistic values. Once pro®les are generated, the above

design strategies can be used to make choice designs based on sequential or simulta-

neous design methods.
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Cleanliness (Clean) Yes/no

Service frequency (Serv. frq) Every 15/30 mins
Nearest home stop (Stop H) 3, 16 blocks

Nearest work stop (Stop W) 3, 16 blocks
Seat available (Seat) Yes/no
Air conditioned (A/C) Yes/no

Safety patrols (Patrols) Yes/no
Fare� trip length Short trips ($1.29/$1.59); long trips ($1.79/$2.09)

Factorial combination of these attributes and levels results in 4� 27�� 512� pro®les
(i.e., LRT `systems'), involving ten main eÿects and forty-two two-way interactions.

Generally one wants designs with high ratios of observations to parameters. In the

present case the smallest orthogonal design that can estimate all main and two-way

interaction eÿects requires sixty-four pro®les. The latter is a large number of pro®les

for consumers to evaluate, but may be feasible if su�cient incentives are oÿered to

respondents.

For example, recent research (Brazell and Louviere 1997; Johnson and Orme 1996)

suggests that at least twenty and perhaps more than forty choice sets may be feasible in

some choice experiments. As well, Brazell and Louviere found that increasing the

number of choice sets aÿects reliability instead of validity. Swait and Adamowicz

(1996) studied the impact of choice task complexity and cumulative cognitive burden

on respondent taste parameters in choice tasks of the type being discussed. Their

results also support the contention that the number of choice sets aÿects reliability;

however, on a cautionary note, their results also indicate that there may exist an

optimal level of complexity and an optimal number of repeated choices that may be

elicited from respondents. Thus, although the optimum number of sets still remains

unknown, it is likely that it may be greater than some now believe. Note also that

other than the cited papers, there is virtually no research on this subject. So, if one

believes that sixty-four pro®les are too many for consumers to evaluate, one may wish

to consider these options instead:

1. The smallest orthogonal main eÿects fraction for the LRT example produces

sixteen pro®les, from which ten main eÿects and an intercept are estimated, a

high ratio of estimates to data points. If signi®cant interactions are omitted, the

estimates of the main eÿects will be biased, and the nature and magnitude of this

bias cannot be determined.

2. The smallest orthogonal main eÿects design can be folded over to make another

sixteen pro®les, or a total of thirty-two, from which ten main eÿects and an

intercept can be estimated. This design protects main eÿects from unobserved

and signi®cant linear� linear 2-way interactions. We noted earlier that most

model variance is explained by main eÿects, the next largest proportion by two-

way interactions, the next by three-way interactions, etc. Thus, orthogonalising

the linear� linear two-way interactions protects them against the most likely
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source of bias, although it leaves them open to bias from other omitted signi®cant

higher-order interactions.

3. If the likely two-way interactions involve a key attribute such as fare� trip-length

(FTL), these interactions can be estimated by combining each FTL level (4) with a

main eÿects design for the other seven attributes, such as 27ÿ4, which creates eight

pro®les or a total of thirty-two pro®les across all FTL levels. This design strategy

permits one to estimate all FTL interactions with other attributes (ten main

effects� twenty-one interactions) independently, but the model is saturated.

Other main eÿects are not protected from unobserved and signi®cant two-way

and higher order interactions, hence will be biased if other omitted two-way or

higher-order interactions are signi®cant.

Let us now illustrate two of the foregoing possibilities. The table below contains

sixteen LRT pro®les. These pro®les can be copied and placed in two or more `urns'

and pairs, triples, M-tuples, etc., can be drawn at random without replacement to

make sixteen choice sets of pairs, triples, M-tuples etc. Statistically equivalent sets of

sixteen pro®les can be made by simply reversing the labels on the codes (e.g., 0 � yes

and 1 � no or vice versa) systematically to create diÿerent sets of sixteen pro®les. One

also can rotate the two-level attribute columns to create diÿerent pro®les. Finally,

more statistically equivalent pro®les can be generated by creating the foldover because

the foldover of each statistically equivalent design is also statistically equivalent.

Thus, systematic rotation of columns or swapping/reversing levels can be used to

create statistically equivalent designs, which in turn, can be folded over to make yet

more equivalent designs that can be used to make choice alternatives. We can use an

orthogonal main eÿects design to construct sixteen pro®les as shown in the following

table.

Fare� trip Serv.

Pro®le length Clean frq. Stop H Stop W Seat A/C Patrols

1 0� sht @$1.29 0�No 0� 15 0� 16 b 0� 16 b 0�Yes 0�Yes 0�Yes

2 0� sht @$1.29 0�No 1� 30 0� 16 b 1� 3 b 1�No 0�Yes 1�No

3 0� sht @$1.29 1�Yes 0� 15 1� 3 b 0� 16 b 1�No 1�No 0�Yes

4 0� sht @$1.29 1�Yes 1� 30 1� 3 b 1� 3 b 0�Yes 1�No 1�No

5 1� sht @$1.59 0�No 0� 15 0� 16 b 1� 3 b 0�Yes 1�No 0�Yes

6 1� sht @$1.59 0�No 1� 30 0� 16 b 0� 16 b 1�No 1�No 1�No

7 1� sht @$1.59 1�Yes 0� 15 1� 3 b 1� 3 b 1�No 0�Yes 0�Yes

8 1� sht @$1.59 1�Yes 1� 30 1� 3 b 0� 16 b 0�Yes 0�Yes 1�No

9 2� lon @$1.79 0�No 0� 15 1� 3 b 0� 16 b 1�No 0�Yes 1�No

10 2� lon @$1.79 0�No 1� 30 1� 3 b 1� 3 b 0�Yes 0�Yes 0�Yes

11 2� lon @$1.79 1�Yes 0� 15 0� 16 b 0� 16 b 0�Yes 1�No 1�No

12 2� lon @$1.79 1�Yes 1� 30 0� 16 b 1� 3 b 1�No 1�No 0�Yes

13 3� lon @$2.09 0�No 0� 15 1� 3 b 1� 3 b 1�No 1�No 1�No

14 3� lon @$2.09 0�No 1� 30 1� 3 b 0� 16 b 0�Yes 1�No 0�Yes

15 3� lon @$2.09 1�Yes 0� 15 0� 16 b 1� 3 b 0�Yes 0�Yes 1�No

16 3� lon @$2.09 1�Yes 1� 30 0� 16 b 0� 16 b 1�No 0�Yes 0�Yes
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The ®nal example illustrates one way to create a design that can estimate all

two-way interactions with one of the attributes. In the example below we use the

four-level fare� trip length (FTL) attribute as the one with which two-way inter-

actions with all other attributes are of interest. A design can be constructed in the

following way: (a) use the smallest orthogonal main eÿects design (i.e., the 27ÿ4) to

make eight descriptions of the other seven attributes, and then (b) combine the

pro®les with each of the four levels of FTL to make thirty-two total pro®les. This

construction method insures that each of the FTL levels contains an orthogonal

array representing the main eÿects of the other seven attributes. Hence, each level of

FTL is completely crossed with the same main eÿects design for the other attributes,

ensuring that each two-way interaction with FTL can be estimated. The ®nal design is

shown below.

Fare� trip Serv.

Pro®le length Clean frq. Stop H Stop W Seat A/C Patrols

1 0� sht @$1.29 0� 3 b 0�No 0� 15 0�Yes 0� 16 b 0�Yes 0�Yes

2 0� sht @$1.29 0� 3 b 0�No 1� 30 0�Yes 1� 3 b 1�No 1�No

3 0� sht @$1.29 0� 3 b 1�Yes 0� 15 1�No 0� 16 b 1�No 1�No

4 0� sht @$1.29 0� 3 b 1�Yes 1� 30 1�No 1� 3 b 0�Yes 0�Yes

5 0� sht @$1.29 1� 16 b 0�No 0� 15 1�No 1� 3 b 0�Yes 1�No

6 0� sht @$1.29 1� 16 b 0�No 1� 30 1�No 0� 16 b 1�No 0�Yes

7 0� sht @$1.29 1� 16 b 1�Yes 0� 15 0�Yes 1� 3 b 1�No 0�Yes

8 0� sht @$1.29 1� 16 b 1�Yes 1� 30 0�Yes 0� 16 b 0�Yes 1�No

9 1� sht @$1.59 0� 3 b 0�No 0� 15 0�Yes 0� 16 b 0�Yes 0�Yes

10 1� sht @$1.59 0� 3 b 0�No 1� 30 0�Yes 1� 3 b 1�No 1�No

11 1� sht @$1.59 0� 3 b 1�Yes 0� 15 1�No 0� 16 b 1�No 1�No

12 1� sht @$1.59 0� 3 b 1�Yes 1� 30 1�No 1� 3 b 0�Yes 0�Yes

13 1� sht @$1.59 1� 16 b 0�No 0� 15 1�No 1� 3 b 0�Yes 1�No

14 1� sht @$1.59 1� 16 b 0�No 1� 30 1�No 0� 16 b 1�No 0�Yes

15 1� sht @$1.59 1� 16 b 1�Yes 0� 15 0�Yes 1� 3 b 1�No 0�Yes

16 1� sht @$1.59 1� 16 b 1�Yes 1� 30 0�Yes 0� 16 b 0�Yes 1�No

17 2� lon @$1.79 0� 3 b 0�No 0� 15 0�Yes 0� 16 b 0�Yes 0�Yes

18 2� lon @$1.79 0� 3 b 0�No 1� 30 0�Yes 1� 3 b 1�No 1�No

19 2� lon @$1.79 0� 3 b 1�Yes 0� 15 1�No 0� 16 b 1�No 1�No

20 2� lon @$1.79 0� 3 b 1�Yes 1� 30 1�No 1� 3 b 0�Yes 0�Yes

21 2� lon @$1.79 1� 16 b 0�No 0� 15 1�No 1� 3 b 0�Yes 1�No

22 2� lon @$1.79 1� 16 b 0�No 1� 30 1�No 0� 16 b 1�No 0�Yes

23 2� lon @$1.79 1� 16 b 1�Yes 0� 15 0�Yes 1� 3 b 1�No 0�Yes

24 2� lon @$1.79 1� 16 b 1�Yes 1� 30 0�Yes 0� 16 b 0�Yes 1�No

25 3� lon @$2.09 0� 3 b 0�No 0� 15 0�Yes 0� 16 b 0�Yes 0�Yes

26 3� lon @$2.09 0� 3 b 0�No 1� 30 0�Yes 1� 3 b 1�No 1�No

27 3� lon @$2.09 0� 3 b 1�Yes 0� 15 1�No 0� 16 b 1�No 1�No

28 3� lon @$2.09 0� 3 b 1�Yes 1� 30 1�No 1� 3 b 0�Yes 0�Yes

29 3� lon @$2.09 1� 16 b 0�No 0� 15 1�No 1� 3 b 0�Yes 1�No

30 3� lon @$2.09 1� 16 b 0�No 1� 30 1�No 0� 16 b 1�No 0�Yes

31 3� lon @$2.09 1� 16 b 1�Yes 0� 15 0�Yes 1� 3 b 1�No 0�Yes

32 3� lon @$2.09 1� 16 b 1�Yes 1� 30 0�Yes 0� 16 b 0�Yes 1�No
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The above design strategies are only two of many ways to reduce pro®le numbers.

For example, a foldover can be made from the ®rst example by replacing each attri-

bute level by its mirror image (0 � 3; 1 � 2; 2 � 1; 3 � 0 for four levels; 0 � 1 and

1 � 0 for two). Many other designs can be constructed from these basic building

blocks. For example, instead of combining each FTL level with a main eÿects design

for the remaining seven attributes, one can use a design that allows all main and two-

way interactions to be estimated. Such a design can be constructed in thirty-two

pro®les, and if combined with each of the four FTL levels, results in 128 total pro®les.

All main eÿects and two-way interactions and all three-way interactions of each

attribute with FTL can be estimated from this design. More designs can be con-

structed by combining other designs in this way.
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6 Relaxing the IID
assumption Ð introducing
variants of the MNL model

6.1 Setting the context for behaviourally more
plausible models

Many applications in marketing, transport, and the environment use the simple multi-

nomial (MNL) logit model presented in chapter 3. This approach is common to

studies using stand-alone stated preference (SP) or revealed preference (RP) data, as

well as cases with multiple data sets, such as combined SP and RP data (see chapter 8).

A great majority of empirical studies go no further than this. Some studies progress to

accommodating some amount of diÿerence in the structure of the random component

of utility, through a nested logit (NL) model. The NL model partitions the choice set

to allow alternatives to share common unobserved components among one another

compared with a non-nested alternative.

Despite the practitioner's support for the MNL model and occasionally for the NL

model (the latter being the main focus of this chapter), much research eÿort is being

devoted to increasing the behavioural realism of discrete-choice models. This eÿort is

concentrated on relaxing the strong assumptions associated with IID (independent

and identically distributed) error terms in ways that are behaviourally enriching,

computationally tractable and practical. Choice models are now available in which

the identically distributed structure of the random components is relaxed (e.g., Bhat

1995, 1997b, Hensher 1997b). Extensions that permit non-independence between alter-

natives, such as mixed logit (ML) and multinomial probit (MNP) models, have also

been developed, adding further behavioural realism but at the expense of additional

computational complexity (see Greene 1997; Geweke, Keane and Runkle 1994; Bolduc

1992; Daganzo 1980, McFadden and Train 1996; Brownstone, Bunch and Train

1998).

To gain an appreciation of the progress made in relaxing some of the very strict

assumptions of the multinomial logit model, the essential generality of interest can be

presented through the speci®cation of the indirect utility expression Uit associated with

the ith mutually exclusive alternative in a choice set at time period t, and the structure

of the random component(s) (equation (6.1) below). Time period t can be interpreted
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in an SP context as an SP pro®le or treatment. The reader may not fully appreciate the

behavioural implications of all elements of equation (6.1) until working through the

entire chapter (including appendices). However, this equation does usefully synthesise

the range of behavioural improvements that might be made as we move beyond the

MNL model.

Uit � �it � ýi;tÿ1

�it

�i;tÿ1

Choicei;tÿ1 � �itþiktXikt � �itÿqt � "it; �6:1�

where

�it � alternative-speci®c constant (ASC) representing the mean of the distribution

of the unobserved eÿects in the random component "it associated with alter-

native i at time period t (or alternative i in choice set t). This is also referred

to as the location parameter.

ýi;tÿ1 � the utility parameter associated with the lagged choice response from period

tÿ 1, which takes the value 1 if the chosen alternative in period t is the same

as the chosen in period tÿ 1 (i.e., it � i; tÿ 1) (see Hensher et al. 1992).

�it � the scale (or precision) parameter, which in the family of extreme-value

random utility models is an inverse function of the standard deviation of

the unobserved eÿects for alternative i at time period t. This parameter can

be set to 1 across all alternatives when the standard deviations are identically

distributed. �it may vary between data sets (e.g., stated choice and revealed

preference data drawn from the same or diÿerent samples of individuals in a

closed population) and between alternatives, and/or time periods/decision

contexts for the same individual.

þikt � the utility parameters which represent the relative level of satisfaction or

saliency associated with the kth attribute associated with alternative i in time

period t (or choice set t in repeated SP tasks).

Xikt � the kth (exogenous) attribute associated with alternative i and time period t.

ÿqt � individual-speci®c eÿect or unobserved heterogeneity across the sampled

population, for each individual q in time period (or choice set) t. This para-

meter may be a ®xed eÿect (i.e., a unique estimate per individual) or a

random eÿect (i.e., a set of values randomly assigned to each individual

drawn from an assumed distribution). As a random eÿect, this unobserved

term is part of an error component's structure, assumed to be independent

of other unobserved eÿects but permissible to be correlated across alterna-

tives. Identi®cation of ÿqt requires multiple observations per individual from

a panel of RP data and/or repeated SP tasks ± see Appendix B6.

"it � the unobserved random component comprising a variance and a set of

covariances linking itself to the other alternatives. The full variance±covar-

iance matrix across the choice set permits J variances and J � �J ÿ 1�=2
covariances; at least one variance must be normalised to 1.0 and at least

one row of covariances set to zero for identi®cation (Bunch 1991) (note that

the model is estimated as a series of diÿerences between the chosen and each
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non-chosen alternative). By separating the unobserved heterogeneity (ÿqt)

across the sample, from "it we have a components form of the random

sources of indirect utility. Any suppression of other sources of unobserved

in¯uences not included in equation (6.1), such as errors-in-variables (i.e.,

measurement error of the observed attributes), is confounded with the resi-

dual sources of random utility.

The utility parameters and the scale parameters may themselves be a function of a

set of exogenous characteristics that may or may not de®ne the attributes of alter-

natives. This can include socioeconomic characteristics of the sample and contextual

eÿects such as task complexity, fatigue, data collection method and interviewer iden-

ti®er. The functional form can be of any estimable speci®cation, for example:

�it � �0i � �1itIncomeit � �2itTaskComplexityit; �6:2a�
þikt � '0i � '1itAgeit � '2itHouseholdSizeit: �6:2b�

A comparison of equation (6.1) and equation (3.24) in chapter 3 will show that the

MNL model assumes:

� a single cross-section and thus no lagged structure,

� non-separation of taste and other component `weights' de®ning the role of attri-

butes in each indirect utility expression (due to a confoundment with scale),

� scale parameters that are constant across the alternatives (i.e., constant variance

assumption), arbitrarily normalised to one in (3.24),

� random components that are not serially correlated,

� ®xed utility parameters, and

� no unobserved heterogeneity.

As one permits complex structures for the unobserved eÿects through introducing

variation and covariation attributable to contemporaneous patterns among alterna-

tives, and temporal patterns among alternatives (e.g., autoregressive structures), there

exist complex and often `deep' parameters associated with the covariance matrix which

necessitate some simpli®cation to achieve any measure of estimability of a model with

application capability. The set of models presented in this chapter have the potential to

be practically useful and to enrich our understanding of behaviour and behavioural

response.

To illustrate why paying attention to the behavioural source of the error terms in a

choice model leads to new insights into how a choice model should be estimated,

interpreted and applied, consider a simple random utility model, in which there are

heterogeneous preferences for observed and unobserved labelled attributes:

Uqjt � �qj � ÿqPqjt � þqjXqjt � "qjt: �6:2c�
Uqjt is the utility that individual q receives given a choice of alternative j on occasion t.

In a stated choice experiment, t can index choice tasks. Pqjt denotes price, and Xqjt

de®nes an observed attribute of j. �qj is the individual-speci®c intercept for alter-

native j arising from q's preferences for unobserved attributes j. ÿq and þq are
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individual-speci®c utility parameters intrinsic to the individual and hence invariant

over choice occasions. "qjt are occasion-speci®c shocks to q's tastes, assumed to be

independent over choice occasions, alternatives and individuals.

Suppose we estimate an MNL model for process (6.2), invalidly assuming that all

parameters are homogeneous in the population. The random component in this model

will be:

wqjt � �̂q � ÿ̂iPqjt � þ̂qjXqjt � "qjt; �6:3a�

where ^ denotes the individual-speci®c deviation from the population mean. From

the analyst's perspective, the variance of this error term for individual q on choice

occasion t is (Keane 1997)

var �wqjt� � �2
� � P2

qjt�
2
ÿ � X2

qjt�
2
þ � �2"; �6:3b�

and the covariance between choice occasions t and tÿ 1 is

cov �wqjt;wqjt;tÿ1� � �2
� � PqjtPqj;tÿ1�

2
ÿ � XqjtXqj;tÿ1�

2
þ: �6:3c�

Equations (6.3b) and (6.3c) reveal two interesting consequences of ignoring hetero-

geneity in preferences (Keane 1997). First, the error variance will diÿer across choice

occasions as price P and attribute X are varied. If one estimates an MNL model with a

constant error variance, this will show up as variation in the intercept and slope

parameters across choice occasions. In a stated choice experiment context, this

could lead to a false conclusion that there are order eÿects in the process generating

responses.

Second, equation (6.3c) shows how preference heterogeneity leads to serially corre-

lated errors. (That heterogeneity is a special type of serial correlation is apparently not

well understood.) To obtain e�cient estimates of choice model parameters one should

include a speci®cation of the heterogeneity structure in the model. But more impor-

tantly, if preference heterogeneity is present it is not merely a statistical nuisance

requiring correction. Rather, one must model the heterogeneity in order to obtain

accurate choice model predictions, because the presence of heterogeneity will alter

cross-price eÿects and lead to IIA violations.

The chapter is organised as follows. Understanding the role of the unobserved

in¯uences on choice is central to choice modelling, so we begin with a formal deriva-

tion of the mean and variance of the random component, assumed to be distributed

extreme value type 1 (EV1); the distribution imposed on the majority of discrete-

choice models. These parameters summarise important behavioural information (as

shown in equations (6.1)±(6.3)). The chapter then introduces the nested logit model in

which IID errors hold within subsets of alternatives but not between blocks of alter-

natives (including single or degenerate alternatives). Much of the chapter is devoted to

the NL model since it oÿers noticeable gains in behavioural realism for the practic-

tioner without adding substantial complexity in estimation. It remains the most

advanced practical tool for modelling choices involving many decisions, as well as

choices in which a single decision involves consideration of many alternatives. The

Relaxing the IID assumption 141



NL model provides the springboard for further relaxation of the structure of the

random errors.

Given the signi®cant increase in technical complexity of models beyond MNL and

NL, they are assigned to appendix B of the chapter. All such models no longer

maintain a closed-form expression associated with MNL and NL models, such that

the analyst has to undertake complex analytical computations to identify changes in

choice probabilities through varying the levels of attributes. We present the following

models in the appendix: heteroscedastic extreme value (HEV), covariance hetero-

geneity logit (CovHet), random parameter logit (RPL) or mixed logit (ML), latent

class heteroscedastic MNL, multinomial probit (MNP) and multiperiod multinomial

probit (MPMNP).

We use a single data set throughout the chapter and appendix B (except for

MPMNP) to illustrate the diÿerences between various choice models, as well as to

undertake tests of the violation of the independence of irrelevant alternatives property

linked to IID. We conclude the chapter with some practical hints on modelling with

more complex procedures.

6.2 Deriving the mean and variance of the extreme
value type 1 distribution

It is relatively straightforward to derive the ®rst two moments of the EV1 distribution.

The EV1 distribution is de®ned by the density function

f �x� � �eÿ�xeÿeÿ�x ÿ1 < x < 1:�
NB:

Z 1

ÿ1
f �x� dx �

Z 1

ÿ1
�eÿ�xeÿeÿ�x

dx � �eÿeÿ�x �1ÿ1 � 1

�
:

The mean is given by the mode of the distribution (�� � J, where

J �
Z 1

ÿ1
xf �x� dx �

Z 1

ÿ1
�xeÿ�xeÿeÿ�x

dx � 1=�

Z 1

ÿ1
yeÿyeÿeÿy

dy:

Write eÿy � z; J � 1

�

Z 1

�
eÿz log z dz � ÿ

�
, where ÿ is Euler's constant �� 0:577�.

The variance is given by � �
Z 1

ÿ1
x2f �x�dxÿ �2, where � is the mean.

Write �1 �
Z 1

ÿ1
x2f �x� dx �

Z 1

ÿ1
�x2eÿ�xeÿeÿ�x dx � 1

�2

Z1
ÿ1

y2eÿyeÿeÿy

dy.

Write eÿy � z;�1 � 1
�2

Z 1

�
eÿz�log z�2 dz � 1

�2

�
�2

6
� ÿ2

�
;� � �2

6�2
.

This derivation of the mean and variance of the extreme value type 1 distribution

provides important behavioural information on the nature of unobserved sources of

in¯uence on overall relative utility, and hence choice outcomes. For the MNL model
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the variances of the unobserved eÿects are the same (equivalently, �1 � �2 �
�i � � � � � �J ). The means can diÿer but could be the same by coincidence. � is the

only unknown element of the variance formula (� � 3:14159). The variance of the

unobserved eÿects is inversely proportional to �2. Alternatively, � is inversely propor-

tional to the standard deviation of the unobserved eÿects. � is known as the scale

parameter, set by assumption to 1.0 for MNL models, hence not explicitly modelled

in the MNL model (equation (3.24)). If the constant variance assumption is relaxed,

then �i becomes an additional (constant) multiplicand of each of the attributes in¯u-

encing choice:

Viq � �i�i � �iþilXilq � � � � � �iþikXikq � � � � � �iþiKXiKq; k � 1; . . .K; �6:4a�
where þik is the utility parameter associated with the kth attribute and ith alternative.

It is common practice to specify equation (6.4a) in the form of (6.4b), which in the

MNL form would be:

�Viq=�i� � �i � þilXilq � � � � � þikXikq � � � � � þiKXiKq; �6:4b�

Piq �
exp�Viq=�i�XJ

j�1

exp�Vjq=�j�
; �6:4c�

noting that, from McFadden's generalised extreme value model, the utility function

for alternative i is de®ned as ÿ
1=�i
i � exp�Vi�1=�i � exp�Vi=�i�.

The scale parameter, �, is a critical parameter in the estimation of choice models

when data sets are combined (e.g., market data and stated choice data on the same

choice such as choice of shopping destination). Diÿerences in � in an EV1 model

speci®cation determine if the information in the utility expressions associated with

alternatives from one data set need to be rescaled to make it comparable with the

underlying distributional properties associated with the other data set. See chapter 8

for more details.

� is also the source of information to identify the extent to which the standard

deviations of the unobserved components diÿer across alternatives in a single data set.

When the latter occurs, it suggests a need to partition a choice set so that sets of

alternatives with the same (or similar) standard deviations are studied diÿerently from

other sets of alternatives with their own similar standard deviation pro®les, to preserve

as far as possible the practical appeal of the MNL form. The nested logit (NL) model

can be thought of as a way to estimate a choice model recognising that, within a choice

set, there can be sets of alternatives that can be partitioned, such that some alternatives

have similar or identical standard deviations that diÿer from other alternatives whose

standard deviations are similar to each other but diÿerent from the ®rst group.

However the overall variance of unobserved random components of all alternatives

in a nested logit model is constant. This is the only way the NL model can be derived

from utility maximisation. In addition, the NL model permits covariances to be dif-

ferent in certain restrictive ways (see below) in order to deliver a closed-form structure

for the choice probabilities.
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6.3 Introduction to the nested logit model

The MNL model is subject to potential violations of the identically distributed assump-

tion associated with the random components of each alternative. This implies that

cross-substitutions between pairs of alternatives are equal and unaÿected by the pre-

sence/absence of other alternatives. Although one could move to a more general model

such as multinomial probit (MNP) which can totally relax IID (see appendix B6), it

does so at the expense of substantially greater computational complexity as the num-

ber of alternatives increases (Maddala 1983; McFadden 1981; Geweke, Keane and

Runkle 1994). Estimation techniques for these models involve simulated maximum

likelihood, or more recently, advanced Bayesian methods, and require very sophisti-

cated knowledge and expertise. Currently even modest problems require relatively

high performance computing platforms and substantial elapsed time, neither of

which is commonly available to many practitioners.

The IID limitation of MNL has long been recognised. McFadden (1979, 1981)

proposed a more general random utility theory model that can accommodate various

degrees of cross-alternative substitution and is consistent with utility maximisation.

This generalised extreme value (GEV) model generalises the multinomial logit model,

with NL a special case. GEV models partially relax IID such that the random com-

ponents are correlated within a partition of a choice set but not across partitions. The

latter naturally leads to a consideration of partitioning choice sets so that richer

substitution patterns can be accommodated to re¯ect diÿerential degrees of similarity

or dissimilarity.

The NL model provides a way not only to link diÿerent but interdependent deci-

sions, but also to decompose a single decision to minimise the restriction of equal

cross-alternative substitution. NL includes additional parameters for each choice set

partition, equal to the inverse of � (see below) attached to an index variable commonly

referred to as the inclusive value (IV) or alternatively as the logsum or expected maxi-

mum utility, de®ned by a set of utility expressions associated with a partitioned set of

alternatives. NL provides a way to identify the behavioural relationship between

choices at each level of the nest and to test the consistency of the partitioned structure

with random utility maximisation. It is important to note that partitioning occurs not

(necessarily) for behavioural reasons but to comply with the underlying conditions

imposed on the unobserved eÿects for each indirect utility expression. However, beha-

vioural intuition can often assist in specifying nested structures because diÿerences in

variances of unobserved eÿects (and associated correlations among alternatives) are

often linked to unobserved attributes common to subsets of alternatives.

6.3.1 Specifying a hierarchical choice context

Consider a two-level choice decision involving a generic choice set (G) of private and

public transport, and an elemental choice set (M) of car driver, car passenger, train

and bus. The indirect utility function associated with an elemental mode m contained
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within the generic category g is given in equation (6.5):

Ugm � Ug �Umjg;m 2 Mg; g 2 G: �6:5�
The hierarchical structure is given in ®gure 6.1.

Let us write the Ugm expression in terms of component vectors for the observed (V)

and unobserved (�; ") in¯uences on choice:

Ugm � Vg � Vmjg � �g � "mjg;m � 1; . . . ;Mg; g � 1; . . . ;G �6:6�
and de®ne the variance±covariance matrix in terms of the associated elementsX

gm;g 0m 0
� E���g � "mjg� � ��g 0 � "m 0 jg 0 ��: �6:7�

Invoking the independence assumption of the distributions in the two choice dimen-

sions and random utility maximisation, numerous authors (e.g., McFadden 1981;

Williams 1977, 1981; Daly and Zachary 1978) show that the joint probability of

choosing alternative gm is de®ned by equation (6.8), or a nested logit model.

Pgm � exp��g�Vg � Vg���X
g 02G

exp��g�Vg 0 � Vg 0���
� exp���mVmjg�X
m 02Mg

exp��m 0Vm 0 jg�
; �6:8�

where

Vg� � Ig� � �1=�m� log
X

m 02Mg

exp��mVm 0 jg� � Euler's constant: �6:9a�

By substitution of (6.9a) into (6.8), we get:

Pgm �
exp

�
�gVg �

�g

�m

log
X

m 02Mg

exp��mVm 0 jg�
�

X
g 02G

exp

�
�g 0Vg 0 � �g 0

�m 0
log

X
m 02Mg

exp��m 0Vm 0 jg�
� � exp��mVmjg�X

m 02Mg

exp��m 0Vm 0 jg�

�6:9b�
Ig� is the inclusive value (IV) index with parameter �g=�m. The scale parameter �g in

equation (6.8) associated with the upper level of the tree is often set equal to 1.0
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(i.e., normalised). The scale parameter(s) for the conditional choice (�m) between the

elemental modes in each partition are left free to be estimated. Alternatively, one could

set �m � 1 and allow �g to be estimated. It should be noted, however, that the alter-

native normalisations only produce identical results (e.g., overall goodness-of-®t and

elasticity) when the inclusive value parameters are the same across all branches at a

level. This point is not often appreciated (Koppelman and Wen 1998, Hensher and

Greene 1999). Allowing IVs to be diÿerent within a level will produce diÿerent results.

In addition, when one selects a normalisation scale parameter, the non-normalised

scale has to be the same across all branches in a level of the nest to be consistent with

utility maximisation. If, as is often the situation, one wishes to have diÿerent scale

parameters, one way to comply with utility maximisation involves using a dummy

node and link `trick' (see section 6.5 for more detail). The `trick' involves adding

another level to the tree below the elemental alternatives and constraining the scale

parameters at the dummy nodes to equal the scale parameter of the other branches in

the tree (Koppelman and Wen 1998, Hensher and Greene 1999).

A global su�ciency condition for the nested choice model in equation (6.8) to be

consistent with random utility maximisation is that the parameter of inclusive value be

in the 0±1 range and not increase as we go to higher levels of the tree (McFadden

1981). This is due to the presence of greater variance in the upper-level error compo-

nents which include the variance components from both the lower-level choices and

upper-level choices. Thus the scale parameters, inversely related to the standard devia-

tions, must satisfy the weak inequalities �g � �m, or �g=�m � 1. The MNL model,

which sets �g � �m, produces �g=�m � 1. Furthermore, since each scale parameter is

inversely related to the standard deviation, each will be positive, and hence their ratio

is positive. Thus the IV parameters will lie in the open unit interval 04 ��g=�m�4 1.

In any two-level nested structure there will be at least two scale parameters (with

one arbitrarily normalised to 1.0). The ratio of any two scale parameters (e.g., �g=�m)

can be interpreted as the correlation between any two indirect utility expressions for

alternatives below the node of the branch where Ig� is de®ned.

The proof of this is based on Ben-Akiva and Lerman, 1985: 289:

�g

�m

� �=� ���
6

p
��"g � "g���

�=� ���
6

p
��"mjg�

� ��"m=g�=��"g � "mjg�
� ��"m=g�=��"g � "mjg� �6:10a�

(noting the common variance of "g� and "mjg)

� �var �"mjg�=var �"g � "mjg��0:5:

By further rearrangement of (6.10a), we get (6.10b):

�g

�m

� f1ÿ �var�"g��=var�"g� � "mjg��g0:5 �6:10b�
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noting that the covariance of the utilities of two alternatives within a partition is equal

to var ("g�), we get

� f1ÿ �cov�Vm1jg;Vm2jg�=var�"g� � "mjg��g0:5:

By noting that the variance of two unobservable components (from upper and lower

levels) of the utility of alternative mjg, equals the variance of Vmjg, we get

� f1ÿ �cov�Vm1jg;Vm2jg�=var�Vm1jg��g0:5

� f1ÿ �cov�Vm1jg;Vm2jg�=��var�Vm1jg�var�Vm2jg���0:5�g0:5

� �1ÿ corr�Vm1jg;Vm2jg��0:5:

Thus 1ÿ ��g=�m�2 equals the correlation of the indirect utilities for any pair of

alternatives sharing a common branch in a nest (e.g., for train and bus in ®gure

6.1). The closer the correlation is to unity, the closer the IV parameter is to zero.

Conversely, if the correlation is zero, the IV parameter is 1.0, which is the special case

of the MNL model in which alternatives share no common utility elements.

This discussion signals a statistical test to determine if the correlation structure

of NL diÿers from MNL. That test is as follows: a t-test suggests that if the IV

parameter 1=�m for a branch (setting �g � 1) does not diÿer statistically from 1.0,

then an NL speci®cation (or a part representing a particular partition) can be col-

lapsed to MNL. In practice, if �m approaches zero, a very large negative number

results, that can be interpreted as a degenerate case. Values between zero and one

imply degrees of similarity, but values signi®cantly diÿerent from one justify NL

structures.

A primary role for NL is to allow the variances of the random components to vary

across subsets of alternatives (subject to the overall variance of unobserved random

components of all alternatives being constant). This implies, for example, that there

will be a diÿerent �m for the private and public transport nests in ®gure 6.1. However,

as stated above, NL models allow covariance in the random components among sub-

sets of alternatives (assuming an alternative is assigned to only one partition) because

random utility components at lower levels (e.g., train and bus) are partitioned into a

common public transport error component and an independent component with the

variances of bus and train summing to 1.0. The common public transport random

component generates a covariance in the utilities of bus and train. Thus one tries to

assign alternatives in a partition of the nested structure so that they display an iden-

tical degree of increased sensitivity relative to alternatives not in that partition. The IV

parameter often is interpreted as a measure of dissimilarity, capturing correlations

among unobserved components of alternatives in the partition. This correlation sup-

ports the claim that NL provides relaxation of independence (for alternatives sharing a

partition) as well as the identical distribution assumption between alternatives in

diÿerent partitions.

It is important to note that even if the �s for each branch are signi®cantly diÿerent

from 1.0, this does not necessarily mean that the tree structure is the best in a statistical
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(and/or behavioural) sense. A number of tree structures may produce variations in �s

within the 0±1 bound. Therefore, analysts have to evaluate a number of trees, and if

the �s diÿer from 1.0, compare the log likelihood of each tree at convergence using a

likelihood ratio test (see chapter 3). The tree with the lowest log likelihood at con-

vergence that improves on a null hypothesis of no gain in goodness-of-®t is the pre-

ferred structure (in a statistical sense).

There are 2M possible combinations of elemental alternatives (Cameron 1982: 90);

hence, a priori criteria are required in the initial partitioning of the alternatives. The

main a priori criterion that should be employed is the anticipated correlation between

the random components among elements of each subset. This should not be used to

necessarily imply a truly sequential decision process.

The 0±1 bound to ensure consistency with global random utility maximisation is a

strong test. A local su�ciency condition was proven by Boersch-Supan (1990) and

corrected by Herriges and Kling (1996), in which IV can exceed unity (practice sug-

gests a limited amount, such as 1.3). Boersch-Supan (1990) suggested that the su�cient

conditions for consistency (known as the Daly±Zachary±McFadden conditions in

Boersch-Supan 1990), that require the IV parameters to lie within the unit interval

are too stringent. Hence, the nested logit speci®cation should be viewed as an approx-

imation (as are many functional forms in demand systems), which suggests that ran-

dom utility maximisation should not be expected to hold globally, but only within the

region of data points sensible for a speci®c application of the choice model. A relaxed

set of conditions to test for consistency developed by Boersch-Supan (1990) and

Herriges and Kling (1996) are (for a two-level nest):

�1=��b � 1=�1ÿQb�; b � 1; . . . ;B �6:11�
and

�1=��b � 4=�3�1ÿQb� � �1� 7Qb��1ÿQb��0:5rb 2 G3 � fhjI�h� � 3g;
�6:12�

where Qb is the marginal probability that an alternative from within branch b is

selected, I�h� is the number of alternatives in the hth branch, and G3 is a choice set

of at least three alternatives in each branch.

6.3.2 Elasticities in NL models

The IV parameter(s) provide a basis for assessing diÿerences in cross-substitution

elasticities. The elasticity formula for NL models diÿers according to whether alter-

natives (direct elasticities) or pairs of alternatives (cross elasticities) are associated with

the same or diÿerent branches of a nested partition. Direct elasticities are identical to

MNL elasticities (see chapter 3) for alternative m not in a partitioned branch (e.g., in a

non-nested partition). If alternative m is in a partitioned part of the tree, the

formula must be modi®ed to accommodate the correlation between alternatives in

the branch. The NL direct elasticity for a partitioned alternative (using notation
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from equation (6.9)) is:

�1ÿ Pm� �
1

�m ÿ 1

� �
�1ÿ PmjG�

� �
þkXmk; �6:13a�

where Pm is the marginal probability of choosing alternative m and PmjG is the prob-

ability of choosing alternative m conditional on choice set G. The NL cross elasticity

for alternatives m and m 0 in a partition of the nest is:

ÿ Pm � 1

�m

ÿ 1

� �
PmjG

� �
þkXmk: �6:13b�

Estimation of NL models can be sequential or simultaneous. Software is readily

accessible for the preferred simultaneous estimation; however, it is informative to

include a brief discussion of sequential estimation. Analysts studying integrated

choices or nested partitions that involve more than four levels often analyse the entire

choice process as a mixture of simultaneous and sequential estimations.

6.3.3 Sequential estimation

Sequential estimation involves separate estimation of each choice situation as the

lowest level in the hierarchy (e.g. CD vs. CP and TN vs. BS in ®gure 6.1), followed

by calculation of inclusive values Ig�, then estimation at the upper level(s) using the

estimated IVs as explanatory variables. Because separate models are estimated for

each branch at the lower level, there is potential for a considerable loss of information,

which aÿects both sample size and distribution of the levels of attributes. In the lower

level estimation, the sequential approach includes only those observations that have a

chosen alternative and at least one other alternative in that branch. Hence, sequential

estimation is statistically ine�cient because parameter estimates at all levels above the

lowest level do not have minimum variance parameter estimates (Hensher 1986). This

is a result of using estimates of estimates to calculate the contribution of aggregate

utility or IV indices of the subsets of alternatives below the relevant node. It also is

ine�cient from a practical point of view, because the task of calculating IVs and

relating them to an upper level is quite demanding.

Procedures are available to correct the standard errors estimated from a sequential

procedure at all levels above the lowest level, but are complicated even for relatively

simple two-level S-NL models (Amemiya 1978, Cameron 1982, Small and Brownstone

1982, Boersch-Supan 1984), although some modern estimation software does the

correction automatically. A sequential approach is commonly implemented for large

multi-level nested models. If the tree has two to four levels, it is more common to

estimate model systems jointly using full information maximum likelihood (FIML).1
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The literature tends to give the misleading impression that sequential nested logit

modelling requires less data than simultaneous NL. For example, with six travel

destinations and four travel modes there are twenty-four mode by destination combi-

nations of data required to estimate an MNL model. A nested logit model of (condi-

tional) mode given destination choice requires four data points for each individual and

the marginal destination choice requires up to six data points. However, calculation of

the IV requires data points for all modes to all destinations current in each individual's

choice set, regardless of which destination is chosen. Thus, the ultimate data saving is

nil. Another potential disadvantage of sequential estimation is linked to economic

theory. If theory argues for certain restrictions on the utility parameters of particular

attributes (e.g., equality of cost parameters throughout the structure, see Truong and

Hensher 1985, Jara-Diaz 1998), this cannot be accommodated globally, but can be

handled locally within a level by stacking, such that each branch is treated as a

separate observation. Restricting upper level utility parameters to the levels estimated

at the bottom level of a tree will not guarantee the same utility parameters as those

obtained from FIML estimation.

6.3.4 Simultaneous estimation

Most applications typically have fewer than four nested levels; hence, a better alter-

native is to use FIML techniques to obtain fully e�cient parameter estimates. In

practice, analysts use nested choice models with varying and ®xed choice sets. Yet

to satisfy the equal cross-substitution property globally it is necessary to include all

(physically available) alternatives in the choice set (McFadden 1979). Subsets of obser-

vations may, however, have diÿerent choice sets as a consequence of the availability of

particular alternatives, and thus statistical sampling of alternatives is not permitted.

The simple MNL model has the attractive feature of IIA which allows analysts to

estimate models with diÿerentially sampled choice sets for each respondent

while satisfying global conditions for equal cross substitution amongst subsets of

alternatives.

FIML introduces some new issues:

1. Structurally, the NL model corresponds to a set of independently estimated MNL

models, each with a unique optimal solution when considered individually.

However, while FIML±NL does have a unique global optimal solution (unless

there is a lack of identi®cation), it may have suboptimal local maxima; hence

great care must be exercised in the selection of starting values for all parameter

estimates.

2. Optimisation procedures will accept analytical ®rst and analytical second deri-

vatives, but the latter are not available in simple form. Thus the practice has

been to accept either approximate analytical second derivatives (e.g., Small and

Brownstone 1981, Hensher 1986, Daly 1985) or numerical second derivatives

(e.g., Matzoros 1982, Borsch-Supan 1984). Given the highly non-linear behaviour
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of the IV parameters, use of ®rst derivatives only is not recommended. Simulated

maximum likelihood methods can also be used, as discussed in appendix B6.

The full log-likelihood expression for a FIML nested model extended to three levels

is of the form:

logL �
XQ
q�1

X
m��1;...;M�

�mq log�P�mjxm; þ; �; ���; �6:14�

where q � 1; . . . ;Q are observations, m � 1; . . . ;M are alternatives in a universal ®nite

choice set, � and � are the parameter estimates of inclusive value for the top and

middle levels, xm are the set of other exogenous attributes, and þ their utility para-

meters. �mq � 1 if alternative m is chosen by observation q and zero otherwise. For a

three-level logit model of the form:

Pagm � P�a�*P�gja�*P�mja; g�; �6:15�

the joint cumulative distribution function of the unobserved random components is

(McFadden 1979, 1981):

F�"1; "2; . . . ; "z� � expfÿG�exp�ÿ"1�; . . . ; exp�ÿ"z��g �6:16�

with

G�y1; . . . ; yz� �
X
a

� X
g 02a 0

� X
m2g 0

y 0�1=�m�
��m=�

��
�6:17�

where the sum is over the highest level containing alternative a 0, the subsets of alter-

native g 0 contained in each branch of the top level, and then over the elemental

alternative m 0 in each of the middle level branches.

To facilitate understanding of the precise form of the utility and probability expres-

sions, we will write out the expressions for six alternatives in a three-level nested model

of the structure given in ®gure 6.2. Three attributes (cost, time, income) and alter-

native-speci®c constants (ASCi) are included together with the IV index. These expres-

sions can be used to undertake policy analysis of a `what-if' nature, changing the levels

of one or more attributes, feeding the expressions through the data sets to obtain

sample and expanded population market shares.

Lower level:

V1L � �1ASC1L � �1þ1Cost� �1þ1LTime

V2L � �2ASC2L � �2þ1Cost� �2þ2LTime

V3L � �3ASC3L � �3þ1Cost� �3þ3L Time

V4L � �4ASC4L � �4þ1Cost� �4þ4L Time

V5L � �5ASC5L � �5þ1Cost� �5þ5L Time

V6L � �6þ1Cost� �6þ6L Time

�1 � �2;�4 � �5
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Middle level (note: no IV3M):

V1M � �1M ��ASC1M � þ2Income� � �1=�12L�IV1M �
IV1M � ln�exp�1LV1L � exp�2LV2L�, noting �1L � �2L � �12L

V2M � �2M ��þ3Income� þ4Caravail� � �1=�45L�IV2M �
IV2M � ln�exp�4LV4L � exp�5LV5L�, noting �4L � �5L � �45L

Upper level:

V1U � �1U ��ASC1U � þ5Partysize� � �1=�123M�IV1U�
IV1U � ln�exp�1MV1M � exp�2MV2M � exp�3LV3L�,

noting �1M � �2M � �3L � �123M

Probability calculations:

P1L � P1Lj1M;1U*P1Mj1U*P1U

P2L � P2Lj1M;1U*P1Mj1U*P1U

P3L � P3Lj1U*P1U

P4L � P4Lj1M;1U*P2Mj1U*P1U

P5L � P5Lj2M;1U*P2Mj1U*P1U

P6L � P6L

P1Lj1M;1U � expV1L=�expV1L � expV2L�
P1Mj1U � expV1M=�expV1M � expV3L � expV2M�
P1U � expV1U=�expV1U � expV6L�
P2Lj1M;1U � expV2L=�expV1L � expV2L�
P3Lj1U � expV3L=�expV1L � expV2L � expV3L�
P4Lj2M;1U � expV4L=�expV4L � expV5L�
P2Mj1U � expV2M=�expV1M � expV3L � expV2M�
P5Lj2M;1U � expV5L=�expV4L � expV5L�
P6L � expV6L=�expV6L � expV1U�.

Stated Choice Methods152

V1L V2L

V1M

V3L V4L V5L V6L

V2M

V1U

Figure 6.2 A three-level nested structure



6.3.5 Handling degenerate branches in a nested logit model

It is common for NL models to have branches with only one alternative. When this

occurs, the role of the inclusive value needs special treatment. An NL model with M

partitions of the elemental choice alternatives is partially degenerate when the number

of degenerate partitions of M, DM , satis®es the inequality 0 < DM < M. If DM � M,

then there is complete degeneracy, and each of the basic choices forms its own

`cluster'. This is the MNL model. If DM � 0, then we have an NL model with all

clusters containing more than one basic alternative (Hunt 1998).

In the partially degenerate choice structure, the non-degenerate partitions have

marginal and conditional probability equations given in (6.8) and inclusive values as

given in (6.9). With a degenerate partition the formulation is diÿerent. Let us de®ne a

degenerate partition m and set the scale as �m � 1. The conditional choice probability

for the degenerate partition is:

P� jjm� � exp��mVmj�=
X

exp��mVmk�8k 2 Bm

� exp��mVmj�= exp��mVmj�
� 1: �6:18�

Because alternative j is the only alternative in the degenerate partition m, by de®nition

the probability of choosing the single available alternative in the cluster, conditional

on the choice of the cluster, will always be unity. The inclusive value for the degenerate

partition is:

IVm � ln
X

exp��mVmj� j 2 Bm

� �mVmj �6:19�
which follows because the partition Bm is degenerate and therefore contains only the

alternative j. The marginal choice probability for the degenerate partition is:

P�m� � exp�Vm � �1=�m�IVm�=
X

exp�Vn � �1=�m�IVn�8n 2 B

� exp�Vm � �1=�m��mVmj�=
X

exp�Vn � �1=�m�IVn�8n 2 B

� exp�Vm � Vmj�=fexp �Vm � Vmj� �
X

exp�Vn � �1=�m�IVn�g
8n 2 B; n 6� m

� 1� exp�Vm � Vmj�=
X

exp�Vn � �1=�m�IVn�: �6:20�
The IV parameter for the degenerate partition cancels out of the numerator and

denominator, showing that there is no IV parameter, �1=�m), associated with a degen-

erate partition.

The absence of an inclusive value (and, therefore, a similarity) parameter for degen-

erate partitions is quite intuitive. In a degenerate partition, there is only one basic

alternative represented. Since the concept of similarity is a comparative one, it there-

fore requires more than one alternative to be meaningful. This intuition extends to the
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special case of MNL in which all partitions are degenerate. In this case, all inclusive

value parameters factor out.

In a partially degenerate NL model, the utility parameters are identi®ed (accounting

for the fact that the normalised scaling, � � 1, is absorbed in them), and all the non-

degenerate partitions' inclusive value parameters are identi®ed, along with each non-

degenerate partition's lower-level scale parameter, �n. The degenerate partition has no

corresponding IV parameter, and therefore the issue of identi®cation does not arise

with respect to such a parameter. In estimating a model with a degenerate branch, we

essentially ignore the lower level(s) and simply include all attributes of the degenerate

alternative (e.g., travel time) and any observation-speci®c eÿects (e.g., income) in a

utility expression for the top level. Another way of saying this is that the IV index is

empty and hence does not exist, as shown in (6.20). All that exists from lower levels

would be the attributes and their parameter estimates, which can be obtained readily

at the uppermost level of the tree, or carried forward as Vmj.

6.4 Empirical illustration

We use a single data set with su�cient richness to provide a context within which to

compare the family of choice models. The data, collected as part of a 1987 intercity

mode choice study, are a subsample of 210 non-business travellers travelling between

Sydney, Canberra and Melbourne who could choose from four alternatives (plane,

car, bus and train). The sample is choice-based (Cosslett 1981), with oversampling of

the less-popular modes (plane, train and bus) and undersampling of the more popular

mode, car. The data set also enables us to evaluate the implications of failing to correct

for choice-based sampling.2

The level of service data was derived from highway and transport networks in

Sydney, Melbourne, non-metropolitan NSW and Victoria, including the Australian

Capital Territory. The data ®le contains the following information:

MODE Equal 1 for the mode chosen and 0 otherwise

TTME Terminal waiting time for plane, train and bus (minutes)

INVC Invehicle cost for all stages (dollars)

INVT Invehicle time for all stages (minutes)

GC Generalised cost � Invc� �Invc*value of travel time savings)

(dollars)

CHAIR Dummy for chosen mode is Air (1,0)

HINC Household income ($'000s)

PSIZE Travelling group size (number)
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2 All model estimation was performed with the 1999 Windows version of LIMDEP (Econometric

Software 1999). The 1999 version gives the user the option to specify the McFadden nested logit

structure which is consistent with random utility maximisation, and to normalise on either the upper

or lower scale parameters in a two-level model.



The 210 observations expand to 840 lines of data (or cases) for a ®xed choice set of

four alternatives, as illustrated in table 6.1 with car as the chosen mode in observations

1 and 2. A set of choice-speci®c eÿects are included in the last four columns of data to

represent alternative-speci®c constants (ASCs), although in most software packages

these ASCs can be identi®ed in the model speci®cation without having to include them

in the base data set. We show in table 6.1 two observations from the data set so that

the structure becomes clearer.

The models estimated in this chapter and in the appendix are not all nested. That is,

one cannot use a simple likelihood ratio test to evaluate pairs of models such as an

HEV model and an NL model. Our preferred basis for comparison is behavioural

responses revealed through the calculation of marginal eÿects and elasticities. To

demonstrate the value of marginal eÿects, let us begin with the MNL model with

only the characteristics of each sampled individual in the utility expression, and gen-

eric utility parameters. The notation Pj is used for prob (y � j). By diÿerentiation and

ignoring the scale parameter(s), we ®nd that:

@ prob �yq � j�=@þk � Pk�1ÿ Pk�x if j � k;

� ÿP0Pkx if j 6� k: �6:21�

That is, every utility parameter vector aÿects every probability. The utility parameters

in the model are not the marginal eÿects. Indeed these marginal eÿects need not even

have the same sign as the utility parameters. Hence the statistical signi®cance of a

utility parameter does not imply the same signi®cance for the marginal eÿect:

@ prob �yq � j�=@x � Pj�þj ÿ þ�; þ � �jPjþj �defined below as �j�: �6:22�

Neither the sign nor the magnitude of �j need bear any relationship to those of þj. The

asymptotic covariance matrix for an estimator of �j would be computed using

asy:var: ��̂j� � Gjasy:var �þ̂�G 0
j ; �6:23�
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Table 6.1. Two observations from the intercity mode data set

MODE TTME INVC INVT GC CHAIR HINC PSIZE Choice speci®c eÿects

Observation 1

0.0 69.0 59.0 100.0 70.0 0.0 35.0 1.0 1.0 0.0 0.0 0.0 Air

0.0 34.0 31.0 372.0 71.0 0.0 35.0 1.0 0.0 1.0 0.0 0.0 Train

0.0 35.0 25.0 417.0 70.0 0.0 35.0 1.0 0.0 0.0 1.0 0.0 Bus

1.0 0.0 10.0 80.0 30.0 0.0 35.0 1.0 0.0 0.0 0.0 1.0 Car

Observation 2

0.0 64.0 58.0 68.0 68.0 0.0 30.0 2.0 1.0 0.0 0.0 0.0 Air

0.0 44.0 31.0 354.0 84.0 0.0 30.0 2.0 0.0 1.0 0.0 0.0 Train

0.0 53.0 25.0 399.0 85.0 0.0 30.0 2.0 0.0 0.0 1.0 0.0 Bus

1.0 0.0 11.0 255.0 50.0 0.0 30.0 2.0 0.0 0.0 0.0 1.0 Car



where þ̂ is the full parameter vector, and

asy:var��̂j� �
X
l

X
m

Vjlasy:cov �þ̂l ; þ̂
0
m�V 0

jm; j � 0; . . . ; J; �6:24�

where

Vjl � �1� j � l� ÿ Pl�fPjIÿ �jx
0g ÿ Pj�lx

0

and

1� j � l� � 1 if j � l; and 0 otherwise:

þj, equal to @ log�Pj=P0�=@x, has been suggested as an interpretation of the utility

parameters. `Logit' is not a natural unit of measurement, and is de®nitely not an

elasticity. Utility parameters in MNL are less informative than marginal eÿects.

Marginal rates of substitution (e.g., value of travel-time savings), marginal eÿects

and elasticities are the most useful behavioural outputs. For an MNL model in

which attributes of alternatives are included as well as characteristics of sampled

individuals, the marginal eÿects de®ned as derivatives of the probabilities are given as:

�jm � @Pj=@xm � �1� j � m� ÿ PjPm�þ: �6:25�

The presence of the IIA property produces identical cross eÿects. The derivative above

is one input into the more general elasticity formula:

�jm � @ logPj= logxm � �xm=Pj��1� j � m� ÿ PjPm�þ: �6:26�

For the sample as a whole one can derive unweighted or weighted elasticities

(as discussed in chapter 3). To obtain an unweighted elasticity for the sample, the

derivatives and elasticities are computed by averaging sample values. The empirical

estimate of the elasticity is:

�̂ jm �
�

1

Q

XQ
q�1

1

P̂j�q�
�1� j � m� ÿ P̂j�q�P̂m�q��

�
�

�XQ
q�1

w�q��̂jm�q�
�
; �6:27�

where P̂j�q� indicates the probability estimate for the qth observation and w�q� � 1=Q.

A problem can arise if any single observation has a very small estimated probability,

as it will inordinately increase the estimated elasticity. There is no corresponding eÿect

to oÿset this. Thus, a single outlying estimate of a probability can produce unreason-

able estimates of elasticities. This could, however, be the result of mis-speci®cation, in

which case the weighting may be a palliative. To deal with this, one should compute

`probability weighted' elasticities, as proposed in chapter 3, by replacing the common

weight w�q� � 1=Q with

wj�q� �
P̂j�q�XQ

q�1

P̂j�q�
: �6:28�
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With this construction, the observation that would cause the outlying value of the

elasticity automatically receives a correspondingly small weight in the average.

For a nested logit form, the generalised de®nition of the elasticity of choice in (6.27)

with respect to the kth attribute g* obtained from a nested logit model, Ps:Pbjs. Pmjsb,
is:

@ logPaht@ log g*aht � @Paht=@g*aht:g*aht=Paht �6:29�
� g*sbm;kxk�� ÿ Psbm�; �6:30�

where

� � �sv ��bw ��mx � 1=�sb ��bw ��mx � �1=�sb ÿ 1=�s� � Pmjsb

��mx � ��s ÿ 1� � �s � Pbjs � Pmjsb �6:31�
and �sv � 1 if s � 1, otherwise � 0. s, b and m de®ne the three levels of a nested logit

tree.

6.4.1 Setting the scene with a base multinomial logit model

A simple multinomial logit model is given in table 6.2. It is useful to spend some time

interpreting the base output because it will be the basis for comparisons with other

models.

Typical output includes an indication of the sample shares and, where a choice-

based sample is used with choice-based weights, an indication of the weights de®ned

as the ratio of the population size to the number in the sample choosing an alternative.

In the data, the sample shares for air, train, bus and car are respectively 27.6, 30,

14.3 and 28.1 per cent. The actual population shares are respectively 14, 13, 9 and 28

per cent. The base model in table 6.2 assumes no choice-based weights. The overall
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Table 6.2. Summary results for a simple multinomial logit model

Variables Utility parameters t-values

GC ÿ0:0235 ÿ4:62
TTME ÿ0:1002 ÿ9:51
HINC (Air) 0.0238 2.13
PSIZE (Air) ÿ1:1738 ÿ4:55
A_AIR 7.3348 7.75
A_TRAIN 4.3719 9.14
A_BUS 3.5917 7.55
Log likelihood ÿ185:91
Log likelihood (constants only) ÿ283:76
Log likelihood at zero ÿ291:12
Pseudo-R2 0.35

Note: A_i are alternative-speci®c constants.



goodness-of-®t is de®ned by the log likelihood function at convergence, equal to

ÿ185:91. This is compared to the log likelihood with no alternative-speci®c constants

and utility parameters of ÿ291:12, producing a likelihood ratio index (or a pseudo-R2)

of 0.361 without adjustment for degrees of freedom, and 0.354 after adjusting for

degrees of freedom (see chapter 3 for more details). A comparison with the log like-

lihood function when only the constants are included in the model (i.e., when the only

information we have is sample shares), given by ÿ283:75, suggests that the attributes

in¯uencing choice (i.e., GC, TTME, HINCA and PSIZEA) are the major contributors

to the reduction in the log likelihood. The constants contribute very little to the overall

goodness-of-®t, equivalent to 0.0167 in the overall pseudo-R2 of 0.354.

The utility parameters for each of the attributes are all of the expected sign and

statistically well above the 95 per cent con®dence limit of 1.96. As might be expected,

ceteris paribus, as household income increases, the probability of selecting to ¯y

increases; as the size of the travelling party increases, the probability of ¯ying

decreases. Household income and party size are observation-speci®c characteristics

that do not vary across the alternatives for each sampled observation. In order to

establish some variation, they can only enter in utility expressions for up to J ÿ 1

alternatives. Without any variation, there is nothing to contribute to sources of

explanatory variance across the choice set. If the analyst wished to incorporate an

observation-speci®c eÿect in all utility expressions, it must be interacted with an

alternative-speci®c eÿect; for example, dividing GC by HINCA. The alternative-

speci®c constants are all statistically signi®cant, which tells us that these `utility para-

meters', which represent the mean of the distribution of the unobserved eÿects, are a

statistically important measure of the in¯uence of all values in the distribution of

random components across the sample (i.e., the variances are particularly small

around the mean). This model has captured the major sources of variability in choice

behaviour by the set of attributes in the observed component of the utility expression.

The matrix of direct and cross elasticities for generalised cost is presented in table

6.3. We will limit our comparison of elasticities to this one important attribute. As

expected, the direct elasticities are negative; thus a 1 per cent increase in the general-

ised cost of ¯ying decreases the probability of ¯ying by 1.702 per cent on average,

ceteris paribus. The sensitivity is similar for car but is much greater for bus and train.

The results in table 6.3 assume an unweighted aggregate elasticity in column 2 and a

probability weighted sample average in column 3. The cross elasticities should all be

the same for a speci®c alternative, owing to the presence of the IIA eÿect. In the

presentation of aggregate elasticities, the constant cross eÿect for an alternative will

be identical only when the aggregation uses the unweighted indicator `1/sample size'.

Even though the identical cross eÿects exist at the individual level before aggregation,

the preferred weighted aggregate elasticity will produce diÿerent cross elasticities for

an alternative, simply because of the weighting by choice probabilities. This is poten-

tially misleading to analysts who might think that they have established variation in

the cross elasticities (and cross eÿects) for a simple MNL model subject to the IIA

property. We strongly advise analysts to ignore the cross elasticities for the simple

MNL model.
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6.4.2 Introducing choice-based weights into the base multinomial logit
model

If an MNL model is estimated with J ÿ 1 alternative-speci®c constants, the model will

reproduce the sample shares. By weighting the sample by the ratio of the population to

sample shares, we reproduce the population shares. The estimated MNL model with

choice-based weights is summarised in table 6.4. The main interest in the revised model

is the improvement in the overall goodness-of-®t and the comparison of the marginal

eÿects (table 6.5). Compared to the unweighted MNL model, the choice-based

weighted model has improved the log likelihood from ÿ185:91 to ÿ138:36, which

on the likelihood ratio test is a major improvement at any accepted level of statistical

signi®cance. The pseudo-R2 is now 0.519 (compared to 0.354) after correcting for

degrees of freedom. Note that a comparison of the utility parameters for the

unweighted and choice-based weighted models as shown in table 6.4 reveals that

only the alternative-speci®c constants change substantially. The mean estimates of

the other utility parameters diÿer only by sampling error. Given this knowledge, we

could have corrected the alternative-speci®c constants (ASCs) analytically by taking

each estimated ASC and deducting from it the natural logarithm of the ratio of the

true population share to the choice-based sample share.
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Table 6.3. Estimated GC elasticities for basic logit model

Unweighted average Probability weighted

Alternative � Air
Choice � Air ÿ1:702 ÿ1:069
Choice � Train 0.711 0.300
Choice � Bus 0.711 0.416

Choice � Car 0.711 0.519

Alternative � Train

Choice � Air 0.735 0.392
Choice � Train ÿ2:326 ÿ1:197
Choice � Bus 0.735 0.542
Choice � Car 0.735 0.617

Alternative � Bus
Choice � Air 0.363 0.223

Choice � Train 0.363 0.226
Choice � Bus ÿ2:346 ÿ1:495
Choice � Car 0.363 0.299

Alternative � Car
Choice � Air 0.631 0.500
Choice � Train 0.631 0.416
Choice � Bus 0.631 0.507

Choice � Car ÿ1:612 ÿ1:193



When one compares the marginal eÿects, it is clear that the in¯uence of a one-unit

change in the level of an attribute has a noticeably diÿerent impact in the presence and

absence of correction of choice-based sampling (CBS). For example, for air travel,

with naive averaging, the direct marginal eÿect of ÿ0:269 in the absence of CBS

correction is signi®cantly greater than ÿ0:161 in the presence of CBS correction.

The same relativity applies when probability weights are used, yielding respectively

ÿ0:321 and ÿ0:241. Thus the impact of a one-unit change in generalised cost varies

from ÿ0:161 to ÿ0:321 (essentially double), depending on the assumption made about

CBS correction and aggregation of marginal eÿects across the sample. This range is

substantial.

6.4.3 Testing for violation of the independence of irrelevant alternatives
property

The simplicity and empirical appeal of the MNL model is a consequence of the IIA

property. For any MNL choice model, the presence or absence of an alternative

preserves the ratio of the probabilities associated with other alternatives in the choice

set (i.e., Pi=Pj is unaÿected by changes in characteristics of alternative k). This restric-

tion enables analysts to add a new alternative or delete an existing alternative without

having to re-estimate the model. All other choice models require re-estimation. To

decide if the IIA property is satis®ed in an application, it is necessary to implement a

Stated Choice Methods160

Table 6.4. Basic MNL model with choice-based weights

Variables Utility parameters t-values

Choice-based weighted:
A_AIR 8.2193 6.03
A_TRAIN 3.9216 7.99
A_BUS 3.4956 6.10

GC ÿ0:0236 ÿ3:91
TTME ÿ0:1323 ÿ7:38
HINC (Air) 0.0185 1.46

PSIZE (Air) ÿ1:274 ÿ2:90

Unweighted:
A_AIR 7.3348 7.75
A_TRAIN 4.3719 9.14

A_BUS 3.5917 7.55
GC ÿ0:0235 ÿ4:62
TTME ÿ0:1002 ÿ9:51
HINC (Air) 0.0238 2.13
PSIZE (Air) ÿ1:1738 ÿ4:55

Log likelihood ÿ138:37
Log likelihood at zero ÿ219:12
Pseudo-R2 0.519



test to establish violation of the condition. One should always undertake such a test

before proceeding to less restrictive models, since a major reason for moving to estab-

lish greater realism, but more complex estimation, is to avoid the IIA property. Where

it is not being violated in a simple MNL model, one should stay with splendid sim-

plicity.

Hausman and McFadden (1984) have proposed a speci®cation test for the MNL

model to test the assumption of the independence of irrelevant alternatives.

First estimate the choice model with all alternatives. The speci®cation under the

alternative hypothesis of IIA violation is the model with a smaller set of choices,

estimated with a restricted set of alternatives and the same attributes. The set of

observations is reduced to those in which one of the smaller sets of choices was

made. The test statistic is

q � �bu ÿ br� 0�Vr ÿ Vu�ÿ1�bu ÿ br�; �6:32�

where `u' and `r' indicate unrestricted and restricted (smaller choice set) models and V

is an estimated variance matrix for the estimates.
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Table 6.5. Comparison of GC marginal eÿects for unweighted and choice-based MNL models

Naive averaging Probability weighted

Unweighted Choice-based Unweighted Choice-based
MNL weighted MNL MNL weighted MNL

Alternative � Air
Choice � Air ÿ0:269 ÿ0:161 ÿ0:321 ÿ0:241
Choice � Train 0.086 0.023 0.094 0.033

Choice � Bus 0.052 0.019 0.102 0.042
Choice � Car 0.131 0.119 0.185 0.132

Alternative � Train
Choice � Air 0.086 0.023 0.096 0.028

Choice � Train ÿ0:299 ÿ0:185 ÿ0:351 ÿ0:317
Choice � Bus 0.067 0.024 0.132 0.055
Choice � Car 0.146 0.138 0.198 0.143

Alternative � Bus
Choice � Air 0.052 0.019 0.059 0.025

Choice � Train 0.067 0.024 0.078 0.035
Choice � Bus ÿ0:192 ÿ0:133 ÿ0:378 ÿ0:344
Choice � Car 0.073 0.090 0.088 0.092

Alternative � Car

Choice � Air 0.131 0.119 0.165 0.187
Choice � Train 0.146 0.138 0.179 0.248
Choice � Bus 0.073 0.090 0.144 0.247

Choice � Car ÿ0:350 ÿ0:347 ÿ0:471 ÿ0:367



There is a possibility that restricting the choice set can lead to a singularity. When

you drop one or more alternatives, some attribute may be constant among the remain-

ing choices. For example, in the application above, HINCA is non-zero only for the

AIR choice, so when AIR is dropped from the choice set, HINCA is always zero for

the remaining choices. In this case, a singular Hessian will result. Hausman and

McFadden suggest estimating the model with the smaller number of choice sets and

a smaller number of attributes. There is no question of consistency, or omission of a

relevant attribute, since if the attribute is always constant among the choices, its

variation is obviously not aÿecting the choice. After estimation, the subvector of

the larger parameter vector in the ®rst model can be measured against the parameter

vector from the second model using the Hausman±McFadden statistic (6.32). The test

results for our example data are given in table 6.6. On the basis of the Hausman±

McFadden test, the IIA restriction is rejected. That is, we have violated the constant

variance assumption and need to consider a less restrictive speci®cation of the choice

model. We will now consider more complex models that do not impose the assump-

tion, and incrementally evaluate the behavioural gains.

6.5 The nested logit model Ð empirical examples

Two two-level NL models are estimated: an NL model in which each branch has two

elemental alternatives (also referred to as a non-degenerate NL model), and an NL

model in which one branch has three elemental alternatives and the other branch has

one elemental alternative (also referred to as a partially degenerate NL model). In the

non-degenerate case, it is assumed that one partition of the choice set contains the air

and car modes. The other partition contains the train and bus modes. In the model

with partial degeneracy, the degenerate partition is assumed to contain the air mode

with the non-degenerate partition containing the other three (ground) modes. For

each elemental alternative, mode-speci®c constants are speci®ed for air (A_AIR),

train (A_TRAIN), and bus (A_BUS). All modes include generalised cost (GC),
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Table 6.6. Results of an IIA test for an MNL model

Variables Utility parameters t-values

GC ÿ0:04012 ÿ5:50
TTME 0.00239 0.042

Log likelihood ÿ132:88
Log likelihood at zero ÿ210:72
Pseudo-R2 0.365

Number of obs: � 210, skipped 58 bad obs. þ (chose air)
Hausman test for IIA. Excluded choices are AIR
Chi-sq �2� � 21:3402, prob �C > c� � 0:000023 þ (test result)



while terminal waiting time (TTME) is included in the non-car alternatives.

Household income (HINC) is added into the utility expressions for the branch com-

posite alternatives `other' and `¯y', respectively, for the non-degenerate and partially

degenerate NL speci®cations. The notation within parentheses indicates the descrip-

tors used in the tables to denote the corresponding parameters. Section 6.5 draws

heavily on joint research by Hensher and Greene (1999).

6.5.1 Setting out the notation for estimating NL models

We propose the following notation as a method of unifying the diÿerent forms of the

NL model. Each observed (or representative) component of the utility expression for

an alternative (usually denoted as Vk for the kth alternative) is de®ned in terms of

four items ± the parameters associated with each explanatory variable, an alternative-

speci®c constant, a scale parameter and the explanatory variables. The utility of

alternative k for individual t is

Utk � gk��k; b
0xtk; "tk� �6:33a�

� gk�Vtk; "tk� �6:33b�
� �k � b 0xtk � "tk; �6:33c�

var �"tk� � �2 � �=�2: �6:34�
The scale parameter, �, is proportional to the inverse of the standard deviation of the

random component in the utility expression, �, and is a critical input into the set up of

the NL model (Ben-Akiva and Lerman 1985; Hensher, Louviere and Swait 1999).

Under the assumptions now well established in the literature, utility maximisation

in the presence of random components which have independent (across choices and

individuals) extreme value distributions produces a simple closed form for the prob-

ability that choice k is made;

prob �Utk > Utj8j 6� k� � exp ��k � b 0xtk�XK
j�1

exp ��j � b 0xtj�
: �6:35�

Under these assumptions, the common variance of the assumed IID random compo-

nents is lost. The same observed set of choices emerges regardless of the (common)

scaling of the utilities. Hence the latent variance is normalised at one, not as a restric-

tion, but of necessity for identi®cation.

One justi®cation for moving from the MNL model to the NL model is to enable one

to partially relax (and hence test) the independence assumption of the unobserved

components of utility across alternatives. The standard deviations (or variances) of

the random error components in the utility expressions can be diÿerent across groups

of alternatives in the choice set (see equation (6.10)). This arises because the sources of

utility associated with the alternatives are not fully accommodated in Vk. The missing

sources of utility may diÿerentially impact on the random components across the

alternatives. To accommodate the possibility of partial diÿerential covariances, we
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must explicitly introduce the scale parameters into each of the utility expressions. (If

all scale parameters are equal, then the NL model `collapses' back to a simple MNL

model.) Hunt (1998) discusses the underlying conditions that produce the nested logit

model as a result of utility maximisation within a partitioned choice set.

The notation for a three-level nested logit model covers the majority of applications.

The literature suggests that very few analysts estimate models with more than three

levels, and two levels are the most common. However it will be shown below that a

two-level model may require a third level (in which the lowest level is a set of dummy

nodes and links) simply to ensure consistency with utility maximisation (which has

nothing to do with a desire to test a three-level NL model).

It is useful to represent each level in an NL tree by a unique descriptor. For a three

level tree (®gure 6.3), the top level will be represented by limbs, the middle level by a

number of branches and the bottom level by a set of elemental alternatives, or twigs.

We have k � 1; . . . ;K elemental alternatives, j � 1; . . . ; J branch composite alterna-

tives and i � 1; . . . ; I limb composite alternatives. We use the notation kj j; i to denote

alternative k in branch j of limb i and jji to denote branch j in limb i.

De®ne parameter vectors in the utility functions at each level as follows: b for

elemental alternatives, a for branch composite alternatives, and c for limb composite

alternatives. The branch level composite alternative involves an aggregation of the

lower level alternatives. As discussed below, a branch speci®c scale parameter �� jji�
will be associated with the lowest level of the tree. Each elemental alternative in the jth

branch will actually have scale parameter � 0�kj j; i�. Since these will, of necessity, be

equal for all alternatives in a branch, the distinction by k is meaningless. As such, we

collapse these into �� jji�. The parameters �� jji� will be associated with the branch

level. The inclusive value (IV) parameters at the branch level will involve the ratios

�� jji�=�� jji�. For identi®cation, it will be necessary to normalise one of these para-

meters, either �� jji� or �� jji� to one. The inclusive value (IV) parameters associated
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with the composite alternative at each level are thus de®ned either by scale parameters

�� jji� or �� jji� for branches, and ÿ�i� for limbs. The IV parameters associated with the

IV variable in a branch, calculated from the natural logarithm of the sum of the

exponential of the Vk expressions at the elemental alternative level directly below a

branch, implicitly have associated parameters de®ned as the �� jji�=�� jji�, but, as

noted, some normalisation is required. Some analysts do this without acknowledge-

ment of which normalisation they have used, which makes the comparison of reported

results between studies di�cult. Normalisation is simply the process of setting one or

more scale parameters equal to unity, while allowing the other scale parameters to be

estimated.

The literature is vague on the implications of choosing the normalisation of

�� jji� � 1 versus �� jji� � 1. It is important to note that the notation � 0�mj j; i� used
below refers to the scale parameter for each elemental alternative. However, since a

nested logit structure is speci®ed to test for the presence of identical scale within a

subset of alternatives, it comes as no surprise that all alternatives partitioned under

a common branch have the same scale parameter imposed on them. Thus

� 0�kj j; i� � �� jjji� for every k � 1; . . . ;Kj j; i alternatives in branch j in limb i.

We now set out the probability choice system (PCS) for the situation where we

normalise on �� jji� ± called random utility model 1 (RU1), and the situation where we

normalise on �� jji� ± called random utility model 2 (RU2). We ignore the subscripts

for an individual. For later purposes, we now de®ne the three-level PCS,

P�k; j; i� � P�kj j; i� � P� jji� � P�i�: �6:36�

Random utility model 1 (RU1)

The choice probabilities for the elemental alternatives are de®ned as:

P�kj j; i� � exp �b 0x�kj j; i��XK j j;i

l�1

exp �b 0x�lj j; i��
� exp �b 0x�kj j; i��

exp �IV� jji�� ; �6:37�

where kj j; i � elemental alternative k in branch j of limb i, K j j; i � number of ele-

mental alternatives in branch j of limb i, and the inclusive value for branch j in limb i is

IV� jji� � log
XK j j;i

k�1

exp �b 0x�kj j; i��: �6:38�

The branch level probability is

p� jji� � exp f�� jji��a 0y� jji� � IV� jji��gXJji
m�1

exp f��mji��a 0y�mji� � IV�mji��g

� exp f�� jji��a 0y� jji� � IV� jji��g
exp �IV�i�� ; �6:39�
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where jji � branch j in limb i; Jji � number of branches in limb i, and

IV�i� � log
XJji
j�1

exp f�� jji��a 0y� jji� � IV� jji��g: �6:40�

Finally, the limb level is de®ned by

p�i� � exp fÿ�i��c 0z�i� � IV�i��gXI
n�1

exp fÿ�n��c 0z�n� � IV�n��g
� exp fÿ�i��c 0z�i� � IV�i��g

exp �IV� ; �6:41�

where I � number of limbs in the three-level tree and

IV � log
XI
i�1

exp fÿ�i��c 0z�i� � IV�i��g: �6:42�

RU1 has been described (e.g., by Bates 1999) as corresponding to a non-normalised

nested logit (NNNL) speci®cation, since the parameters are scaled at the lowest level

(i.e., for � 0�kj j; i� � �� jji� � 1).

Random utility model 2 (RU2)

Suppose, instead, we normalise the upper-level parameters and allow the lower-

level scale parameters to be free. The elemental alternatives level probabilities

will be:

P�kj j; i� � exp �� 0�kj j; i�b 0x�kj j; i��XK j j;i

l�1

exp �� 0�lj j; i�b 0x�lj j; i��
� exp �� 0�kj j; i�b 0x�kj j; i��

exp �IV� jji�� �6:43�

� exp ��� jji�b 0x�kj j; i��XK j j;i

l�1

exp ��� jji�b 0x�lj j; i��
� exp ��� jji�b 0x�kj j; i��

exp �IV� jji�� �6:44�

(with the latter equality resulting from the identi®cation restriction � 0�kj j; i� �
� 0�mj j; i� � � 0� jji�� and

IV� jji� � log
XKj j;i

k�1

exp ��� jji�b 0x�kj j; i��: �6:45�
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The branch level is de®ned by:

p� jji� �
exp

�
ÿ�i�

�
a 0y� jji� � 1

�� jji� IV� jji�
��

XJji
m�1

exp

�
ÿ�i�

�
a 0y�mji� � 1

��mji� IV�mji�
��

�
exp

�
ÿ�i�

�
a 0y� jji� � 1

�� jji� IV� jji�
��

exp �IV�i�� �6:46�

IV�i� � log
XJji
j�1

�
ÿ�i�

�
a 0y� jji� � 1

�� jji� IV� jji�
��

: �6:47�

The limb level is de®ned by:

p�i� �
exp

�
c 0z�i� � 1

ÿ�i� IV�i�
�

XI
n�1

exp

�
c 0z�n� � 1

ÿ�n� IV�n�
� �

exp

�
c 0z�i� � 1

ÿ�i� IV�i�
�

exp �IV� �6:48�

IV � log
XI
i�1

exp

�
c 0z�i� � 1

ÿ�I� IV�i�
�
: �6:49�

It is typically assumed that it is arbitrary as to which scale parameter is normalised

(see Hunt (1998) for a useful discussion). Most applications normalise the scale para-

meters associated with the branch level utility expressions [i.e., �� jji�� at 1 as in RU2

above, then allow the scale parameters associated with the elemental alternatives

�� jji�) and hence the inclusive value parameters in the branch composite alternatives

to be unrestricted. It is implicitly assumed that the empirical results are identical to

those that would be obtained if RU1 were instead the speci®cation (even though

parameter estimates are numerically diÿerent). But, within the context of a two-level

partition of a nest estimated as a two-level model, unless all attribute parameters are

alternative-speci®c, this assumption is only true if the non-normalised scale parameters

are constrained to be the same across nodes within the same level of a tree (i.e., at the

branch level for two levels, and at the branch level and the limb level for three levels). This

latter result actually appears explicitly in some studies of this model (e.g., Maddala

1983: 70; Quigley 1985), but is frequently ignored in recent applications. Note that in

the common case of estimation of RU2 with two levels (which eliminates �ÿ(i)) the
`free' IV parameter estimated will typically be 1=�� jji�. Other interpretations of this

result are discussed in Hunt (1998).

6.5.2 Conditions to ensure consistency with utility maximisation

The previous section set out a uniform notation for a three-level NL model, choosing

a diÿerent level in the tree for normalisation (i.e., setting scale parameters to an
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arbitrary value, typically unity). We have chosen levels one and two respectively for

the RU1 and RU2 models. We now are ready to present a range of alternative

empirical speci®cations for the NL model, some of which satisfy utility maximisation

either directly from estimation or by some simple transformation of the estimated

parameters. Compliance with utility maximisation requires that the addition of a

constant value to all elemental alternatives has no eÿect on the choice probabilities

of the alternatives (McFadden 1981). We limit the discussion to a two-level NL model

and initially assume that all branches have at least two elemental alternatives. The

important case of a degenerate branch (i.e., only one elemental alternative) is treated

separately later.

Table 6.7 presents full information maximum likelihood (FIML) estimates of a two-

level non-degenerate NL model. The tree structure for table 6.7 has two branches,

PUBLIC=(train, bus) and OTHER=(car, plane). In the PCS for this model, house-

hold income enters the probability of the branch choice directly in the utility for

OTHER. Inclusive values from the lowest level enter both utility functions at the

branch level. Table 6.8 presents FIML estimates of a two-level partially degenerate

NL model. The tree structure for the models in table 6.8, save for model 7 which has

an arti®cial third level, is FLY (plane) and GROUND (train, bus, car).

Estimates for both the non-normalised nested logit (NNNL) model and the utility

maximising (GEV-NL) parameterisations are presented. In the case of the GEV model

parameterisation, estimates under each of the two normalisations (RU1: � � 1 and

RU2: � � 1) are provided, as are estimates with the IV parameters restricted to equal-

ity within a level of the tree and unrestricted.

Eight models are summarised in table 6.7 and six models in table 6.8. Since there is

only one limb, we drop the limb indicator from �� jji� and denote it simply as �� j�:

model 1: RU1 with scale parameters equal within a level ���1� � ��2��;
model 2: RU1 with scale parameters unrestricted within a level ���1� 6� ��2��;
model 3: RU2 with scale parameters equal within a level (not applicable for a

degenerate branch) ���1� � ��2��;
model 4: RU2 with scale parameters unrestricted within a level ���1� 6� ��2��;
model 5: non-normalised NL model with dummy nodes and links to allow

unrestricted scale parameters in the presence of generic attributes to recover

parameter estimates that are consistent with utility maximisation. This is

equivalent up to scale with RU2 (model 4);

model 6: non-normalised NL model with no dummy nodes/links and diÿerent

scale parameters within a level. This is a typical NL model implemented by

many practitioners (and is equivalent to RU1 (model 6.7));

model 7: RU2 with unrestricted scale parameters and dummy nodes and links to

comply with utility maximisation (for partial degeneracy). Since model 7 is

identical to model 8 in table 6.7, it is not presented; and, in table 6.8 only;

models 8 and 9: for the non-degenerate NL model (table 6.7), these are RU1 and

RU2 in which all parameters are alternative-speci®c and scale parameters are

unrestricted across branches.
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Table 6.7. Summary of alternative model speci®cations for a non-degenerate NL model tree

Model 1: Model 2: Model 3: Model 4: Model 5: Model 6: Model 8: Model 9:

Alternative RU1 RU1 RU2 RU2 NNNL*** NNNL*** RU1* RU2

Variables

Train constant Train 4.542 (6.64) 3.757 (5.8) 5.873 (5.8) 6.159 (5.7) 3.6842 (2.34) 3.757 (5.8) 17.396 (2.2) 2.577 (3.8)

Bus constant Bus 3.924 (5.83) 2.977 (4.4) 5.075 (6.0) 5.380 (5.8) 3.218 (2.18) 2.977 (4.4) 19.523 (2.4) 2.892 (3.73)

Plane constant Plane 5.0307 (6.81) 4.980 (6.7) 6.507 (5.7) 6.154 (5.2) 3.681 (2.34) 4.980 (6.7) 4.165 (3.3) 4.165 (3.5)

Generalised cost ($) All ÿ0.01088 (ÿ2.6) ÿ0.0148 (ÿ3.5) ÿ0.01407 (ÿ2.6) ÿ0.01955 (ÿ3.2) ÿ0.01169 (ÿ1.8) ÿ0.0148 (ÿ3.5)

Transfer time (mins.) All excl car ÿ0.0859 (ÿ7.4) ÿ0.0861 (ÿ7.3) ÿ0.1111 (ÿ5.5) ÿ0.1064 (ÿ5.2) ÿ0.0637 (ÿ2.5) ÿ0.0861 (ÿ7.3)

Hhld income ($000s) Other 0.03456 (3.2) 0.0172 (2.9) 0.0447 (4.0) 0.0426 (3.8) 0.0426 (3.8) 0.0416 (3.4) 0.04269 (4.24) 0.04269 (3.8)

Generalised cost ($) Air 0.00492 (0.56) 0.00492 (0.60)

Generalised cost ($) Train ÿ0.0943 (ÿ3.0) ÿ0.0139 (ÿ2.8)

Generalised cost ($) Bus ÿ0.1065 (ÿ2.9) ÿ0.0158 (ÿ2.9)

Generalised cost ($) Car ÿ0.0143 (ÿ2.5) ÿ0.0143 (ÿ3.0)

Transfer time (mins) Air ÿ0.1048 (ÿ6.2) ÿ0.1048 (ÿ7.1)

Transfer time (mins) Train ÿ0.0787 (ÿ2.5) ÿ0.0116 (ÿ1.9)

Transfer time (mins) Bus ÿ0.1531 (ÿ3.5) ÿ0.0227 (ÿ1.9)

IV parameters

IV Other Other 1.293 (5.3) 2.42 (4.6) 0.773 (3.8) 0.579 (3.3) 0.969 (3.2)** 2.42 (4.6) 1.00 (®xed) 1.00 (®xed)

IV Public transport Public 1.293 (5.3) 1.28 (5.1) 0.773 (3.8) 1.03 (3.2) 1.724 (3.3)** 1.28 (5.1) 0.148 (2.0) 6.75 (1.9)

transport

Log-likelihood ÿ190.178 ÿ184.31 ÿ190.178 ÿ188.43 ÿ188.43 ÿ184.31 ÿ177.82 ÿ177.82

Direct Elasticities

Plane ÿ0.544 ÿ0.797 ÿ0.544 ÿ0.666 ÿ0.666 ÿ0.797 0.228 0.228

Car ÿ0.651 ÿ1.081 ÿ0.651 ÿ0.762 ÿ0.762 ÿ1.081 ÿ0.799 ÿ0.799

Train ÿ0.629 ÿ0.854 ÿ0.629 ÿ0.910 ÿ0.910 ÿ0.854 ÿ0.188 ÿ1.27

Bus ÿ0.759 ÿ1.014 ÿ0.759 ÿ1.174 ÿ1.174 ÿ1.014 ÿ0.343 ÿ2.32

Notes: Structure: other fplane, carg vs. public transport ftrain, busg except for model 5 which is other fplanem (plane), carm (car)g vs. public transport ftrainm (train), busm (bus)g. There
is no model 7 in order to keep equivalent model numbering in tables 6.7 and 6.8.

Generalised cost (in dollars)� out-of-pocket fuel cost for car or fare for plane, train and bus� time cost; where time cost� linehaul travel time and value of travel time savings in $/

minute. Transfer time (in minutes)� the time spent waiting for and transferring to plane, train, bus.

*Model 8 with all alternative-speci®c attributes produces the exact parameter estimates, overall goodness of ®t and elasticities as the NNNL model (and hence it is not reported). **� IV

parameters in model 5 based on imposing equality of IV for (other, trainm, busm) and for (public transport, planem, carm). ***� standard errors are uncorrected.



Table 6.8. Summary of alternative model speci®cations for a partially degenerate NL model tree

Alternatives Model 1: RU1 Model 2: RU1 Model 4: RU2 Model 5: NNNL** Model 6: NNNL** Model 7: RU2

Variables

Train constant Train 5.070 (7.6) 5.065 (7.7) 2.622 (5.9) 9.805 (3.4) 5.065 (7.7) 4.584 (2.7)

Bus constant Bus 4.145 (6.7) 4.096 (6.7) 2.143 (5.5) 8.015 (3.3) 4.096 (6.7) 3.849 (2.7)

Plane constant Plane 5.167 (4.3) 6.042 (5.04) 2.672 (3.0) 9.993 (3.8) 6.042 (5.04) 5.196 (2.7)

Generalised cost ($) All ÿ0.0291 (ÿ3.6) ÿ0.0316 (ÿ3.9) ÿ0.0151 (4.32) ÿ0.0564 (2.8) ÿ0.0316 (ÿ3.9) ÿ0.0187 (ÿ2.4)

Transfer time (min.) All excl car ÿ0.1156 (8.15) ÿ0.1127 (ÿ7.9) ÿ0.0598 (ÿ5.9) ÿ0.2236 (3.7) ÿ0.1127 (ÿ7.9) ÿ0.0867 (ÿ2.7)

Hhld income ($000s) Fly 0.02837 (1.4) 0.0262 (1.5) 0.0143 (1.35) 0.01467 (1.4) 0.01533 (1.6) 0.02108 (1.4)

Party Size Auto 0.4330 (2.0)

IV parameters

IV Fly 0.517 (4.1) 0.586 (4.2) 1.00 (0.67� 15)* 1.00 (0.67� 15)* 0.586 (4.2) Not applicable

IV Ground 0.517 (4.1) 0.389 (3.1) 1.934 (5.0)* 0.517 (5.0) 0.389 (3.1)

IV Auto Not applicable

IV Public Transport 1.26 (2.3)

IV Other 0.844 (2.1)

IV Land PT Not applicable

Log-likelihood ÿ194.94 ÿ193.66 ÿ194.94 ÿ194.94 ÿ193.66 ÿ194.27

Direct Elasticities

Plane ÿ0.864 ÿ1.033 ÿ0.864 ÿ0.864 ÿ1.033 ÿ0.859

Car ÿ1.332 ÿ1.353 ÿ1.332 ÿ1.332 ÿ1.353 ÿ0.946

Train ÿ1.317 ÿ1.419 ÿ1.317 ÿ1.317 ÿ1.419 ÿ1.076

Bus ÿ1.650 ÿ1.878 ÿ1.650 ÿ1.650 ÿ1.878 ÿ1.378

Notes: Structure: ¯y fplaneg vs ground ftrain, bus, carg. Model 3 is not de®ned for a degenerate branch model when the IV parameters are forced to equality. Forcing a constraint on

model 4 (i.e., equal IV parameters) to obtain model 3 produced exactly the same results for all the parameters. This is exactly what should happen. Since the IV parameter is not

identi®ed, no linear constraint that is imposed that involves this parameter is binding. Model 7 tree is Other{¯y (plane) vs auto (car)} vs land PT{public transport (train, bus)}.

*� IV parameters in Model 5 based on imposing equality of IV. **� standard errors are uncorrected.



All results reported in tables 6.7 and 6.8 are obtained using LIMDEP Version 7

(Econometric Software 1998; revised December 1998). The IV parameters for RU1

and RU2 that LIMDEP reports are the �s and the �s that are shown in the equations

above. These �s and �s are proportional to the reciprocal of the standard deviation of

the random component. The t-values in parenthesis for the NNNL model require

correction to compare with RU1 and RU2. Koppelman and Wen (1998) provide

the procedure to adjust the t-values. For a two-level model, the corrected variance

and hence standard error of estimate for the NNNL model is:

var �þRU� � þ2
NN var ��NN� � �2

NN var �þNN� � 2�NNþNN cov ��NN ; þNN�
�6:50�

6.5.2.1 The case of generic attribute parameters

Beginning with the non-degenerate case, it can be seen in table 6.7 that the GEV

parameterisation estimates with IV parameters unrestricted (models 2 and 4) are not

invariant to the normalisation chosen. Not only is there no obvious relationship

between the two sets of parameter estimates, the log likelihood function values at

convergence are not equal (ÿ184:31 vs. ÿ188:43). When the GEV parameterisation

is estimated subject to the restriction that the IV parameters be equal (models 1 and 3),

invariance is achieved across normalisation after accounting for the diÿerence in

scaling. The log likelihood function values at convergence are equal (ÿ190:178), and

the IV parameter estimates are inverses of one another (1=0:773 � 1:293, within

rounding error). Multiplying the utility function parameter estimates at the elemental

alternatives level (i.e., �Plane; �train; �bus, GC, TTME) by the corresponding IV para-

meter estimate in one normalisation (e.g., model 1) yields the utility function

parameter estimates in another normalisation (e.g., model 3). For example, in

model 3, (1/1.293)*5.873 for train constant � 4:542 in model 1.

The points made above about invariance, or the lack of it, scaling, and the equiva-

lence of GEV and NNNL under the appropriate set of parametric restrictions are also

illustrated in table 6.8 for the case of a partially degenerate NL model structure.

However, an additional and important result emerges for the partial degeneracy

case. If the IV parameters are unrestricted, the GEV model `estimate' of the parameter

on the degenerate partition IV is unity under the � � 1 normalisation. This will always

be the case because of the cancellation of the IV parameter and the lower-level scaling

parameter in the GEV model in the degenerate partition. The results will be invariant

to whatever value this parameter is set to. To see this, consider the results for the

unrestricted GEV model presented as model 4 in table 6.8. The IV parameter is

`estimated' to be 1.934, and if we were to report model 3, all of the other estimates

would be the same as in model 4 and the log likelihood function values at convergence

are identical (ÿ194:94). In a degenerate branch, whatever the value of (1=�), it will

cancel with the lower-level scaling parameter, �, in the degenerate partition marginal

probability. If we select � � 1 for normalisation (in contrast to �) in the presence of a

degenerate branch, the results will produce restricted (model 1) or unrestricted
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(model 2) estimates of � which, unlike �, do not cancel out in the degenerate branch

(Hunt (1998) pursues this issue at length).

To illustrate the equivalence of behavioural outputs for RU1 and RU2, tables 6.7

and 6.8 present the weighted aggregate direct elasticities for the relationship between

the generalised cost of alternative kji and the probability of choosing alternative kj ji.
As expected the results are identical for RU1 (model 1) and RU2 (model 3) when the

IV parameters are equal across all branches at a level in the GEV model. The elasti-

cities are signi®cantly diÿerent from those obtained from models 2 and 4, although

models 4 and 5 produce the same results (see below). Model 6 (equivalent to model 2)

is a common model speci®cation in which parameters of attributes are generic and

scale parameters are unrestricted within a level of the NL model with no constraints

imposed to recover the utility-maximisation estimates.

6.5.2.2 Allowing different scale parameters across nodes in a level in the presence
of generic and/or alternative-specific attribute parameters between
partitions

When we allow the IV parameters to be unrestricted in the RU1 and RU2 GEV

models and in the NNNL model we fail to comply with normalisation invariance,

and for models 2 and 6 we also fail to produce consistency with utility maximisation.

RU1 (model 2) fails to comply with utility maximisation because of the absence of

explicit scaling in the utility expressions for elemental alternatives. We obtain diÿerent

results on overall goodness-of-®t and the range of behavioural outputs such as elasti-

cities.

For a given nested structure and set of attributes there can be only one utility

maximising solution. This presents a dilemma, since we often want the scale para-

meters to vary between branches and/or limbs or at least test for non-equivalence. This

is, after all, the main reason why we seek out alternative nested structures. Fortunately

there is a solution, depending on whether one opts for a speci®cation in which either

some or all of the parameters are generic, or all are alternative-speci®c. Models 5 to 9

are alternative speci®cations.

If all attributes between partitions are unrestricted (i.e., alternative-speci®c), unrest-

ricted scale parameters are compliant with utility maximisation under all speci®cations

(i.e., RU2 � 1, RU2 and NNNL). Intuitively, the fully alternative-speci®c speci®ca-

tion avoids any arti®cial `transfer' of information from the attribute parameters to the

scale parameters that occurs when restrictions are imposed on parameter estimates.

Models 8 and 9 in table 6.7 are totally alternative-speci®c. The scale parameters for

models 8 and 9 are the inverse of each other. That is, for the unrestricted IV, 0.148 in

model 8 equals (1/6.75) in model 9. The alternative-speci®c parameter estimates asso-

ciated with attributes in the public transport branch for model 8 can be recovered from

model 9 by a scale transformation. For example, 0.148*17.396 for the train constant

equals 2.577 in model 9. The estimated parameters are identical in models 8 and 9 for

the `other' modes since their IV parameter is restricted to equal unity in both models.
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This demonstrates the equivalence up to scale of RU1 and RU2 when all attribute

parameters (including IV) are unrestricted.

When we impose the generic condition on an attribute associated with alternatives

in diÿerent partitions of the nest, Koppelman and Wen (1998) (and Daly in advice to

ALOGIT subscribers) have shown how one can recover compliance with utility maxi-

misation in an NNNL model under the unrestricted scale condition (within a level of

the NL model) by adding dummy nodes and links below the bottom level and im-

posing cross-branch equality constraints as illustrated in ®gure 6.4. Intuitively, what

we are doing is allowing for diÿerences in scale parameters at each branch but pre-

serving the (constant) ratio of the IV parameters between two levels through the

introduction of the scale parameters at the elemental level; the latter requiring the

additional lower level in an NNNL speci®cation. The NNNL speci®cation does not

allow unrestricted values of scale at the elemental level, unlike RU2, for example.

Preserving a constant ratio through crossover equality constraints between levels in

the nest satis®es the necessary condition of choice probability invariance to the

addition of a constant in the utility expression of all elemental alternatives.

Adding an extra level is not designed to investigate the behavioural implications of a

three-level model; rather it is a `procedure' to reveal the scale parameters at upper

levels where they have not been identi®ed. This procedure is fairly straightforward for

two branches (see model 5 in tables 6.7 and 6.8). With more than two branches, one

has to specify additional levels for each branch. The number of levels grows quite

dramatically. However, there is one way of simplifying this procedure: if we recognise

that the ratio of the scale parameters between adjacent levels must be constant. Thus,

for any number of branches, consistency with utility maximisation requires that the

product of all the ratios of scale parameters between levels must be identical from the

root to all elemental alternatives. To facilitate this, one can add a single link below

each real alternative with the scale of that link set equal to the product of the scales of
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all scale parameters not included in the path to that alternative. For example, in the

case of three branches with scales equal to �1, �2 and �3, the scale below the ®rst

branch would be (�2 � �3), below the second branch it would be (�1 � �3) and below

the third branch it would be (�1 � �2).

Model 5 is estimated as an NNNL model with the addition of a lower level of nodes

and links with cross-branch equality constraints on the scale parameters. For example,

in table 6.7, the tree structure is as follows: fOther [planem (plane), carm (car)], Public

Transport [trainm (train), busm (bus)]g. The cross-over constraint for two branches

sets the scale parameters to equality for fOther, trainm, busmg and fPublic Transport,
planem, carmg. Model 5 (table 6.7) produces results which are identical to RU2

(model 4) in respect of goodness-of-®t and elasticities, with all parameter estimates

equivalent up to scale. Since we have two scale parameters in model 5, the ratio of each

branch's IV parameters to their equivalent in model 4 provides the adjustment factor

to translate model 5 parameters into model 4 parameters (or vice versa). For example,

the ratio of 0:579=0:969 � 1:03=1:724 � 0:597. If we multiply the train-speci®c con-

stant in model 4 of 6.159 by 0.597, we obtain 3.6842, the train-speci®c constant in

model 5. This is an important ®nding, because it indicates that the application of the

RU2 speci®cation with unrestricted scale parameters in the presence of generic para-

meters across branches for the attributes is identical to the results obtained by estimating

the NNNL model with an extra level of nodes and links.

RU2 thus avoids the need to introduce the extra level.3 The equivalent ®ndings are

shown in table 6.8 where the scale ratio is 3.74. Intuitively, one might expect such a

result, given that RU2 allows the scale parameters to be freely estimated at the lower

level (in contrast to RU1 where they are normalised to 1.0). One can implement this

procedure under an exact RU2 model speci®cation to facilitate situations where one

wishes to allow scale parameters at a level in the nest to be diÿerent across branches in

the presence or absence of a generic speci®cation of attribute parameters. The estima-

tion results in model 4 are exactly correct and require no further adjustments. The

procedure can also be implemented under an NNNL speci®cation (with an extra

level of nodes and links) (model 5). The elasticities, marginal rates of substitution,

goodness-of ®t are identical in models 4 and 5. The parameter estimates are identical

up to the ratio of scales.

6.5.5 Conclusions

The empirical applications and discussion has identi®ed the model speci®cation

required to ensure compliance with the necessary conditions for utility maximisation.

This can be achieved for a GEV-NL model by either

� setting the IV parameters to be the same at a level in the nest in the presence of

generic parameters, or
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� implementing the RU2 speci®cation and allowing the IV parameters to be free in

the presence of generic attribute parameters between partitions of a nest, or

� setting all attribute parameters to be alternative-speci®c between partitions, allow-

ing IV parameters to be unrestricted.

This can be achieved for a non-normalised NL model by either

� setting the scale parameters to be the same at a level in the nest (for the non-

normalised scale parameters) and rescaling all estimated parameters associated

with elemental alternatives by the estimated IV parameter, or

� allowing the IV parameters to be free, and adding an additional level at the bottom

of the tree through dummy nodes and links, and constraining the scale parameters

at the elemental-alternatives level to equal those of the dummy nodes of all other

branches in the total NL model, or

� setting all attribute parameters to be alternative-speci®c between partitions, allow-

ing IV parameters to be unrestricted.

6.5.6 A three-level GEV-NL model

To identify other possible nested structures, we estimated a number of two- and three-

level NL models. The `best' of the set was a three-level model of the hierarchical

structure shown in ®gure 6.5, with results in table 6.9. We have an upper-level choice

between plane and slow modes; a middle-level choice of public vs. private (i.e., car)

modes conditional of being slow modes; and at the bottom level, a choice between

train and bus conditional on public mode, which is conditional on being a slow mode.

We have replaced the generalised cost with its component attributes. Theta (�) is the

parameter of IV that links the train vs. bus choice to the public branch, and tau (�) is

the IV parameter linking the public vs. private choice to the slow branch. The air mode

is degenerate at the lowest and middle levels, as is the car mode at the lowest level in

the tree. Intuitively, individuals choose between the fast and slow modes, then within

the slow modes they choose between public and private transport, and then within the
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slow public modes they choose between train and bus. Each level has only one IV

parameter, given the degenerate branches, and hence the single scale parameter at each

level speci®es a GEV-NL model (of the RU2 form) which complies with utility maxi-

misation.

A comparison of the models suggests a substantial improvement in the overall

goodness-of-®t of the model when a three-level FIML-NL model replaces the two-

level FIML-NL model and the MNL model. Using the likelihood ratio test at any

generally acceptable level of con®dence, we can con®dently reject the null hypothesis

of no signi®cant diÿerence between the three-level and MNL models. We might have

anticipated this in the intercity context (in contrast to an urban commuter context)

given the greater variation in levels of service and possibly more binding ®nancial

constraint on the travelling family, and hence the bene®t of a conditional structure.

The pseudo-R2 increases from 0.23 to 0.41. IV(public) and IV(slow) are much closer to

zero than unity, suggesting that the tree structure is justi®ed relative to the MNL

speci®cation.

6.6 Tests of overall model performance for nested
models

6.6.1 The simplest test for nested models

The most common test undertaken to compare any two nested models (not to be

confused with nested logit models) is the likelihood ratio test as detailed in chapter 3
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Table 6.9. A three-level NL model estimated as FIML

MNL model Nested model

Utility Utility
Exogenous variable Mode(s) parameters t-values parameters t-values

Invehicle cost All ÿ0.006017 ÿ0.85 ÿ0.013705 ÿ0.98
Terminal time All ÿ0.021389 ÿ1.97 ÿ0.011379 ÿ0.66
Hhld income Plane 0.00232 1.97 0.004142 2.97

Size of group Plane ÿ0.495204 ÿ2.10 ÿ0.881091 ÿ2.97
Travel time All ÿ0.191950 ÿ2.51 ÿ0.116918 ÿ0.81
A_AIR Plane ÿ0.138229 ÿ0.09 0.056551 0.030

A_TRAIN Train 2.269314 2.88 1.907287 0.75
A_BUS Bus 0.145447 0.25 0.972361 0.71
� PUBLIC 0.097236 6.39
� SLOW 0.296311 1.86

Log likelihood ÿ125.5502 ÿ96.9558
Log likelihood at zero ÿ163.5827 ÿ163.5827
Pseudo-R2 0.23 0.41



and applied in the previous sections. When comparing two models estimated on the

same data set, the analyst needs to know the log likelihood at convergence for each

model and the diÿerence in the degrees of freedom. The calculated likelihood ratio

is derived as minus twice the absolute diÿerence in log likelihood at convergence

(equation 3.30). The resulting calculation is compared to the critical value from a

chi-squared test table at an appropriate level of statistical signi®cance (0.05 being

the most used level in academic and other settings) for the number of degrees of

freedom. If the calculated value is greater than the critical value, then we can conclude

that the two models are statistically diÿerent, rejecting the null hypothesis of no

diÿerence.

The number of degrees of freedom is the diÿerence in the number of free parameters

(given a ®xed sample size). For example, if model one has twelve parameters, one of

which is generic across three alternatives, and we replace the single generic parameter

with three alternative-speci®c parameters, then the number of degrees of freedom is

two (� 3ÿ 1). Using a log likelihood of ÿ125:55 (MNL) and ÿ96:95 (NL, table 6.9),

with two degrees of freedom, we get the calculated value of ÿ2�ÿ28:59� � 57:19. The

critical �2 value at two degrees of freedom for 0.05 signi®cance is 5.99; thus we can

safely reject the null hypothesis of no diÿerence between the nested logit model and the

MNL model.

6.6.2 Other tests of model comparability for exogenous sampling

6.6.2.1 Small±Hsiao LM test

Small and Hsiao (1985) investigated the Lagrange multiplier (LM) test for the

equality of cross-substitution of pairs of alternatives. Using an asymptotically

unbiased likelihood ratio test, a sample of individuals is randomly separated into

subsets S1 and S2 and weighted mean parameters obtained from separate models of

the subsamples:

�̂S1S2

k � �1=2ÿ1=2��̂S1

k � �1ÿ 1=2ÿ1=2��̂S2

k : �6:51�

Then a restricted (R) choice set is obtained as a subsample from the universal set and

the subsample S2 is reduced to include only individuals who have chosen alternatives

in the restricted set. A constrained (i.e., parameter� �̂S1S2

k ) and an unconstrained (�̂S2

k )

model are estimated. A test of the null hypothesis of an MNL structure involves a chi-

square statistic

�2 � ÿ2�LS2

R ��̂S1S2

k � � LS2

R ��̂S2

k 0 �� �6:52�

with degrees of freedom equal to the number of parameters in the vectors �̂S1S2

k and

�̂S2

k . The procedure should be repeated with reversal of S1 and S2 subsamples.
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6.6.2.2 McFadden's LM regression test

McFadden (1987) demonstrated that regression techniques can be used to conduct an

LM test for deviations from MNL. An auxiliary regression is estimated over observa-

tions and alternatives. The dependent variable is (McFadden 1987: 65):

ui � ��i ÿ PC�i��=�PC�i��1=2; �6:53�
where �i � 1 if an alternative in a partition A�k� of the full set C is chosen and zero

otherwise, and PC�i� is the MNL selection probability for alternative i contained in the

full choice set C. The explanatory variables are xiC and wii; . . . ;wiK , where

xiC � �xi ÿ xC�=�PC�i��1=2; �6:54�
XC �

X
j2C

xjPC� j�; �6:55�

and

wik �
�
vik ÿ

X
j2C

PC� j�vjk
�
�PC�i��1=2 �6:56�

with

vik �
�ÿlnPA�k��i� if i 2 A�k�
0 if i =2A�k�; �6:57�

where A � �A1; . . . ;AK ) is a partition of C. The data are obtained from the MNL

model. McFadden shows that (N ÿ T�R2 and LM are asymptotically equivalent with a

limiting distribution which is �2 (K degrees of freedom).N is the number of observations

in the auxiliary regression, or individuals by alternatives; the sample of T individuals

used to estimate the MNL model is also used for the auxiliary regression. R2 is the

unadjusted multiple correlation coe�cient from the auxiliary regression. Although the

procedure suggested by McFadden is relatively straightforward, it requires some eÿort

in data reformatting and programming to prepare the input variables.

6.6.3 A test for choice-based samples for nested and non-nested models4

Suppose we are interested in testing the probability that alternative i�i � 1; . . . ; J) is

chosen conditional on a vector of attributes z. Let the maintained hypothesis, H0, be

that this probability is g�ijz; b� for some parameter vector b and a given conditional

probability function g. H0 is maintained in the sense that it is assumed satisfactory

unless proven otherwise.

Let H1 be the alternative hypothesis that the choice probability conditional on z is

f �ijz; a� for some probability function f and parameter vector a. Assume that f and g
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for random or exogenous samples. Here we treat only the choice-based case.



are non-nested, i.e., there are no values of a and b such that f �ijz; a� � g�ijz; b� with
probability equal to one. For example, f and g might correspond to nested logit

models with diÿerent tree structures. The problem is to test H0 against H1, i.e., to

test the hypothesis that g�ijz; b� is correct for some b against the alternative that

f �ijz; a� is correct for some a.

Horowitz (1983) considered this problem but assumed random or exogenous strati-

®ed sampling of (i; z). Here, we assume that the estimation data form a choice-based

sample and that parameter estimation is carried out by the weighted exogenous maxi-

mum likelihood (WESML) method of Manski and Lerman (1977). The test is more

complex than for exogenous samples; however it is important to understand that

choice-based samples, which are increasingly common in discrete-choice studies,

require a diÿerent test. Accordingly, the log likelihood functions for models g and f are:

LNg�þ� �
XN
n�1

w�in� log g�injzn; þ� �6:58�

LNf ��� �
XN
n�1

w�in� log f �injzn; ��; �6:59�

where the sum is over the choice-based sample fin; zng�n � 1; . . . ;N� and
w�i� � Q�i�=H�i�; �6:60�

where Q�i� � population share of alternative i and H�i� � share of alternative i in the

choice-based sample. We assume that Q�i��i � 1; . . . ; J) is known. To introduce the

test, let us assume the following notation:

�LN�b; a� � LNg�b� ÿ LNf �a�, the diÿerence in the log likelihood under alter-

native models;

b̂N ; âN � WESML estimators of b and a if these quantities exist;

b*; a* � almost sure limits of b̂N and â as N ! 1. They are the true values of a

and b;

�L̂N � �LN�b̂N ; âN� and �L*N � �LN�þ*; �*�:
It can be shown that if H0 is true, �L̂N diverges in probability to �1 as N ! 1 (a

formal justi®cation of this statement is given in Horowitz, Hensher and Zhu 1993).

Under H1, on the other hand, �L̂N diverges in probability to ÿ1 as N ! 1.

Therefore, in large samples, occurrence of the event �L̂N < 0 suggests that H0 is

false and that f �ijz; a*� is a better approximation to the true choice model than is

g�ijz; b*�. However, random sampling errors can cause the event �L̂N < 0 to occur

even if N is large and H0 is true. So accepting or rejecting H0 according to the sign of

�L̂N can lead to erroneous inference. Under H0, small negative values of �L̂N occur

with higher probability than large negative values. Therefore, large negative values

constitute stronger evidence against H0 than do small ones.

The purpose of the test is to determine how large a negative number �L̂N must be

to justify rejecting H0. More precisely, the objective is to identify a critical number

�* > 0 such that under H0 (and for su�ciently large N) the event �L̂N < ÿ�* has a
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probability not exceeding a speci®ed small number p > 0. In other words, if

�L̂N < ÿ�* then H0 is rejected at a signi®cance level not exceeding p. The inequality

which forms the basis of the test is given in equation (6.61) for a su�ciently large N,

given " > 0.

prob ��L̂N < ÿ�*� < �fÿ�2�*=w�i�*��1=2g � ": �6:61�
Inequality (6.61) holds for any ®xed alternative f �i z; �*�j since, for a ®xed alternative,

ÿ��*�NEL�=N1=2V
1=2
L ! ÿ1 as N ! 1; �6:62�

where

EL � Efw�i� log �g�ijz; þ*�=f �ijz; �*��g �6:63�
VL � var fw�i� log �g�ijz; þ*�=f �ijz; �*��g; �6:64�

where E and var, respectively, are the expected value and variance relative to the

sampling distribution ��i; z�. Inequality (6.61) holds regardless of whether H1 is a

sequence of local alternatives. Given �* > 0;H0 is rejected at a signi®cance level not

exceeding � ÿ�2�*=w�i*��1=2
n o

if �L̂N < ÿ�*. For example, if �*=w�i*� � 1:35;H0 is

rejected at a signi®cance level not exceeding 0.05 if �L̂N < ÿ1:35w�i*�.
This test is called the bounded-size likelihood ratio (BLR) test since its size is known

only up to an upper bound. Hypothesis tests whose sizes are known only up to upper

bounds are well known in statistics. For example, the uniformly most powerful test of

the hypothesis that the mean of a normal distribution is less than or equal to a

speci®ed constant is given in terms of an upper bound. The BLR test is implemented

next.

To illustrate the application of the BLR test for large samples, three comparisons of

hierarchical models were undertaken (®gures 6.6±6.9). The speci®cation of ®gure 6.6 is

taken as a base model for the comparison, i.e., g in hypothesisH0, while ®gures 6.7, 6.8

and 6.9 are denoted as alternative models (tests 1, 2 and 3), i.e., denoted as f1; f2, and

f3 in H1. The speci®cation test draws on the utility parameter estimates together with

other data required to calculate the various covariance matrices and other matrix

inputs required.

The utility expression for the air mode was de®ned in terms of GC, TTME,

HINCA, PSIZEA and the mode-speci®c constant (AASC). The exogenous eÿects in
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the utility expression for the other modes are GC, TTME (except for the car) and the

respective mode-speci®c constants for train (TASC), bus (BASC) and car (CASC). An

IV links the upper and lower choice processes.

Given the emphasis on the speci®cation test, we do not detail the parameter esti-

mates for each of the NL models. For each pair of tree structures, we undertook the

large sample test. For all hypothesis tests, we set the signi®cance level as 0.05, i.e.,

letting ��ÿ�2�*=w�i*��1=2� � 0:05 in inequality (6.61). Thus we have ÿ�2�*=w�i*��1=2 �
ÿ1:64. The population shares of alternatives car, plane, train and bus are 0.64, 0.14,

0.13 and 0.09 respectively. The sample shares of these alternatives are 0.281, 0.276,

0.3 and 0.143 in the sample. Thus, we have �* � 3:081 for the test. The ®rst

example includes the same attributes in the base model and alternative model struc-

tures. By running the test, the values of Lng;Lnf 1;Lnf 2 and Lnf 3 are ÿ191:44;

ÿ208:32;ÿ395:71 and ÿ476:19. The conclusions for the tests are summarised in

table 6.10.
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The maintained hypothesis cannot be rejected at a signi®cance level of 0.5 for all

comparisons. A second and more interesting example was evaluated in which we

modi®ed the set of attributes in the air alternative for the base nested structure (®gure

6.5). GC, TTME and HINCA were removed, leaving PSIZEA, IV and AASC. The

results given in table 6.11 again provide comparisons for each test which lead to non-

rejection at the 0.5 signi®cance level.

6.7 Conclusions and linkages between the MNL/NL
models and more complex models

The MNL and NL models will remain useful analytical and behavioural tools for

studying choice responses. In the ®rst section of this chapter, we identi®ed a number of

potentially important sources of in¯uence on choice behaviour (summarised in equa-

tion (6.1)). The great majority of practitioners will continue to estimate and implement

models based on the MNL paradigm, and increasingly are expected to progress to the

NL speci®cation now that readily accessible software is available and interpretation of

results is relatively straightforward. For these reasons alone, we have limited the main

body of this chapter to a comprehensive presentation of the NL model, as well as a

number of useful procedures for establishing the gains in moving beyond MNL to NL.

Appendix A6 provides a quick reference guide to the properties of these two choice

models.

A book on stated choice methods and analysis would be incomplete without con-

sideration of more advanced discrete-choice models. The literature focusing on choice

models `beyond MNL and NL' is growing fast, aided by advances in numerical and

simulation methods for estimation, and the increasing power of desktop computers. In

appendix B6 we introduce a number of advanced discrete-choice models, each of
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Table 6.10. Parameter estimates for the tests: example 1

Test Lng Lnf �Lngf ÿ�� Conclusion

1 ÿ191:44 ÿ208:32 16.88 ÿ3:08 not reject
2 ÿ191:44 ÿ395:71 204.27 ÿ3:08 not reject
3 ÿ191:44 ÿ476:19 284.75 ÿ3:08 not reject

Table 6.11. Parameter estimates for the tests: example 2

Test Lng Lnf �Lngf ÿ�� Conclusion

1 ÿ161:91 ÿ208:32 46.41 ÿ3:08 not reject
2 ÿ161:91 ÿ395:71 233.80 ÿ3:08 not reject
3 ÿ161:91 ÿ476:19 314.28 ÿ3:08 not reject



which relaxes one or more of the behavioural assumptions dictating the structure of

the MNL and NL models. The great challenge for researchers and practitioners is to

explore these advances with at least one objective in mind ± that of establishing

grounds for rejecting the simpler choice models in the interests of increasing our

understanding of the choice process, and hence improving the predictive capability

of our set of behavioural response tools.

Appendix A6 Detailed characterisation of the nested
logit model

This appendix summarises the major statistical and behavioural features of the NL

model, to provide the reader with a quick reference guide. We use a two-level example

in two dimensions M (model of travel) and D (destination), as shown in the ®gure

A6.1.

The components u�m; d� may be written as:

U�m; d� � ud � umd ; m � 1; . . . ;M; d � 1; . . . ;D: �A6:1�
We have the mth mode (e.g., car as driver) and dth destination (e.g., central city).

We want to identify the existence of correlation between the utility distributions for

diÿerent (m; d) pairs of alternatives. Write u�m; d� in terms of a representative com-

ponent v and the random component ":

u�d;m� � vd � vmd � "d � "md : �A6:2�
The variance±covariance matrix

P
is de®ned in terms of its elements (E � expectation

value). De®ne the structure of the relation between alternatives as A6.3:X
dm;d 0m 0

� E�"d � "md ; "d 0 � "d 0m 0 �: �A6:3�

If components ud and udm are independently distributed, and we further impose the

requirements that

E�"d"d 0 � � �2
D�dd 0 �A6:4�

E�"dm"d 0m 0 � � �2
DM�dd 0�mm 0 �A6:5�

E�"m"m 0 � � �2
M�mm 0 ; �A6:6�
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then there are no cross terms such as E�"d � "m). Given the independence assumption,

we then assume that the unobserved (random) eÿects are IID ± independently and

identically distributed ± according to some density function (e.g., extreme value type I).

Example I (see ®gure A6.2) E�"d � "m� � �2D�dd 0 (equation (A6.4))

�dd 0

�� 1 if d � d 0�e:g:; d � city; d 0 � city�
� 0 otherwise � d 6� d 0�e:g:; d � city; d 0 � other�:

Example II (see ®gure A6.3) E�"dm"d 0m 0 � �2
DM�dd 0�mm 0 (equation (A6.5))

�D � 0; �M � 0; �2
DM 6� 0

Example III (see ®gure A6.4.) E�"d 0"d 0 � E�"dm"d 0m 0 � � �2
DM�dd 0 � �2

DM�dd 0�mm 0 (equa-

tions (A6.4), (A6.5)) We can then write matrix elements of
P

asX
dm;d 0m 0

� �2
D�dd 0 � �2

DM�dd 0�mm 0 ; �A6:7�

where the ®rst term on the right-hand side is the marginal choice and the second term

is the conditional choice. Note: we could have made `m' marginal and `d' conditional,

but that would make less empirical sense.
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Independence of the e vectors means:

E�"d"m� � 0

E�"d"d 0m 0 � � 0

E�"m"d 0m 0 � � 0 for all d; d 0 2 D; and;m;m 0 2 M; �A6:8�
"d � unobservables which relate to d only

"m � unobservables which relate to m only

"dm � unobservables which relate to d and m.

Model structure appropriate to (A6.7)

The probability, Pdm, that alternative (d;m) will be selected is

Pdm � prob �u�d;m� > u�d 0;m 0�8d 2 D;m 2 M�; �A6:9�
characterised as

Pdm � Fdm�vÿD
; vÿDM

;�D; �DM �; �A6:10�
where vectors VD;VDM contain all mean values of indirect utility components in

fD;Mg choice set (e.g., vD � P
k �kjXkjq� and �D; �DM are corresponding vectors of

standard deviations (associated with random components of u�d;m�). For example:

VÿD � ��1; . . . ; �d ; . . . ; �D�
VÿDM��11; . . . ; �dm; . . . ; �DM�
sD � ��1; . . . ; �d ; . . .�D�
sDM � ��11; . . .�dm; . . .�DM�:

Given equations (A6.4) and (A6.5) ± our decomposition of structure requirements ±

we can simplify the structure of the error matrix (A6.10), which currently is very

general, to become:

Pdm � Fdm�vÿD
; vÿDM

;�D; �DM �: �A6:11�
Note: the standard deviations are now scalars, i.e., constants across alternatives con-

tained in D�d 2 D�, and constants across alternatives contained in DM�dm 2 DM�.
They are not underlined as vectors. Alternatively, the inverse of the standard deviation,
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�, is constant within the marginal and within the conditional choice sets, but can vary

in magnitude between the marginal and conditional choices:� ��d � �d 0 . . .�
�dm � �d 0m 0 . . .�

�
:

Now we can conceptualise the choice process as follows:

� The additive separable utility function lends itself naturally to partitioning of

alternatives in a hierarchy (like Strotz's utility tree; see ®gure A6.5).X
dm;d 0m 0

� �2
D�dd 0 � �2

DM�dd 0�mm 0

� For each alternative, Dd , an individual q will determine the maximum value

Uq
d� � max

m
uqdm �A6:12�

and select Dd if

Uq
d �Uq

d� � max
d 0

�uqd � uq
d��: �A6:13�

Over the whole population of choice makers,

Pdm � prob �ud � ud� > ud 0 � ud 0�; 8d 0 2 D; and udm > udm 0 8m 0 2 M�;
�A6:14�

where ud� is a random `composite utility' variable drawn from a distribution of maxi-

mum utility

Uÿd� � max
d

fuÿd1
; . . . ; uÿdm

; . . . ; uÿdM
g: �A6:15�

Note: d is unchanged but m varies.

Because of the independence assumption of the distributions in the separate choice

dimensions we can write

Pdm � prob �ud � ud� > ud 0 � ud 0�; 8d 0 2 D�prob �udm > udm 0 8m 0 2 M�;
�A6:16�

where ud � ud� is distributed according to the sum of the independent random vari-

ables ud and ud�. The distribution has a mean:

vd � ~vd� �A6:17�
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and a standard deviation

��2
d � �2

d��1=2: �A6:18�
In product form, (A6.16) becomes

Pdm � Pd�:�Pmjd�:�: �A6:19�

To derive an estimable model structure we must assume a speci®c form for the utility

distributions, i.e., the random components.

The MNL model assumes udm are EV type 1 distributed with standard deviation:

�DM � ����
6

p
�
; giving:

Pmjd � exp ��vdm�X
m 02M

exp��vdm 0 � ;m
0 � 1; . . . ;M: �A6:20�

The distribution of uÿd� (A6.14) has a mean of

vd� �
1

�
log

X
m 02M

exp ��vdm 0 � � Euler's constant: �A6:21�

This is alternatively referred to as the inclusive value (IV), expected maximum utility

(EMU), logsum, or composite utility, and

�D� �
����
6

p : �A6:22�

To derive an expression for the marginal probability, Pd , we have to determine the

distribution of the sum of uÿd
and uÿd�. Since we have assumed that uÿd

and uÿd� are

independent (so we can add them up), the mean of

uÿd
� uÿd� ) vÿd

� ~vÿd� � vÿ
�
d
�this is an estimate of equation A6:21�

vÿ
�
d
� vÿd

� 1

�
log

X
m 02M

exp ���vdm 0 � �A6:23�

� vÿd
� 1

�
�EMUdm 0 � �A6:24�

and the variance is

���
d �2 � �2

d �
�2

6�2
: �A6:25�

If, again, we assume U�
d is EV1 distributed with standard deviation ��d and mean value

given by equation (A6.23) we obtain equation (A6.26):

Pdm � exp �þ�vÿd
� vÿd���X

d 02D
exp �þ�vÿd 0 � vÿd 0���

� exp ��vÿdm
�X

m 02M
exp ��vÿdm 0 �

�A6:26�
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with

vÿd� �
1

�
log

X
m 02M

exp ���vdm 0 � �A6:27�

þ � ���������
6�D

p

� ����
6

p �2
D � �2

6�2

" #ÿ1=2

: �A6:28�

A change in expected maximum utility (EMU) is also referred to in the economic

literature as a change in consumer surplus, �CS, assuming no income eÿect. It can be

de®ned, from equation (A6.26) as

�CS � 1

þ
log

� X
d 02D

� X
m 02M

exp ���vÿd
� vÿdm 0 �

�þ=��
: �A6:29�

A simple proof of the link between IV or EMU and consumer surplus (simplifying

notation and ignoring þ, �) is given below.

E max
m2Mq

Uq

� �
�

Z 1

0

exp VÿdmqX
m 02M

exp Vÿdm 0q

dVÿdmq �A6:30�

�
Z exp vÿdmq

exp vÿdmq
�

X
m 0 6�m2M

exp vÿdm 0q

dvÿdmq
: �A6:31�

Let x � exp Vÿdmq and de®ne:

a �
X

m 0 6�m2M
exp Vÿdm 0q:

Then dx � expVÿdmq dVÿdmq � x dVÿdmq. That is, dVÿdmq � dx=x; hence

E�maxUq� �
Z

x

x� a
dx=x

�
Z

dx

x� a

� log �x� a� � constant

� log

� X
m 02M

expVdm 0q

�
� constant �A6:32�

� �A6:23� and �A6:29�:

From (A6.28), because �D � 0, the dispersion parameters must satisfy

þ � � and þ=� � 1 �A6:33�
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if the choice model (A6.26) is to be consistent with global utility maximisation. Clearly

(A6.26) as a whole violates the IIA property. For example:

Pdm

Pd 0m 0
� exp �þvÿd

� �vÿdm
�

exp �þvÿd 0 � �vÿd 0m 0 �

X
m

exp ��vÿdm
�X

m 0
exp ��vÿdm 0 �

2
664

3
775
�þÿ��=�

: �A6:34�

The term
P

m . . . =
P

m . . . is the part of the denominator of dm which does not cancel

out since it contains diÿerent modes.

Equation (A6.34) depends on the utility values of alternatives other than (d, m) and

(d 0;m 0). Only if þ � 1 will the independence property be satis®ed, and �2D � 0

(in A6.28). That is, there must be a common dispersion parameter for all alternatives.

The independence property will not hold in the presence of correlation between alter-

natives.

Appendix B6 Advanced discrete choice methods

B6.1 The heteroscedastic extreme value (HEV) model

Chapter 6 partially relaxed the constant variance assumption through NL partition-

ing. We can go one step further and completely relax the assumption of identically

distributed random components. The heteroscedastic extreme value (HEV) model pro-

vides the vehicle for free variance (up to identi®cation) for all alternatives in a choice

set. Allenby and Ginter (1995), Bhat (1995) and Hensher (1997a, 1998a,b) amongst

others, have implemented the HEV model. A nested logit model with a unique

inclusive value parameter for each alternative (with one arbitrarily chosen variance

equal to 1.0 for identi®cation) is equivalent to an HEV speci®cation.

The probability density function f �:� and the cumulative distribution function F�:�
of the standard type 1 extreme value distribution (see Johnson, Kotz and Balakrishnan

1995 and chapter 3) associated with the random error term for the ith alternative with

unrestricted variances and scale parameter �i are given as equations (B6.1a) and

(B6.1b):

f �"i� �
1

�i

eÿ�ti=�i�eÿeÿ�"i=�i � �B6:1a�

Fi�z� �
Z "i�z

"i�ÿ1
f �"i� d"i � eÿeÿ�z=�i � �B6:1b�

�i is the inverse of the standard deviation of the random component; hence its presence

with the subscript i indicates that the variances can be diÿerent for each alternative in

a choice set. If we imposed the constant variance assumption, then (B6.1) would be
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replaced by (B6.2):

f �t� � eÿteÿeÿt

; �B6:2a�
F�t� � eÿeÿt

: �B6:2b�

The probability that an individual will choose alternative i�Pi� from the set C of

available alternatives, given the probability distribution for the random components in

equation (B6.1) and non-independence among the random components, is sum-

marised in equation (B6.3):

Pi � prob �Ui > Uj�; for all j 6� i; j 2 C

� prob �"j � Vi ÿ Vj � "i�; for all j 6� i; j 2 C �B6:3�

�
Z "i��1

"i�ÿ1

Y
j2C; j 6�i

F
Vi ÿ Vj � "i

�j

� �
1

�i

f
"i
�i

� �
d"i;

Following Bhat (1995) and substituting z � "i=�i in equation (A6.3), the probability of

choosing alternative i can be rewritten, as equation (B6.4):

Pi �
Z z��1

z�ÿ1

Y
j2C; j 6�i

F
Vi ÿ Vj � �iz

�j

� �
f �z� dz: �B6:4�

The probabilities given by the expression is equation (B6.4) sum to one over all

alternatives (see Bhat 1995; appendix A). If the scale parameters of the random com-

ponents of all alternatives are equal, then the probability expression in equation (B6.4)

collapses to the MNL (equation (3.24)).

The HEV model avoids the pitfalls of the IID property by allowing diÿerent scale

parameters across alternatives. Intuitively, we can explain this by realising that the

random term represents unobserved attributes of an alternative; that is, it represents

uncertainty associated with the expected utility (or the observed part of utility) of an

alternative. The scale parameter of the error term, therefore, represents the level of

uncertainty (the lower the scale, the higher the uncertainty). It sets the relative weights

of the observed and unobserved components in estimating the choice probability.

When the observed utility of some alternative l changes, this aÿects the observed utility

diÿerential between another alternative i and alternative l. However, this change in the

observed utility diÿerential is tempered by the unobserved random component of

alternative i. The larger the scale parameter (or equivalently, the smaller the variance)

of the random error component for alternative i, the more tempered is the eÿect of the

change in the observed utility diÿerential (see the numerator of the cumulative dis-

tribution function term in equation (B6.4)) and the smaller is the elasticity eÿect on the

probability of choosing alternative i.

The HEV model is ¯exible enough to allow diÿerential cross elasticities among all

pairs of alternatives. Two alternatives will have the same elasticity only if they have the

same scale parameter on the unobserved components of the indirect utility expressions

for each alternative. The eÿect of a marginal change in the indirect utility of an
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alternative m on the probability of choosing alternative i may be written as equation

(B6.5) ± see also Bhat (1995) and Hensher (1998a):

@Pi

@Vm

�
Z z��1

z�ÿ1
ÿ 1

�m

exp
ÿVi � Vm ÿ �iz

�m

� � Y
j2C; j 6�i

F
Vi ÿ Vj � �iz

�j

� �
f �z� dz:

�B6:5�

The impact of a marginal change in the indirect utility of alternative i on the prob-

ability of choosing i is given in equation (B6.6):

@Pi

@Vi

� ÿ
X

l2C; l 6�i

@Pi

@Vl

: �B6:6�

The cross elasticity for alternative i with respect to a change in the kth variable in the

mth alternative's observed utility, xkm, can be obtained as equation (B6.7):

�Pi
xkm � @Pi

@Vm

=Pi

� �
*þk*xkm; �B6:7�

where þk is the estimated utility parameter on the kth variable (assumed to be generic

in equation (B6.7)). The corresponding direct elasticity for alternative i with respect to

a change in xki is given as equation (B6.8):

�Pi
xki �

@Pi

@Vi

=Pi

� �
*þk*xki: �B6:8�

The equivalence of the HEV elasticities when all the scale parameters are identically

equal to one and those of MNL is straightforward to establish. If, however, the scale

parameters are unconstrained, the relative magnitudes of the cross elasticities of any

two alternatives i and j with respect to a change in the level of an attribute of another

alternative l are characterised by the scale parameter of the random components of

alternatives i and j (Bhat 1995):

�Pi
xkl > �

Pj
xkl if �i < �j; �

Pi
xkl � �

Pj
xkl if �i � �j; �

Pi
xkl < �

Pj
xkl if �i > �j: �B6:9�

This important property of the HEV model allows for a simple and intuitive inter-

pretation of the model, unlike mixed logit (ML) or multinomial probit (MNP) ± see

sections B6.3 and B6.5, respectively ± which have a more complex correspondence

between the covariance matrix of the random components and the elasticity eÿects.

For ML and MNP, one has to compute the elasticities numerically by evaluating

multivariate normal integrals to identify the relative magnitudes of cross-elasticity

eÿects.

To estimate the HEV model, the method of full information maximum likelihood is

appropriate. The parameters to be estimated are the utility parameter vector þ and the

scale parameters of the random component of each of the alternatives (one of the scale

parameters is normalised to one for identi®ability). The log likelihood function to be
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maximised can be written as:

L �
Xq�Q

q�1

X
i2Cq

yqi log

�Z z��1

z�ÿ1

Y
j2Cq; j 6�i

F
Vqi ÿ Vqj � �iz

�j

� �
f �z� dz

�
; �B6:10�

where Cq is the choice set of alternatives available to the qth individual and yqi is

de®ned as follows:

yqi �
1 if the qth individual chooses alternative i

�q � 1; 2; . . .Q; i � 1; 2 . . . I�;
0 otherwise;

8><
>: �B6:11�

One has to ®nd a way of computing
R
f �x� dx. Simpson's rule is a good

startingpoint. For some improper integrals in both tails,
R�1
ÿ1 f �x� exp�ÿx2� dx

and
R�1
ÿ1 g�x� dx, the value can be approximated by Hermite quadratureR�1

ÿ1 f �x� exp�ÿx2� dx � P�s � ÿ1;�1� P�i � 1; k� w�i�*f �s*z�i��, where w�i� is a

weight and z�i� is the abscissa of the Hermite polynomial. The number of points is

set by the user.

The log likelihood function in (B6.10) has no closed-form expression. An improper

integral needs to be computed for each alternative-individual combination at each

iteration of the maximisation of the log likelihood function. For integrals which can

be written
R�1
0 f �x� exp �ÿx� dx and

R�1
0 g�x� dx, the use of conventional numerical

integration techniques (such as Simpson's method or Romberg integration) for the

evaluation of such integrals is cumbersome, expensive and often leads to unstable

estimates because they require the evaluation of the integrand at a large number of

equally spaced intervals in the real line (Butler and Mo�tt 1982).

On the other hand, Gaussian quadrature (Press et al. 1986) is a more sophisticated

procedure. It can obtain highly accurate estimates of the integrals in the likelihood

function by evaluating the integrand at a relatively small number of support points,

thus achieving gains in computational e�ciency of several orders of magnitude.

However, to apply Gaussian quadrature methods, equation (B6.4) must be expressed

in a form suitable for application of one of several standard Gaussian formulas (see

Press et al. 1986 for a review of Gaussian formulas).

To do so, de®ne a variable u � eÿw. Then, ��w� dw � ÿeÿu du and w � ÿln u. Also

de®ne a function Gqi as

Gqi�u� �
Y

j2Cq; j 6�i

F
Vqi ÿ Vqj ÿ �i ln u

�j

� �
: �B6:12�

Then we can rewrite (B6.10) as

L �
X
q

X
i2Cq

yqi log

�Z u�1

u�0

Gqi�u�eÿu du

�
: �B6:13�
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The expression within braces in equation (B6.13) can thus be estimated using the

Laguerre Gaussian quadrature formula, which replaces the integral by a summation

of terms over a certain number (say K) of support points, each term comprising the

evaluation of the function Gqi�:� at the support point k multiplied by a mass or weight

associated with the support point. The support points are the roots of the Laguerre

polynomial of order K and the weights are computed based on a set of theorems

provided by Press et al. (1986: 124). For this procedure, a 40 to 65 point quadrature

is often used.

We have estimated an HEV model using the data in chapter 6 that can be directly

compared to the MNL and NL models. The results are summarised in table B6.1. The

elasticity matrix of probability weighted elasticities is given in table B6.2. The attri-

butes in¯uencing choice contribute most of the explanatory power, with the alterna-

tive-speci®c constants adding very little (0.350±0.334). The most important results for

our purposes are the standard deviations associated with the unobserved random

components, and the elasticities. The standard deviations are diÿerent across all

four alternatives, suggesting a nested structure in which all alternatives are degenerate.

If any grouping were to occur, the HEV model would have suggested grouping air and

train. That is, the unobserved eÿects associated with air and train have a much more

similar distribution structure in respect of variance, than does each with the other two

Table B6.1. Heteroscedastic extreme value model

Variables Utility parameters t-values

Attributes in the utility functions
AASC 6.025 2.58
TASC 4.214 3.10
BASC 3.942 2.90

GC ÿ0.0309 ÿ2.47
TTME ÿ0.0917 ÿ2.29
HINCA 0.0282 1.30

PSIZEA ÿ1.106 ÿ2.18

Scale parameter of extreme value distributions
s_AIR 0.585 2.00

s_TRAIN 0.742 1.61
s_BUS 1.682 1.51
s_CAR 1.00

Standard deviations ± sigma*pi/sqr(6) for HEV distribution
s_AIR 0.750 2.00
s_TRAIN 0.951 1.61

s_BUS 2.157 1.51
s_CAR 1.282
Log likelihood function ÿ185.97

Log likelihood at zero ÿ291.12
Pseudo-R2 0.350
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alternatives. Indeed, the grouping of bus and train as having a priori behavioural

appeal is not as good in achieving compliance with IIA within each partition in a

nested logit structure.

The selected three-level structure reported in table 6.10, identi®ed from our search

of a number of partitions of the choice set, is not the preferred tree structure on a free

variance test. These behavioural insights are indicative of the bene®ts of modelling

heteroscedasticity in choice models, and are the basis for formulating potentially

rewarding avenues of research to explain the behavioural foundations of the hetero-

scedastic errors.

A comparison of the direct and cross choice elasticities for GC (table B6.2)

suggests some similar and some quite diÿerent mean estimates. The bus estimates in

particular are quite diÿerent, with the HEV direct and cross elasticities signi®cantly

greater than the MNL estimates. The direct elasticity of ÿ2:191 is substantially

higher than the MNL estimate of ÿ1:495. The car direct elasticity and the cross

elasticity of car use with respect to bus GC are also noticeably higher for the HEV

model. On these six elasticities, one would conclude that the MNL model signi®cantly

underestimates the sensitivity of the model to changes in the generalised cost of

travel.
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Table B6.2. Probability weighted HEV GC elasticities
compared with MNL elasticities

Random eÿects HEV MNL

Alternative � Air
Choice � Air ÿ1.162 ÿ1.069
Choice � Train 0.334 0.300

Choice � Bus 0.571 0.416
Choice � Car 0.583 0.519

Alternative � Train
Choice � Air 0.432 0.392

Choice � Train ÿ1.372 ÿ1.197
Choice � Bus 0.818 0.542
Choice � Car 0.748 0.617

Alternative � Bus

Choice � Air 0.278 0.223
Choice � Train 0.311 0.226
Choice � Bus ÿ2.191 ÿ1.495

Choice � Car 0.470 0.299

Alternative � Car
Choice � Air 0.497 0.500
Choice � Train 0.439 0.416

Choice � Bus 0.767 0.507
Choice � Car ÿ1.485 ÿ1.193



B6.2 Covariance heterogeneity (CovHet) fixed effects HEV model

The HEV model in section B6.1 is often referred to as the random eÿects HEV model

because of the way it treats the distribution of the unobserved random components.

An alternative and more general model is the ®xed eÿects HEV model, or what has

been referred to as the covariance heterogeneity (CovHet) model. As a generalisation of

the random eÿects-HEV model, it is equivalent to estimating a model in which a single

scale parameter (across the alternatives) is a function of alternative-speci®c variables:

attributes associated with an alternative and each sampled individual can be included

as sources of scale decomposition, adding useful behavioural information of sample

heterogeneity. This extension is the source of heterogeneity introduced through cov-

ariates. For example, given the relative similarity of the standard deviations of air and

train (identi®ed in the HEV model, table B6.1), we might assume that the variances of

"a and "t are given by the same function of z; and that "b and "c are a diÿerent function

of the covariates z. That is,

var �"a� � var �"t� � �2
1 exp �ÿ 0z1� �B6:14a�

var �"b� � var �"c� � �2
1 exp �ÿ 0z1�: �B6:14b�

The analyst can specify a particular functional form for the covariate expression.

This model has a lot of similarity to the nested logit model. It can be formulated as a

nested logit model with IV parameters multiplied by the exponential functions. For

choice k given branch j,

P�kj j� � exp �þ 0xkj j�X
sj j

exp �þ 0xsj j�
�B6:15�

For branch j;P� j� � exp �� 0yj � �jIj�X
j

exp �� 0yj � �jIj�
; �B6:16�

where

�j � �j exp �ÿ 0zj�: �B6:17�

A two-level model generalises the nested logit model through specifying the IV

utility parameter (i.e., �j) to be an exponential function of covariates. Analysts may

be able to formulate a theory to explain the heteroscedasticity structure present in

preference data of the type described by (B6.17). For example, depending upon its

content, exposure to advertising might lead to more or less variability in the observed

choice behaviour of a population. While this eÿect might be captured partially by a

random eÿects speci®cation of the scale parameters (i.e., the HEV model in section

B6.1), the origin of the variability would not be explicit. The latter consequence was

one motivation for the development of the CovHet model (Swait and Adamowicz

1996, Swait and Stacey 1996). Equation (B6.17) thus can be transformed in terms of
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the scale parameter as equation (B6.18):

�iq � exp �ýZiq�; �B6:18�
where ý is a parameter row-vector and Ziq are covariates. CovHet choice probabilities

are given by equation (B6.19):

Piq �
exp ��iqþXiq�X

j2Cq

exp ��iqþXjq�
: �B6:19�

As with the HEV model, CovHet allows complex cross-substitution patterns among

the alternatives. The derivation of CovHet when the scale factor does not vary by

alternative is diÿerent than when it does. If the scale factor is not alternative-speci®c,

the model can be derived using a heteroscedasticity argument (see Swait and

Adamowicz 1996); when the scale factor is alternative-speci®c, the model can be

derived as a special case of the nested logit model (Daly 1985, McFadden 1981,

Hensher 1994, Swait and Stacey 1996). In either case, the ®nal expression for the

choice probability is given by expression (B6.19).

Swait and Adamowicz (1996) hypothesise that task complexity (for SP data) and

choice environment (e.g., market structure for RP data) in¯uence levels of variability

found in preference data. They propose a speci®c measure to characterise complexity

and/or environment, and ®nd evidence of its impact in a number of SP data sets, as

well as in an RP data source. Their measure of complexity does not vary across

alternatives; consequently, scale parameters in their model vary across individuals

and SP replications, but not across alternatives. They also found that diÿerent

degrees of complexity between preference data sources can impact the propriety of

combining RP/SP data. Swait and Stacey (1996) apply CovHet to scanner panel

choice data, allowing the variance (i.e., scale) to vary by person, alternative and

time period as a function of brand, socio-demographic characteristics, interpurchase

time, and state dependence. They show that accounting for non-stationarity of the

variance in terms of the explanatory variables Ziq enhances insight about panel be-

haviour and greatly improves model ®t with respect to standard choice models such

as the MNL, NL and even MNP models with ®xed covariance matrices. We have

implemented this model with our case study data set. The results are summarised in

table B6.3.

The CovHet model is speci®ed as the four elemental alternatives plus the

`composite' alternative FLY at the upper level. The covariates included in the expo-

nential form of the ®xed-eÿects function are size of the travelling party (PSIZE) and

household income (HINC). We could have included alternative-speci®c constants, but

did not in the example. We chose not to include a composite utility expression for

GROUND, although the IVs for both upper level branches are generated and

reported in table B6.3. The covariates have negative utility parameters although

only HINC is statistically signi®cant. What this suggests is that as household income

increases, ceteris paribus, the scale parameter decreases in value. Another way of

saying this is that the standard deviation of the random component increases
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with increasing household income. Thus we might conclude that the variance of the

unobserved eÿects is larger for the higher household income segment, and conse-

quently the attributes associated with the utility expressions at the lower level (noting

that we only have a constant at the upper level for FLY) are indeed representing the

heterogeneity in choice for individuals from lower income households (after control-

ling for HINC) better than for higher income households.

A comparison of the elasticities (table B6.4) suggests noticeable diÿerences in beha-

vioural responses to a one-unit change in generalised cost. Selecting the preferred

model structure is not straightforward, although the CovHet model is the most general

and could be preferred on these grounds alone. We cannot guarantee, however, that

we have identi®ed the `best' CovHet model. The direct elasticities for the ground

modes are extremely high and worrisome, given the extant evidence that estimates

in the ÿ0:3 to ÿ1:2 range are most likely. None the less, this example has demon-

strated the opportunity to explore decomposition of the variance of the random

components, adding important behavioural information in understanding the diÿer-

ences in the distributions of the unobserved eÿects. By comparison, the random-eÿects

HEV model is limited in that we are unable to reveal attribute-speci®c in¯uences on

variation.

Table B6.3. Covariance heterogeneity logit model

Variables Utility parameters t-values

Attributes in the utility functions
A_TRAIN 4.470 6.44
A_BUS 3.121 5.26
BC ÿ0.0638 ÿ6.86

BT ÿ0.0699 ÿ5.88
A_AIR 6.072 1.44
AF ÿ1.379 ÿ0.71

Attributes of branch choice equation
A_FLY ÿ6.309 ÿ3.06

Inclusive value parameters
FLY 3.988 0.38

GROUND 4.870 0.46
Lmb[1|1] 1.00
Trunkf1g 1.00

Covariates in inclusive value parameters
s_PSIZE ÿ0.914 ÿ1.02

s_HINC ÿ0.173 ÿ2.71
Log likelihood function ÿ204.89
Log likelihood at zero ÿ312.55

Pseudo-R2 0.332
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Table B6.4. Comparison of GC elasticities of covariance heterogeneity, NL and MNL models

Covariance heterogeneity Nested logit

Upper Lower Total Upper Lower Total Unweighted

level level eÿect level level eÿect MNL

Alternative � Air

Branch � FLY

Choice � Air ÿ0.444 0.000 ÿ0.444 ÿ0.161

Branch � GROUND

Choice � Train 0.072 0.000 0.072 0.023

Choice � Bus 0.072 0.000 0.072 0.019

Choice � Car 0.072 0.000 0.072 0.119

Alternative � Train

Branch � FLY

Choice � Air 0.331 0.000 0.331 ÿ0.458 0.414 ÿ0.045 0.023

Branch � GROUND

Choice � Train ÿ0.050 ÿ5.955 ÿ6.005 ÿ0.458 ÿ0.627 ÿ1.086 ÿ0.185

Choice � Bus ÿ0.050 2.353 2.303 0.735 0.0 0.735 0.024

Choice � Car ÿ0.050 2.353 2.303 0.735 0.0 0.735 0.138

Alternative � Bus

Branch � FLY

Choice � Air 0.100 0.000 0.100 0.314 0.0 0.314 0.019

Branch � GROUND

Choice � Train ÿ0.018 1.524 1.506 0.314 0.0 0.314 0.024

Choice � Bus ÿ0.018 5.830 ÿ5.848 ÿ0.307 ÿ0.738 ÿ1.045 ÿ0.133

Choice � Car ÿ0.018 1.524 1.506 ÿ0.307 0.303 ÿ0.004 0.090

Alternative � Car

Branch � FLY

Choice � Air 0.071 0.000 0.071 0.420 0.000 0.420 0.119

Branch � GROUND

Choice � Train ÿ0.020 2.571 2.552 0.420 0.0 0.420 0.138

Choice � Bus ÿ0.020 2.571 2.552 ÿ0.674 0.534 ÿ0.140 0.090

Choice � Car ÿ0.020 ÿ3.517 ÿ3.537 ÿ0.674 ÿ0.229 ÿ0.903 ÿ0.347



B6.3 The random parameters (or mixed) logit model

Accommodating diÿerences in covariance of the random components and unobserved

heterogeneity (also referred to as random eÿects or individual-speci®c eÿects) is the

next extension to the HEV and CovHet models. Although the latter model begins to

decompose the variances to identify sources of diÿerences across the sampled popula-

tion, there are other ways to allow for individual-speci®c segment diÿerences. Two

approaches have been developed: the random parameters logit (RPL) model and the

mixed logit (ML) model. Both approaches diÿer only in interpretation, being deriva-

tives of a similar approach. There are a small but growing number of empirical studies

implementing the RPL or ML method. The earliest studies include Ben-Akiva and

Bolduc (1996), Revelt and Train (1998), Bhat (1997a), McFadden and Train (1996),

and Brownstone, Bunch and Train (1998).

The model is a generalisation of the MNL model, summarised in equation (B6.20):

P� jj�i� �
exp ��ji � �jzi � 'jf ji � þjixji�XJ

j�1

exp ��ji � �jzi � 'jf ji � þjixji�
�B6:20�

where

�ji is a ®xed or random alternative-speci®c constant associated with j � 1; . . . ; J

alternatives and i � 1; . . . ; I individuals; and �J � 0,

'j is a vector of non-random parameters,

þji is a parameter vector that is randomly distributed across individuals; �i is a

component of the þji vector (see below),

zi is a vector of individual-speci®c characteristics (e.g., personal income),

f ji is a vector of individual-speci®c and alternative-speci®c attributes,

xji is a vector of individual-speci®c and alternative-speci®c attributes,

�i is the individual-speci®c random disturbance of unobserved heterogeneity.

A subset or all of �ji alternative-speci®c constants and the parameters in the þji
vector can be randomly distributed across individuals, such that for each random

parameter, a new parameter, call it �ki, can be de®ned as a function of characteristics

of individuals and other attributes which are choice invariant. Examples of the latter

are the method of data collection (if it varies across the sample), interviewer quality,

length of SP experiment (if it varies across the sample) and data type (e.g. RP or SP).

The layering of selected random parameters can take a number of pre-de®ned func-

tional forms, typically assumed to be normally or lognormally distributed, as pre-

sented respectively in equations (B6.21) and (B6.22):

�ki � ÿk � �kwi � �k�ki �B6:21�
�ki � exp �ÿk � �kwi � �k�ki�; �B6:22�
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where

wi is a vector set (excluding a constant) of choice invariant characteristics that

produce individual heterogeneity in the averages of the randomly distributed

parameters,

ÿk is the constant,

�k is a vector of deep parameters that identify an individual-speci®c mean,

�ki is a random term assumed to be normally distributed with mean zero and unit

standard deviation, and hence �k is the standard deviation of the marginal dis-

tribution of �ki.

The lognormal (or exponential) form is often used if the response parameter needs to

be a speci®c sign.

The �kis are individual and choice-speci®c, unobserved random disturbances, which

are the source of the unobserved heterogeneity. The RPL or ML model is equivalent in

form to the MNP model (set out below), even though the variances of the random

component take on a diÿerent distribution (i.e., EV1 compared to normal), if we

assume (a) that the alternative-speci®c constants are random, (b) �kwI is excluded,

and (c) that the full (i.e., including the variances) lower triangular (Cholesky) matrix of

covariance is unrestricted. This equivalence is very important, since this special case of

the RPL or ML model provides an alternative method of estimation to MNP.

Estimation of the RPL/ML model is usually undertaken using simulation methods,

in contrast to direct integration. This method is increasingly the approach adopted

for all complex choice models (see McFadden and Ruud 1994). The unconditional

probabilities are obtained by integrating the �kis out of the conditional probabilities

Pj � E�i�P� jj�i��.
In the most general case we need to evaluate E � �C ÿ 1�*T dimensional integral

for each agent and each iteration in the maximisation of the (log) likelihood function.

C is the choice set size and T is the number of time periods (or choice sets if an SP data

set). This multiple integral does not exist in closed form. What makes this particularly

complex is the inter-alternative correlation on one or more of the error components.

Numerical integration is not computationally feasible since the number of operations

increases with the power of E, which dimensions the covariance matrix. Simulation of

the choice probabilities is now the preferred method of estimating all parameters, by

drawing pseudo-random realisations from the underlying error process (Boersch-

Supan and Hajivassiliou 1990). The popular method is one initially introduced by

Geweke (and improved by Keane, McFadden, Boersch-Supan and Hajivassiliou ±

see Geweke, Keane and Runkle 1994; McFadden and Ruud 1994) of computing

random variates from a multivariate truncated normal distribution and known as

the Geweke±Hajivassiliou±Keane (GHK) recursive probability simulator. Although

it fails to deliver unbiased multivariate truncated normal variates (as initially sug-

gested by Ruud and detailed by Boersch-Supan and Hajivassiliou 1990), it does

produce unbiased estimates of the choice probabilities. The approach is quick and

generated draws and simulated probabilities depend continuously on the parameters þ
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andM (the covariance matrix). This latter dependence enables one to use conventional

numerical methods, such as quadratic hillclimbing, to solve the ®rst-order conditions

for maximising the simulated likelihood function (equation (B6.23)). Hence the term

simulated maximum likelihood (SML) (Stern 1997).

�L�þ;M� �
YR
r�1

YQ
q�1

�Pr�fiqg�: �B6:23�

Boersch-Supan and Hajivassiliou (1990) have shown that the choice probabilities are

well approximated by the formula (B6.24), even for a small number of replications.

Our experience suggests that 100 replications are su�cient for a typical problem

involving ®ve alternatives, 1000 observations and up to ten attributes. Such runs

with appropriate software and a fast processor should take about 5±15 minutes to

converge.

�P�fiqg� �
1

R

XR
r�1

�Pr�fiqng�: �B6:24�

The form of the RPL/ML model has important behavioural implications. The

presence in �ki of terms representing random tastes of an individual invariant across

the choice set (i.e., unobserved heterogeneity) induces a correlation among the utility

of diÿerent alternatives (Bhat 1997b, McFadden and Train 1996). This engenders a

relatively free utility structure such that IIA is relaxed despite the presence of the IID

assumption for the random components of the alternatives. That is, the RPL/ML

model disentangles IIA from IID and enables the analyst to estimate models that

account for cross-correlation among the alternatives. The example in table B6.5 com-

pared to table 6.2 reinforces this result empirically. When the random utility para-

meters are all zero, the exact MNL model is produced. Applying the case study data,

we ®nd that all utility parameters with an RPL/ML form are not signi®cantly diÿerent

from zero, consequently the elasticities are identical to those of the MNL model (and

are not reproduced in the table). Bhat (1997a) has superimposed random response

heterogeneity over the systematic response heterogeneity by including parameterised

covariates as shown in equations (B6.21) and (B6.22).

We have implicitly treated the RPL and ML models as if they are the same. The

diÿerence is entirely interpretation (Brownstone, Bunch and Train 1998). In the RPL

speci®cation the parameters of the attributes in the representative component of the

utility expression (i.e., �ji and þji) are random with a mean and deviations. When

the deviations enter as components of the structure of the random component as

illustrated in equations (B6.21) and (B6.22), they are an error-components model

associated with the ML model. Any attributes associated with þji which do not

enter the error components can be considered attributes whose parameters do not

vary in the sampled population. Attributes of alternatives that are observed but

are not included in the set of explicitly modelled attributes (i.e., with assigned þjis)

but which consequently `reside' in the error components, can be considered variables

whose parameters vary in the sampled population but with zero means. Brownstone,
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Table B6.5. Random parameter logit model

Variables Coe�cients t-values

I. Random parameter logit modelÿ replications for GHK

simulators� 100

Random parameters in utility functions
AASC 7.2506 4.686

TASC 4.7941 4.450
BASC 3.9838 3.608
GC ÿ0:4245 ÿ3:526
TTME ÿ0:9863 ÿ5:507

Non-random parameters in utility functions
HINCA 0.2557 1.976

Heterogeneity in mean, parameter : variable
AASC:PSIZE ÿ1:1120 ÿ1:568
TASC:PSIZE ÿ0:2533 ÿ0:428
BASC:PSIZE ÿ0:2727 ÿ0:420
GC:PSIZE 0.9919 1.548

TTME:PSIZE ÿ0:1169 ÿ0:143

Diagonal values in Cholesky matrix L
sAASC 0.2248 0.321
sTASC 0.1187 0.004

sBASC 0.1049 0.350
sGC 0.2385 0.489
sTTME 0.4567 0.146

Below diagonal values in L matrix V � L � Lt
TASC:AASC 0.5552 0.100

BASC:AASC 0.5790 0.116
BASC:TASC 0.3233 ÿ0:110
GC:AASC 0.1058 0.191

GC:TASC 0.2332 0.422
GC:BASC ÿ0:2344 ÿ0:467
TTME:AASC ÿ0:4200 ÿ0:457
TTME:TASC 0.9386 0.273
TTME:BASC 0.1911 0.511
TTME:GC ÿ0:1332 ÿ0:378

Standard deviations of parameter distributions

sdAASC 0.2248 0.321
sdTASC 0.5553 0.100
SdBASC 0.1241 0.360
SdGC 0.4212 0.807

sdTTME 0.4915 0.610

Log likelihood function ÿ182:6028
Log likelihood at zero ÿ291:1218
Pseudo-R2 0.34576



Table B6.5. (cont.)

Variables Coe�cients t-values

I. Random parameter logit modelÿ replications for GHK

simulators� 100

Correlation matrix for random parameters
TTME AASC TASC BASC GC TTME

AASC 0.1000 0.9999 0.4665 0.2513 0.8546
TASC 0.9999 0.1000 0.4608 0.2630 0.8503
BASC 0.4665 0.4608 0.1000 ÿ0:4974 0.1197

GC 0.2512 0.2630 ÿ0:4974 0.1000 0.4788
TTME ÿ0:8546 ÿ0:8503 ÿ0:1197 ÿ0:4788 0.1000

II. Replications for simulated probabilities� 500

Variables Coe�cients t-values

Random parameters in utility functions
AASC 7.3416 7.657
TASC 4.4425 8.830

BASC 3.6378 7.469
GC ÿ0:3610 ÿ4:021
TTME ÿ0:1029 ÿ11:791

Non-random parameters in utility functions

HINCA 0.2510 1.953

Heterogeneity in mean, parameter: variable
AASC:PSIZE ÿ1:098 ÿ4:195
TASC:PSIZE 0.0000
BASC:PSIZE 0.0000
GC:PSIZE 0.6050 1.587

TTME:PSIZE 0.0000
Diagonal values in Cholesky matrix L
sAASC 0.3166 0.048

sTASC 0.9685 0.040
sBASC 0.1378 0.045
sGC 0.6728 0.015
sTTME 0.1374 0.048

Below diagonal values in L matrix V � L � Lt
TASC:AASC 0.2917 0.059
BASC:AASC 0.3585 0.008
BASC:TASC 0.2747 0.009

GC:AASC ÿ0:3367 ÿ0:068
GC:TASC 0.1280 0.026
GC:BASC 0.1051 0.023

TTME:AASC ÿ0:4941 ÿ0:058
TTME:TASC ÿ0:7440 ÿ0:023
TTME:BASC ÿ0:2339 ÿ0:075
TTME:GC ÿ0:7810 ÿ0:025
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Bunch and Train (1998) suggest that the RPL interpretation is `. . . useful when con-

sidering models of repeated choice by the same decision maker' (page 12). This is

almost certainly the situation with stated choice data where choice sets in the range

of 4 to 32 are common. The simplest model form is one in which the same draws of the

random parameter vectors are used for all choice sets (essentially treating the choice

sets as independent). Although a ®rst-order autoregressive process for random para-

meters can be imposed, it is extremely complex. The error components approach,

however, has the advantage of handling `serial correlation' between the repeated

choices in a less complex way (see below).

Developments in RPL and ML models are progressing at a substantial pace, with

estimation methods and software now available. We can anticipate the greatest gains

in understanding choice behaviour from continuing applications of the RPL/ML

model. Table B6.5 illustrates the application of RPL. We present the MNL model

as starting values for two models, respectively using 5 and 500 random draws in

estimating the unconditional probabilities by simulated maximum likelihood. Revelt

and Train (1998) suggest 100 draws are su�cient; in contrast, Bhat (1997a) suggests

1000. The importance of the number of draws is clearly demonstrated in table B6.5,

where the source of individual heterogeneity, party size (PSIZE), when iterated with

the alternative-speci®c constant for air travel, is statistically signi®cant (t-value �
ÿ4:195) under 500 draws but not signi®cant (t-value � ÿ1:568) under 100 draws.
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Table B6.5. (cont.)

Variables Coe�cients t-values

II. Replications for simulated probabilities� 500

Standard deviations of parameter distributions
sdAASC 0.3166 0.048
sdTASC 0.3073 0.065

sdBASC 0.1450 0.046
sdGC 0.3812 0.078
sdTTME 0.5739 0.077

Log likelihood ÿ184:2051
Log likelihood at zero ÿ291:1218
Pseudo-R2 0.3433

Correlation matrix for random parameters
AASC TASC BASC GC TTME

AASC 0.1000 0.9490 0.2472 ÿ0:8832 0.8610
TASC 0.9490 0.1000 0.2943 ÿ0:7323 0.8580
BASC 0.2472 0.2943 0.1000 0.1074 0.6247

GC ÿ0:8832 ÿ0:7323 0.1074 0.1000 0.5804
TTME ÿ0:8610 ÿ0:8580 ÿ0:6247 0.5804 0.1000

Notes: Method�BFGS; nodes for quadrature: Laguerre� 40; Hermite� 10;

replications for simulated probabilities� 5.



The number of draws also has an impact, albeit small, on the mean estimates of the

random and non-random parameters in the utility expressions. The standard de-

viations of the random parameters for two attributes and three alternative-speci®c

constants (given as the diagonal values in the Cholesky matrix) are not signi®cant;

hence these variables can all be treated as non-random (i.e., ®xed) parameters. All of

the below diagonal values in the Cholesky matrix are not signi®cant, suggesting true

independence. Finally, the standard deviations of parameter distributions, �k, which

identify sources of heterogeneity that can vary across individuals and alternatives, are

all statistically non-signi®cant. Thus the only source of heterogeneity identi®ed in this

application is individual-speci®c (i.e., party size).

B6.4 Latent class heteroscedastic MNL model

This model introduces the additional complexity of taste heterogeneity along with the

heteroscedasticity that is our central interest. In most econometric models that permit

taste heterogeneity, a random parameters approach is usually adopted. That is, þiq is

assumed to be drawn from some joint density function (e.g., multivariate normal), and

estimation recovers the parameters of the distribution. In marketing, latent class

models often have been used instead of random parameter formulations (e.g.,

Dillon and Kumar 1994). Instead of a continuous joint distribution, latent class

models assume that a discrete number of support points (say, S) are su�cient to

describe the joint density function of the parameters.

Latent classes correspond to underlying market segments, each of which is charac-

terised by unique tastes þs; s � 1; . . . ;S. However, Swait (1994) pointed out that these

classes also can be characterised by variance diÿerences. He postulated that members

of class s have taste þs and scale �s. If the indirect utility function for members of that

class is

Uiqjs � �s�ijs � �sþsXiq � "iqjs; �B6:25�

and the "iqjs are conditionally IID extreme value type 1 within class, the choice prob-

ability for members of class s is

Piqjs �
exp ��sþsXiq�X

j2Cq

exp ��sþsXjq�
: �B6:26�

The ®nal speci®cation of the choice model requires the development of a classi®cation

mechanism to predict an individual's membership in a class (see Swait (1994) for full

details). If the probability of being in class s is given by Wqs, the unconditional

probability of choosing alternative i is simply

Piq �
XS
s�1

PiqjsWqs: �B6:27�
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It is not possible to identify scale factors and utility parameters in this model simulta-

neously, but some possibilities for dealing with this are as follows:

1. let utility parameters vary across classes but constrain scale parameters to be equal

(i.e., estimate þ1; . . . ; þS and set �1 � � � � � �S � 1);

2. force taste parameter homogeneity but let scale parameters vary across classes

(i.e., estimate þ1 � � � � � þS � þ and �2; . . . ; �S, normalising �1 � 1);

3. restrict combinations of utility and scale parameters such that either �s or þs is

estimated for any particular class s.

Each of these possibilities represents diÿerent behavioural assumptions concerning

taste heterogeneity vis-aÁ-vis error term variance within latent classes.

Gopinath and Ben-Akiva (1995) and Swait and Sweeney (1996) proposed similar

models to that of Swait (1994). Diÿerently from that earlier work, however, Gopinath

and Ben-Akiva (1995) and Swait and Sweeney (1996) assume that the latent classes are

ordered with respect to an additional underlying latent dimension (e.g., value of time,

orientation towards value for money in a retail setting). Swait's (1994) model assumes

that no particular relationship holds between latent classes and the multiple latent

dimensions permitted in his segmentation framework.

B6.5 The multinomial probit model

The move to relaxing the IID assumption is now a practical reality since developments

in estimation methods centred on simulated moments (McFadden 1989, Keane 1994,

Geweke 1991, Boersch-Supan and Hajivassiliou 1990, Geweke, Keane and Runkle

1994), with special cases available in software such as LIMDEP. The gains in

improved understanding and prediction of choice behaviour from covariance MNP

remain central to ongoing research and are engendering a signi®cant move from

variants of GEV to MNP. We conclude this appendix with an overview of the

MNP model, illustrating its empirical value in a cross-section and a repeated (stated)

choice context.

Hausman and Wise (1978a) proposed the structured covariance matrix for the

multinomial probit model to consider heterogeneity among individuals. They assumed

parameter distributions of a utility function as normal, and derived the covariance

matrix in which attributes of a utility function were incorporated. The covariance

structure for error terms was described as equation (B6.28):

cov �"r; "q� �
X
k

�2
þkZrkZqk: �B6:28�

Here, r and q indicate alternatives, Zrk is the kth attribute of alternative r and �2þk is an

unknown variance of kth parameter þk. Individual diÿerences in the covariance matrix

are expressed by equation (B6.28). Using this approach, let us consider an example in

which the indirect utility function of a recreation destination choice model contains a

trip distance variable that has heterogeneous parameters among individuals. The

covariance between recreation destinations must be proportional to the product of
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two recreation destination distances from equation (B6.28). Assigning a larger co-

variance for the combination of recreation destination further away seems to be

reasonable as a covariance of errors, even though such a covariance structure may

not represent the similarity among recreation destination alternatives.

Bolduc (1992) enriched this speci®cation, proposing the following structure for the

unobserved component of utility in the multinomial probit model:

"i � �
X
j 6�i

wij"j��i: �B6:29�

In this equation, "i is a normally distributed error with a mean of zero and is corre-

lated with the other errors "j ( j 6� i). � is distributed normally and � is a parameter. wij

indicates a weight between alternatives i and j. The model would be directly applicable

to recreation destination choice models with a large choice set and/or may be applic-

able to recreation destination choice behaviours by de®ning the distance-related func-

tion to represent the relation among recreation destinations.

Another version of the multinomial probit model is a structured covariance matrix

to represent any overlapped relation between recreation destination alternatives. The

fundamental ideas of the model were presented in Yai, Iwakura and Ito (1993) and Yai

and Iwakura (1994). The assumptions introduced in the model may be more realistic

for recreation destination choice behaviours on a dense network of opportunities than

the strict assumption of the IID property of the multinomial logit model. As the nested

logit model assumes an identical dispersion parameter between two modelling levels

for all sampled observations, the model has di�culty in expressing individual choice-

tree structures. To improve the applicability of the MNP model to applications with

non-independence among alternatives, a function can be introduced which represents

the overlapping of pairs of alternatives, with a multinomial probit model form in the

structured covariance matrix that uses the function to account for the individual

choice-tree structures in the matrix and to improve the estimability of the new alter-

native's covariances.

For MNP, a choice probability Pr with a choice set size R is calculated by multi-

dimensional integration associated with ", as below:

Pr �
Z "r�VrÿVl

"�ÿ1
� � �

Z 1

"r�ÿ1
� � �

Z "r�VrÿVR

"r�ÿ1
f �"� d"R . . . d"1; �B6:30�

where the density function is described by

f �"� � �2��ÿ�R=2� Xÿÿÿ ÿÿÿÿ�1=2�
exp ÿ 1

2
"
X ÿ1"T

� �
�B6:31�

and the covariance matrix is

X
�

�2
1 �12 . . . �1R

�12 �2
2

..

.

..

. . .
.

�1R . . . �2R

0
BBBB@

1
CCCCA: �B6:32�
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We omit notation for an individual for simplicity, but can easily add the notation

without any change in the model derivation. Elements of the symmetric covariance

matrix �, usually de®ned as parameters, are estimated simultaneously with parameters

of the utility function Vr. A set of the estimated elements in the matrix is constant for

the population.

Estimation of this model requires the analyst to select the speci®c form of the error

covariance matrix such as (B6.28) or (B6.29) and to select the oÿ-diagonal correlations

which should be non-zero. The non-zero covariances can be constrained as equal

across speci®c pairs of alternatives; however, this requires parsimonious judgement

to be exercised since the addition of a free covariance adds substantial complexity in

estimation.5 Each alternative also has a standard deviation for each of the diagonal

elements, which requires setting at least one of them to equal 1.0 for identi®cation.

Experimentation with behaviourally reasonable diÿerences should be undertaken with

care; analysts should experiment with a number of optimisation algorithms such as

BHHH and DFG, together with varying tolerances and steps in function evaluation.

The results of estimation of an MNP model with the data presented in chapter 6

are given in table B6.6. After extensive investigation of many combinations of
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particularly in the case of the covariance matrix. We refer the reader to Bunch (1991) for detailed

discussion of identi®cation restrictions for the MNP model.

Table B6.6. Multinomial probit results

Variables Utility parameters t-values

Attributes in the utility functions
A_TRAIN ÿ3:4758 ÿ6:49
A_BUS ÿ2:6828 ÿ6:69
BC ÿ0.02849 ÿ4:93
BT ÿ0.06522 ÿ5:76
A_AIR ÿ3:179 ÿ5:32
s[AIR] 3.012 3.02

s[TRAIN] 1.000
s[BUS] 1.000
s[CAR] 1.000

rAIR, TRA 0.000
rAIR, BUS 0.000
rTRA, BUS 0.4117 1.97

rAIR, CAR ÿ0.1683 ÿ1.88
rTRA, CAR 0.000
rBUS, CAR 0.000

Log likelihood function ÿ203:81
Log likelihood at zero ÿ291:12
Pseudo-R2 0.290



non-zero covariances and non-unit standard deviations for the variances, we settled

on a model in which the correlation between train and bus (0.411) and between car

and plane (ÿ0.168) were su�ciently interesting to report. The only identi®able and

statistically signi®cant standard deviation was for air travel (the most signi®cant in

table B6.1 for the HEV model). The GC elasticities reported in table B6.7 for MNP

together with HEV and MNL show some relativity of similarity across the three

models for each alternative, even though their absolute magnitudes are quite diÿerent.

The particular speci®cation of MNP is not necessarily as general as various versions

of the HEV, CovHet and RPL/ML models; the degree of generality is heavily depen-

dent on the number of free (oÿ-diagonal) covariance terms and (diagonal)

standard deviations. What we have established is that the air and car alternatives

are slightly negatively correlated, whereas the correlation between train and bus is

much more positively correlated, as might be expected. However, for the train and

bus modes the standard deviations of the unobserved eÿects are not statistically

signi®cantly diÿerent from one. Indeed what we observe is the natural partitioning

between FLY and GROUND alternatives as implemented in the NL model

(table 6.7).

Table B6.7. Probability weighted MNP, HEV and MNL GC elasticities

MNP Random eÿects HEV MNL

Alternative � Air

Choice � Air ÿ1:677 ÿ1:162 ÿ1:069

Choice � Train 0.130 0.334 0.300

Choice � Bus 0.914 0.571 0.416

Choice � Car 2.082 0.583 0.519

Alternative � Train

Choice � Air 0.674 0.432 0.392

Choice � Train ÿ0:291 ÿ1:372 ÿ1:197

Choice � Bus 0.650 0.818 0.542

Choice � Car 1.071 0.748 0.617

Alternative � Bus

Choice � Air 0.372 0.278 0.223

Choice � Train 0.208 0.311 0.226

Choice � Bus ÿ1:659 ÿ2:191 ÿ1:495

Choice � Car 0.180 0.470 0.299

Alternative � Car

Choice � Air 0.694 0.497 0.500

Choice � Train 0.090 0.439 0.416

Choice � Bus 0.773 0.767 0.507

Choice � Car ÿ0:390 ÿ1:485 ÿ1:193
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B6.6 Multi-period multinomial probit

The most general model, in terms of the speci®cation of the variance-covariance

matrix of random eÿect components, is the multiperiod-multinomial probit

(MPMNP) model. Special cases of this model accommodate all variations of assump-

tions about the autoregressive structure, the correlation of unobserved eÿects between

alternatives and time periods, explicit treatment of unobserved heterogeneity across

individuals, and diÿerential variances across alternatives. The models presented above

are special applications of the more general model. The generalised utility expression

can be written out as equation (B6.33):

ujqt � Xjqt�� yqtþj � "jqt; �B6:33�

where

ujqt � latent utility of alternative j as perceived by individual q in time t;

i � 1; . . . I ; t � 1; . . .Ti or in choice set t,

Xjqt � alternative-speci®c attributes of alternative j as perceived by individual q in

time t or in choice set t,

yqt � agent-speci®c characteristics of individual q in time t or in choice set t,

"jqt � multinormal error with cov(eq� � ÿ�eq � �ejqt�j � 1; . . . I ; t � 1; . . .Ti);

ÿ � is I � Ti, permitting inter-alternative and inter-temporal correlation between

ejqt and ekqs for the same individual q, and �; þj, and ÿ are unknown para-

meters to be estimated.

Speci®c covariance structures evolve from this general formulation. Contemporaneous

correlations and heteroscedasticity of the form eqt � �ejqt�; j � 1 . . . I can occur, result-

ing in general deviations from IIA, represented by MNP and RPL/ML. Intertemporal

correlations between the random components eq � �ejqt�j � 1; . . . ; I ; t � 1; . . .Ti can

occur, producing random eÿects, speci®c to alternatives, and ®rst-order autoregressive

errors (for investigating correlation amongst choice sets), speci®c to alternatives.

Importantly, the random eÿects permissible from choice set variation are individual-

speci®c (because we have multiple observations on an individual, enabling the analyst

to account for the speci®c idiosyncrasies of an individual which do not change as

individuals make choices). In a single cross section, the exposure of heterogeneity is

dependent on variation across a sample of individuals.

To illustrate the behavioural implications of alternative assumptions, we estimated

a series of models using a 1997 stated choice switching data set for high-speed rail in

the auto-drive non-business market for the Sydney±Canberra corridor. Combinations

of these error processes yield the models summarised in table B6.8. Full details of

parameter estimates are available on request from the second author. (We use another

data set because the data set used above is a single cross section, and thus not suitable

for MPMNP.) All of the models can be described by a likelihood function which is a

product of the choice probabilities across the sample of q � 1; . . . ;Q individuals,
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i � 1; . . . ; I alternatives and t � 1; . . .T choice sets (equation B6.34):

L�þ;M� �
YQ
q�1

P�fitqgjfXitqg;þ;M�: �B6:34�

Each sampled car traveller was asked to review four high-speed rail options de®ned

by fare class (®rst, full economy, discount economy and oÿ-peak), frequency (every 30

minutes, hourly and two hourly), and parking cost ($2±$20 per day), then asked to

select one of them or stay with the car for the current trip. This was repeated for up to

four choice sets; 355 individuals evaluated two choice sets and 81 evaluated four choice

sets. To illustrate the behavioural implications of alternative assumptions, we have

derived the mean behavioural values of non-business travel time savings (VTTS), also

reported in table B6.8, together with the log likelihood at convergence. The variation

in the VTTS is substantial, ranging from a low of $4.63/adult person hour for the most

Table B6.8. Alternative error processes in discrete-choice models: repeated stated choices

Model Error processes RAN AR1 MNP VTTS* log L

1 IID across SC replications, 0 0 0 4.63 ÿ1067:9

IID across alternatives

2 AR1 errors, 0 1 0 4.98 ÿ811:46

IID across alternatives

3 Random eÿects, 1 0 0 5.22 ÿ765:01

IID across alternatives

4 Random eÿects, AR1 errors, 1 1 0 5.40 ÿ775:68

IID across alternatives

5 IID across SC replications, 0 0 1 6.46 ÿ1050:71

correlated across alternatives

6 Random eÿects, correlated 1 0 1 6.88 ÿ759:57

across alternatives

7 Free variance, random eÿects, 1 1 1 7.09 ÿ759:04

AR1 errors, correlated across

alternatives

8 Free variance and IID across SC 0 0 1 7.64 ÿ1040:25

replications

9 AR1 errors, correlated across 0 1 1 7.87 ÿ770:38

alternatives

10 Free variance, IID across SC 0 0 1 8.06 ÿ1044:3

replications, correlated across

alternatives

11 Free variance, random eÿects, 1 0 1 8.37 ÿ759:71

IID across alternatives

Note: *Dollars per adult person hour.
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restrictive model, up to $8.37/adult person hour for a less restrictive speci®cation. This

is nearly a doubling of the VTTS, having major implications for transport investments,

given the important role played by time bene®ts in most transport project appraisals.

Close inspection of table B6.8 suggests that the failure to account for non-constant

variance and correlation between the alternatives are the major contributing in¯uences

to the downward biased MNL mean estimate of VTTS. Allowing for unobserved

heterogeneity (through random eÿects ± RAN) and serial correlation through a

®rst-order autoregressive (AR1) structure, contributes far less to an increase in the

mean VTTS (relative to the MNL estimate).

B6.7 Concluding thoughts

This appendix has provided an introduction to more advanced, yet operational,

methods of modelling choice among a set of mutually exclusive discrete alternatives.

The growing interest in combining preference data (see chapter 8), especially stated

choice and revealed preference data, requires expertise in estimating models where the

properties of the unobserved random component of indirect utility can be empirically

determined and distinguished. Where appropriate, this applies between alternatives

within a single discrete-choice data set, as well as between data sets with common and

unique alternatives, contemporaneously and intertemporally. Adding complexity for

its own sake is counterproductive; rather, we need to demonstrate empirical gains

beyond the MNL model to justify the added modelling costs. Alternatively, ignoring

these behaviourally richer opportunities might also be counterproductive; the price the

analyst may pay is a denial of the ability to add behavioural depth and breadth to a

discrete-choice problem. There are a growing number of empirical studies that suggest

signi®cant gains can be made from enriched behavioural realism. The examples in this

chapter and appendix point to this; additional evidence will be accumulated in chap-

ters 10±12, where we present case studies pertinent to marketing, transportation and

environmental valuation.
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7 Complex non-IID multiple
choice designs

7.1 Introduction

This chapter focuses on design issues for multiple choice problems that involve viola-

tions of the IID error assumption of the simple MNL model. Much of the material in

this chapter is new, and relies on recent work by Dellaert (1995) and Dellaert, Brazell

and Louviere (1999), who ®rst considered designs for choice problems involving non-

constant error variances. Chapter 5 dealt with one form of non-constant error var-

iance, in which the presence/absence of alternatives in choice sets can lead to violations

of the IID error condition. We brie¯y revisit these availability designs in this chapter,

and recast them in light of certain non-IID error variance model forms.

Let us begin by rewriting the basic random utility expression as equation (7.1) to

recognise that the distribution of errors can diÿer by alternative, by individual or by

combinations of alternatives and individuals.

Uin � Vin � "i � "n � "in: �7:1�
Let us concentrate for the moment on the variance of the errors, and assume that the

covariances are constant. Equation (7.1) allows alternatives to have diÿerent error

variances, which could result from a variety of mechanisms, such as similarities in

unobserved eÿects, duration of exposure in a market, types of advertising and promo-

tional campaigns, etc. Similarly, error variances across individuals can diÿer owing to

similarities in unobserved characteristics, diÿerences in ability to discriminate among

alternatives, knowledge or familiarity with alternatives, interest in the product cate-

gory, etc. For completeness, equation (7.1) also allows error variances to diÿer jointly

by alternatives and individuals, which can arise from interactions of the aforemen-

tioned in¯uences and/or diÿerences.

A more general form of equation (7.1) was considered by Dellaert, Brazell and

Louviere (1999). They express the utility of the jth alternative for respondent r in

measurement condition m as follows:

Ujmr � Vjmr � "j � "m � "r � "jm � "jr � "mr � "jmr; �7:2�
where "j is the error component associated with choice alternative j, "m is the error
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associated with the use of measurement instrument and technique m, "r is the error

between respondents, "jm is the unobserved eÿect of the measurement instrument and

technique on the random component of alternative j, "jr and "mr are within-respondent

unobserved eÿects jointly associated, respectively, with alternatives and measurement

procedures, and "jmr are within-respondent unobserved eÿects associated jointly with

alternatives and measurement procedures. Some of the sources of error variance are

under the analyst's control, and can be held constant in properly designed experiments

or surveys. For example, for a particular experiment or survey, the combined instru-

ment and measurement procedure error ("m), between-respondent errors ("r) and

within-respondent associated instrument and measurement procedure errors ("mr)

should be constant. That is, an experiment typically involves the same instrument

and measurement procedure, one respondent at a time makes a choice and that choice

occurs within a constant instrument and procedure.

The remaining components may vary within choice sets because diÿerent options

are oÿered which may have diÿerent error components, the measurement instrument

and procedure may impact the variance of each option diÿerently, and respondents'

preferences for alternatives may be heterogeneous. Let us consider the case where

alternatives diÿer in error variances ("j) but other terms are assumed constant. This

can be modelled in several ways, including NL, HEV, CovHet, RPL/ML and MNP

(see chapter 6). This topic is new, hence there is little discussion or empirical results for

SP designs for these problems. Consequently, we restrict ourselves to nested logit and

HEV models, which were discussed in chapter 6. These models are a logical ®rst step in

relaxing the constant variance assumption, insofar as they allow diÿering diagonal

elements, but constant or zero oÿ-diagonals.

7.2 Designs for alternatives with non-constant error
variances

Because nested logit is a special case of the more general heterogeneous logit, we

concentrate on the latter. Chapter 5 explained how one can use the more general

model to diagnose and estimate the less general nested logit form. If we allow J ÿ 1

diÿerent variances (or more correctly, `variance ratios' relative to a reference alter-

native) for J total alternatives, an SP design must be able to estimate alternative-

speci®c eÿects. Logically, better designs will permit more identi®cation possibilities

and yield e�cient estimates. Little research is available on statistical e�ciency, but it is

reasonable to assume that more e�cient designs will be those that minimise the num-

ber of cross-alternative attribute levels that are the same (i.e., zero-valued diÿerences

in attribute between alternatives); however, one also wants to estimate the means (Vs)

and variances ��"s) for each alternative independently.

In the absence of mathematical or Monte Carlo results, the above conditions appear

to be satis®ed by two broad types of designs:

1. Designs for presence/absence in which attributes are arrayed according to an

orthogonal fractional design when alternatives are `present' (see chapter 5).
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2. Designs in which all alternatives are `present', and the attributes of all alternatives

are arrayed according to an orthogonal fractional design (see chapter 5).

Designs in which some alternatives are present/absent while others are constantly

`present' are an intermediate case of these two design types. Both broad design types

allow one to estimate all alternative-speci®c eÿects for each alternative independently

of one another, as well as estimate the attribute eÿects within each alternative inde-

pendently of one another. The key diÿerence lies in the fact that presence/absence

designs also allow the variances of each alternative to diÿer with presence/absence. It

would be possible to parameterise the variance diÿerences as a function of presence/

absence, and hence, directly embed the eÿects in both means and variances. Cross-

eÿects models implicitly embed presence/absence and/or more generally attribute

cross-eÿects in the mean utilities, which obscures any variance diÿerences and/or at

best makes it di�cult to interpret behavioural processes which impact means instead

of, or in addition to, error variances.

7.3 Designs for portfolio, bundle or menu choices

This is a particularly interesting problem, not only because there are so many practical

applications for such designs and the resulting models, but also because the process

itself is behaviourally important. Consider the problem proposed by Dellaert (1995).

Suppose a consumer is thinking about a short, weekend `city break'. In reality a `city

break' is a composite good, consisting of destination/location, travel mode, accom-

modation, and food. Thus, the choice of a `city break' option is at one and the same

time the choice of a bundle of related components, which also are options.

For the sake of example and simplicity, assume that `city breaks' can be described

by these three choice dimensions: travel mode, type of city and accommodation.

Travel modes might be private car, train, bus or plane depending on circumstances

and distances involved; and each mode can have diÿerent times, costs and amenities/

services. Examples of accommodation options might be hostel, pension, hotel or

motel, which can vary in costs, levels of amenities/services and location vis-aÁ-vis

what a traveller wants to do and/or experience. Finally, cities can be described by

potentially many attributes, such as size, expensiveness (apart from travel and accom-

modation), age/history, things to do and/or see, etc. A `city break' is a combination of

choices from each of these three general categories of goods.

It is highly likely that each of the component goods has a diÿerent error variance, such

that the composite good will exhibit a complex error structure in which the component

errors may be correlated. Thus we might have the following utility expression:

Uin � �Vijn � "ijn� � �Vikn � "ikn� � �Viln � "iln�; �7:2a�
or

Uin � �Vijn � Vikn � Viln� � �"ijn � "ikn � "iln�; �7:2b�
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where j, k and l respectively index transport mode, accommodation and city type, i

indexes composite alternatives and n indexes consumers. Equations (7.2a) and (7.2b)

admittedly are simplistic, as the utilities of each component may interact or combine in

non-additive ways. However, these expressions serve to illustrate the design problem,

the primary purpose of this discussion. Let us now assume that the error components

do not have constant variance, but rather diÿer for j, k and l, respectively. We ignore

correlations in the error components to avoid complication.

Any of the designs previously discussed, with the possible exception of designs for

presence/absence problems, force restrictions on this problem. For example, if we

conceptualise the problem as a choice among a ®xed set of M competing `city breaks',

each of which is described by the attributes of transport, accommodation and city

type, we are led to designs discussed in chapter 5. That is, all component attributes can

be treated as a collective factorial, from which the smallest, orthogonal, main eÿects

fraction might be used to simultaneously create `city break' options and choice sets. In

this conceptual framework and resulting design implementation, each `city break' may

have a diÿerent variance, i.e., the random component can diÿer for each of the M

options.

Importantly, if we conceptualise the problem in this way, and adopt this design

approach, it is not clear if we can estimate separate variances for the component goods

because they are not chosen per se. Additionally, even if all the attributes are ortho-

gonal between the M `city breaks', it does not necessarily follow that attributes within-

components will be orthogonal. Thus, if we adopt this approach, we also must use

designs that ensure orthogonality within and between components as well as within

and between the M choice options. If one does not do this, one cannot guarantee that

component variances can be estimated independently.

Thus, the analyst needs to develop designs that allow separate variance estimates for

each component (relative to one as a referent). Dellaert (1995) proposes that this be

achieved by creating one overall experiment, which is consistent with the conceptual

approach just described, and combining it with sub-experiments in which components

are systematically present/absent. For example, if we use capital letters T, A and C,

respectively, to refer to transport, accommodation and city type components, we need

the fractional factorial designs shown in table 7.1.

Dellaert's suggestion corresponds to designing all pairs and the one triple for this

case. More generally, however, one wants to know if such a design approach not

only can estimate diÿerent variance ratios for component goods, but also which
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T A C
T A

T C
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types of choice models can be estimated. That is, we generally should prefer designs

that can accommodate nested or more complex choice processes. For example, some

consumers may ®rst choose a city type, then choose accommodation and then trans-

port. Other consumers may have frequent-¯yer points, and hence choose transport,

then city type and then accommodation. Yet others may choose airline and accom-

modation, then city type. Thus, designs need to be su�ciently ¯exible to accommodate

these possibilities and allow tests of which is a better approximation to the true but

unknown process.

Thus, Dellaert's (1995) suggestion that diÿerent variance components can be esti-

mated by administering the above sub-experiments does not seem to apply in all cases,

although it does in his application. Let us, therefore, consider the general case of

nested processes for components, and design strategies that may be useful. In general,

the bundle choice problem is one in which consumers evaluate a menu, from which they

must assemble a package that suits them. Bernardino (1996) treats this problem as a

®xed list of menu items from which consumers choose a solution, and uses

McFadden's (1978) sampling of alternatives approach to develop choice sets and esti-

mate models. Unfortunately, while easy to implement, this sampling approach relies

on the constant variance IID assumption, and hence the MNL model, which is unli-

kely to be correct in such cases. The crux of the problem is that the number of

alternatives which can be chosen increases exponentially with the number and com-

plexity of the menu components; also, the error variances of at least some components

are likely to diÿer, and at least some errors are likely to be correlated.

For example, for our simple case of T, A and C, there are eight possible options,

including choice of `no break'. Because each option consists of subsets of components,

errors for each option may be (indeed, are likely to be) correlated, and their variances

may not be (indeed, are unlikely to be) constant. Thus, designing for a nested process

appears to be a sensible way to proceed. In the present case, some of the most likely

nests (in our opinion) are shown in table 7.2.

As the number of components increase, the size of the choice set increases rapidly.

The problem is more complicated if there are two or more vendors or competitors,

each of which oÿer their own menu. Even more complicated (but highly realistic) are
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Table 7.2. Suggested useful nested speci®cations

Order of choice in nest

1st 2nd 3rd

C A T

C T A
C & A T
C & T A

T C A
T & A C



situations where consumers can mix and match components from diÿerent vendors.

This brief discussion strongly suggests that one must impose constraints or structure

on the problem to progress. A purely empiricist approach involving ever more general

designs is not likely to prove fruitful in the absence of a clear behavioural theoretical

view of the process a priori. Thus, blind design is not a substitute for conceptual

thinking.

7.3.1 Simple bundle problems

Consider the single vendor case, such as a restaurant or mail-order company already

chosen by consumers as a supplier. The consumer has to pick the bundle components.

This problem can be approached in two ways:

1. Treat all menu items and their attributes as a collective factorial, and develop an

appropriate fractional design to vary prices and other attributes, such that all

attributes are orthogonal within and between menu items. Develop an appropriate

behavioural model a priori to restrict the number of options and/or impose struc-

ture, such as modelling a sequence of choices in the restaurant case, categorising

menu items in a meaningful way, such as kitchen appliances, bathroom acces-

sories, etc., and modelling choice of category bundles.

Alternatively, examine the choice combinations post hoc and develop a logical

and sensible `feasible set' from the empirical data. The latter is less satisfactory

than the former because of capitalisation on chance and/or small sample sizes. In

any case, the number of alternatives and the nature of the choice process must be

determined to develop a model; such a model is unlikely to involve a constant

variance, IID error structure.

2. The second alternative is less behaviourally realistic, but often may be feasible,

and can be used in a Bayesian sense to learn about the process and improve the

design on successive iterations. That is, one imposes structure and restricts the

problem through the design process itself. In particular, one designs the bundles a

priori, and uses the design as a basis for making inferences about the process. This

allows one to control the dimensionality of the problem, and obtain behaviourally

informative choice information.

We believe that the ®rst alternative is behaviourally realistic, but fairly impractical

and demanding of a priori knowledge. Having said that, if one has insight into the

choice process (say, through supporting qualitative work, as described in chapter 9)

and a very good reason for using the ®rst design approach, it should be used in lieu of

the second. In general, however, de®nitive insights often are not easy to obtain in

many applied research contexts; instead, generally only vague hypotheses about pro-

cess can be formulated. Moreover, few applied researchers have the necessary expertise

to deal with complex non-IID choice processes involving large numbers of alterna-

tives. For these reasons, we concentrate our discussion on the second design approach.

Let us reconsider Dellaert's (1995) city break problem. Assume that consumers can

choose among four diÿerent cities (e.g., a resident of the Netherlands might choose
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between Amsterdam, Brussels, Paris and The Hague), four diÿerent transport modes

(air, bus, train, private auto) and four types of accommodation (3/4 star hotel centrally

located; 3/4 star hotel away from city-break destination (CBD); motel on city fringe;

and pension/bed & breakfast away from CBD). This small problem produces sixty-

four possible choice alternatives if consumers are presented with a menu from which to

choose. The size of the problem can be reduced by designing the sets of options from

which consumers choose instead of providing an unrestricted menu. (We later add

complexity by introducing diÿerent prices, discounts and presence/absence.)

For example, consumers can be oÿered diÿerent packages consisting of a city,

transport mode and accommodation type. Such an experiment can be designed as a

simple choice among two (or more if appropriate) competing packages and/or the

choice not to go. Such a design is constructed by treating Package A and Package B as

separate alternatives, each of which is described by the three menu items, and each

menu item has four levels. Viewed in this way, the overall design is a 46 factorial, from

which an appropriate fraction can be selected, or if the problem is su�ciently small,

the entire factorial can be used. The smallest orthogonal fraction produces thirty-two

pairs, but a larger fraction that will produce sixty-four pairs allows all interactions

between components to be estimated within alternatives. If this approach is adopted,

the design should be inspected to ensure that the same package combinations are not

paired with one another. If the latter occurs, it usually can be ®xed by reordering or

swapping levels within one or more columns in the design.

In the interests of space, let us reduce the problem to one involving two levels for

each menu item to illustrate the design approach. We ®rst make eight choice sets by

constructing the 23 factorial for Package A and use its foldover to make Package B.

For example, let the attribute levels be as follows: cities (Paris and The Hague); modes

(auto and train); and accommodation (3/4 star hotel in CBD and 3/4 star hotel away

from CBD). We generalise this design strategy immediately below to more than

two levels per attribute, but at this point we use the simple approach to illustrate

the idea of a design that forces trade-oÿs in each choice set. An example is shown

in table 7.3.

The simple foldover approach cannot be used in cases in which attributes have

more than two levels because foldovers contrast exact opposites; hence, non-linearities

Complex, non-IID multiple choice designs 219

Table 7.3. Choice sets constructed from 23 factorial� foldover

Attributes Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 Set 8

City A Paris Paris Paris Paris Amster. Amster. Amster. Amster.
Mode A auto auto train train auto auto train train
Hotel A CBD not CBD CBD not CBD CBD not CBD CBD not CBD

City B Amster. Amster. Amster. Amster. Paris Paris Paris Paris
Mode B train train auto auto train train auto auto
Hotel B not CBD CBD not CBD CBD not CBD CBD not CBD CBD

Not go



cannot be identi®ed. The identi®cation problem can be solved by creating separate

foldover designs for each possible pair of levels. That is, continuing our C, T and A

example, each four-level component has six pairs of levels (i.e., (4*3)/2); hence, there are

63 possible combinations of pairs, which can be reduced to a smaller number with an

overall sampling design to select systematically from the total. For example, one can

sample thirty-six sets of foldover designs using a Latin square to produce (36� 8)

23 � foldover designs. This requires a total of 288 choice sets, which can be blocked to

ensure that each consumer responds to, say, four sets of eight choice sets (or fewer if

desired).

We can further simplify the design process, if required, by reducing the menu item

levels to three each, which results in three pairs of levels for each menu item. For

illustrative purposes we use a 33ÿ1 orthogonal fraction of the 33 to sample from the

total set of foldovers. Each foldover is based on a 23, with the particular (two) levels in

each foldover determined by the sampling design. In the interests of space, we do not

present the entire design (i.e., all seventy-two choice sets); instead, we present (a) the

33ÿ1 orthogonal fraction of the 33 that generates the sample of foldovers, and (b) the

®rst and last of the nine sets of foldovers required.

That is, there are nine sets of foldovers in the master sampling design, each of which

requires eight choice sets (23 � its foldover), for a total of seventy-two choice sets

overall. To illustrate the process, let the menu items levels be as follows: city (Paris,

Hague, Brussels); mode (air, train, auto) and hotel (3/4 star CBD; 3/4 star outside

CBD; motel on fringe). Tables 7.4 and 7.5 present, respectively, (a) the master sample

design to determine which menu item levels apply to each of the nine foldovers, and

(b) the resulting ®rst and ninth foldover design conditions from the master sampling

design. We deliberately restrict the illustration to only the ®rst and ninth design con-

ditions to conserve space, as there are lots of choice sets, and each is generated in

exactly the same way according to the master design.

The 1st and 9th factorial� foldover designs from the master design plan above are

shown in table 7.5. We omit the other seven designs in the interests of space, but what
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Table 7.4. Master sampling design to determine menu item levels in each
foldover

Foldover conditions City Mode Accommodation

1 P & H air, train CBD, not CBD
2 P & H air, auto CBD, motel
3 P & H train, auto not CBD, motel

4 P & B air, train not CBD, motel
5 P & B air, auto CBD, not CBD
6 P & B train, auto CBD, motel

7 H & B air, train CBD, motel
8 H & B air, auto not CBD, motel
9 H & B train, auto CBD, not CBD



is shown below should be enough to construct the other designs and generate all the

seventy-two choice sets included in the master design.

The above design strategy ensures that all pairs of attribute levels appear in the

overall design in a balanced and orthogonal manner. In this way, non-linearities and

interactions can be estimated, and each choice set forces consumers to make trade-oÿs.

There are no dominant alternatives, no diÿerences in attribute levels are equal and no

alternatives are the same. To our knowledge this strategy only works for pairs of

alternatives; hence, other strategies need to be used for more packages. One strategy

discussed earlier involves (a) treating all attributes of all packages as a collective

factorial, (b) selecting an appropriate orthogonal fraction and (c) ensuring that the

same attribute combination(s) do not appear in the same sets.

The utility function that applies to such designs may be generic or alternative-

speci®c. It would be generic if there were no reason to believe that the evaluation

process diÿers for package A vs. B. Hence, for a generic speci®cation, variance diÿer-

ences or covariances in error structures can be attributed to the menu items themselves

and/or consumer heterogeneity. This is a vastly lower dimensional choice problem

than that posed by the unrestricted menu approach. To the extent that options

more closely match consumers' preferences, such packages will be chosen; otherwise,

consumers should reject them. In reality, to take a city break, consumers implicitly

must pick a package regardless of the task format. The advantage of this task is

that it forces consumers to reveal their preferences in a simple way. As with other

stated choice experiments in this book, random utility theory applies; hence,

models estimated from these designs potentially can be rescaled to actual market

choices.
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Table 7.5. 1st and 9th foldover designs based on master sampling design

Attributes Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 Set 8

1st set of choice sets constructed from 23 factorial� foldover

City A Brussels Brussels Brussels Brussels Hague Hague Hague Hague
Mode A auto auto train train auto auto train train
Hotel A CBD not CBD CBD not CBD CBD not CBD CBD not CBD

City B Hague Hague Hague Hague Brussels Brussels Brussels Brussels
Mode B train train auto auto train train auto auto
Hotel B not CBD CBD not CBD CBD not CBD CBD not CBD CBD

Not go

9th set of choice sets constructed from 23 factorial� foldover

City A Paris Paris Paris Paris Hague Hague Hague Hague
Mode A air air train train air air train train
Hotel A CBD not CBD CBD not CBD CBD not CBD CBD not CBD

City B Hague Hague Hague Hague Paris Paris Paris Paris
Mode B train train air air train train air air
Hotel B not CBD CBD not CBD CBD not CBD CBD not CBD CBD

Not go



7.3.2 Adding further complexity to a bundle choice

Let us now add some complexity by pricing individual menu items or the overall

bundle and/or oÿering a discount for the bundle compared to buying the components

separately. This can be accomplished in the following ways:

1. Add a separate price dimension to each menu item of each alternative as appro-

priate, or nest price levels within levels of each menu items.

2. Add an overall price to the package; i.e., add a single price dimension to the menu

items to increase the total number of attributes by one.

3. Combine methods 1 and 2, but treat the overall price dimension levels as discounts

oÿ the total price of each component.

In the interests of continuity, we again use city breaks as an illustration. To further

simplify, we restrict each menu item to two levels (as in a previous example) and also

limit price to two levels. The menu items levels are city (Paris, Hague); mode (auto,

train); accommodation (CBD, not CBD), and the price and/or discount levels are

(low, high). We now illustrate each of the three approaches in tables 7.6 to 7.8.

The ®rst approach requires us to either (i) add two price dimensions, one each for

mode and accommodation, or (ii) nest price levels within each component. `City' also

could have a price dimension, which should be framed to include other costs such as

food, ground transport, shopping, etc. To keep things simple, we omit city prices. The

former option adds `attributes' to the design, whereas the latter option adds levels to

the menu items. Choice of one or the other depends on one's research purpose. We

®rst illustrate design option (i) (table 7.6).

Next we illustrate design option (ii) by nesting two price levels within each mode

and hotel level (table 7.7). To do this, we treat each mode by price combination as a

level of a new dimension mode and price, and likewise for each hotel by price combi-

nation. As previously discussed, in order to ensure that all A and B options are

diÿerent it may be necessary to reorder or swap levels or columns. If `City' does not

Stated Choice Methods222

Table 7.6. Using separate prices to make choice sets from 25ÿ3 factorial� foldover

Attributes Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 Set 8

City A Paris Paris Paris Paris Hague Hague Hague Hague
Mode A auto auto train train auto auto train train
Cost low low high high high high low low
Hotel A CBD not CBD CBD not CBD CBD not CBD CBD not CBD
Cost high low low high high low low high

City B Hague Hague Hague Hague Paris Paris Paris Paris
Mode B train train auto auto train train auto auto
Cost high high low low low low high high
Hotel B not CBD CBD not CBD CBD not CBD CBD not CBD CBD
Cost low high high low low high high low

Not go



have its own price levels, the required design consists of a 2� 42 for both A and B;

hence, we use a fraction of the 22 � 44 factorial to make choice sets, as shown in

table 7.7.

Finally, we illustrate a design in which we either price the entire package, or oÿer it

at a discount from the total menu item prices (table 7.8). The former simply requires us

to add a new dimension called overall package price (Package $) with appropriate

levels. The latter requires us to price each menu item using one of the above design

strategies, and add an overall discount dimension expressed as a percentage of the
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Table 7.7. Choice sets designed with an orthogonal fraction of 22 � 44 factorial

Set Set Set Set Set Set Set Set Set Set Set Set Set Set Set Set
Attributes 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

City A 1 0 1 0 1 0 1 0 0 1 0 1 0 1 0 1
Mode A
Cost 0 0 0 0 1 1 1 1 2 2 2 2 3 3 3 3

Hotel A
Cost 3 2 1 0 3 2 1 0 3 2 1 0 3 2 1 0

City B 0 1 1 0 1 0 0 1 0 1 1 0 1 0 0 1
Mode B

Cost 0 1 2 3 1 0 3 2 2 3 0 1 3 2 1 0
Hotel B
Cost 3 1 0 2 2 0 1 3 1 3 2 0 0 2 3 1

Not go

Key to design codes in the table: City A (0�Paris, 1�Hague); Mode A: cost (0� train, $150;

1� train, $250; 2� auto, petrol� $4/L; 3� auto, petrol� $6/L); Hotel A: cost (0�CBD, $150/

night; 1�CBD, $250/night; 2� suburb, $100/night; 3� suburb, $200/night); City B (0�Hague,

1�Paris); Mode A: cost (0� train, $250; 1� train, $150; 2� auto, petrol� $6/L; 3� auto, petrol�
$4/L); Hotel A: cost (0� suburb, $200/night; 1� suburb, $100/night; 2�CBD, $250/night; 3�CBD,

$150/night).

Table 7.8. Choice sets designed with 24ÿ1 fraction� foldover (� orthogonal two-way inter-
actions of components and price)

Attributes Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 Set 8

City A Paris Paris Hague Hague Paris Paris Hague Hague
Mode A auto train auto train auto train auto train
Hotel A CBD not CBD not CBD CBD CBD not CBD not CBD CBD
Package $ low low low low high high high high

City B Hague Hague Paris Paris Hague Hague Paris Paris
Mode B train auto train auto train auto train auto
Hotel B not CBD CBD CBD not CBD not CBD CBD CBD not CBD
Package $ high high high high low low low low

Not go



total price of the separate menu items. For the present example, the former

suggests the 24 factorial or an appropriate fraction if overall package price has two

levels; otherwise, a fraction of the 23 � Pl, where Pl is the lth level of price,

l � 1; 2; . . . ;L. In general, for L > 2 we must either treat all menu items and price

for both A and B as a collective factorial, or use the sampling of foldovers strategy

discussed earlier.

The example in table 7.8 represents a design for three menu items with two levels

plus an overall price (two levels) for the entire package. We use a fraction plus its

foldover to make the design for this example to save space, but as noted above, this

problem is su�ciently small to use the entire 24 factorial plus its foldover. The design

illustrated in table 7.8 allows one to estimate all main eÿects plus all two-way inter-

actions with package price. In this way, one can estimate separate price eÿects for each

menu item (assuming all other interactions are zero).

Additional complexity can be added by adopting a variant of Dellaert's (1995)

approach. One can either have the attributes (levels) of each package component

held constant or varied. Continuing the city break example, Anderson and Wiley

(1992) and Lazari and Anderson (1994) proved that the necessary and su�cient con-

ditions for independent estimation of presence/absence eÿects are satis®ed by combin-

ing the smallest orthogonal main eÿects presence/absence design with its foldover in

one design. Constant/variable information designs are a special case of availability

designs (see chapter 5). In our example there are three menu items, and we want to

estimate the eÿects of constant vs. variable attribute (level) information, and if vari-

able, we want to estimate the eÿects of attribute levels on choice. To simplify, we again

limit the task to a pair of designed options plus an option not to choose, and limit each

menu item to two levels. A master plan can be constructed to estimate these eÿects by

combining the smallest orthogonal main eÿects design of the 26 factorial with its

foldover. That is, we construct the 26ÿ3 and combine it with its foldover to make

sixteen constant/variable conditions.

In each condition of this master plan a menu item is held constant at a certain level

if the code is constant, or the menu item information varies if the code is variable. For

example, condition 1 can be omitted or treated as a single choice set because all menu

item information is constant. The 23ÿ1 fraction is used to make four sets in condition 2

because only three menu items vary, as shown in the master plan of table 7.9, which

also lists the minimum number of choice sets required for each condition and the

overall total number of sets.

Each menu item is balanced for constant vs. variable, and within each menu item

level variable is contained an orthogonal fraction of the other menu items. For exam-

ple, consider `City' for option A. When City has the value variable, table 7.10 applies.

For ease of examination we abbreviate constant (C) and variable (V), which makes it

easy to verify by inspection that each of the remaining ®ve columns are indeed ortho-

gonal (see table 7.10). As previously illustrated in chapter 5, a simple veri®cation

method to determine this is to ®nd whether each pair of columns contains exactly

two of each of the following combinations: CC, CV, VC and VV. If each pair satis®es

that condition, the columns will be orthogonal because all are pairwise probabilisti-
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cally independent. A more rigorous method is to verify that all eigenvalues of the

correlation matrix for the ®ve columns equal one.

Each sub-matrix conditional on either V or C in the master design constitutes an

orthogonal main eÿects design in the remaining columns. Thus, all constant/variable

eÿects of each menu item can be estimated independently, including the eÿects of the

attribute information when variable. The present example represents a very small
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Table 7.9. Constant/variable master plan: 26ÿ3 main eÿects design� foldover

Package A Package B

Condition City Mode Hotel City Mode Hotel Min. sets

1 constant constant constant constant constant constant 1

2 constant constant variable constant variable variable 4
3 constant variable constant variable variable variable 8
4 constant variable variable variable constant constant 4

5 variable constant constant variable constant variable 4
6 variable constant variable variable variable constant 8
7 variable variable constant constant variable constant 4

8 variable variable variable constant constant variable 8
9 variable variable variable variable variable variable 8
10 variable variable constant variable constant constant 4
11 variable constant variable constant constant constant 4

12 variable constant constant constant variable variable 4
13 constant variable variable constant variable constant 4
14 constant variable constant constant constant variable 4

15 constant constant variable variable constant variable 4
16 constant constant constant variable variable constant 4

Total sets required in master design 77

Table 7.10. Subdesign when City A is variable

Package A Package B

Condition City Mode Hotel City Mode Hotel

5 variable C C V C V

6 variable C V V V C
7 variable V C C V C
8 variable V V C C V

9 variable V V V V V
10 variable V C V C C
11 variable C V C C C

12 variable C C C V V



problem, hence, problems of realistic and meaningful size may require many sets of

choice sets even if the problem is restricted to a choice of pairs and a third no choice or

other constant option.

7.4 Summary

This chapter has introduced variations in choice designs where additional degrees of

freedom are required to identify the in¯uence of relaxing the IID condition. In simple

terms, as the analyst investigates more complex discrete-choice models, such as those

presented in the appendix to chapter 6, the challenge in experimental design is to

facilitate su�cient power in a design to evaluate statistically the role of each assump-

tion in explaining choice behaviour. Chapter 7 has provided an introduction to this

challenge.
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8 Combining sources of
preference data

8.1 Appreciating the opportunity

Figure 8.1 portrays the price history of two yogurt brands in a US city during the

1980s. There was little price diÿerentiation between the brands during the 126-week

period in the graph, and also clearly little price variation within each brand. In addi-

tion, product characteristics and marketing activities (e.g., advertising, promotions)

varied little during this period. A choice model estimated from these scanner panel

data for these brands1 would indicate that the only signi®cant explanatory attributes

were the brand-speci®c constants and past behaviour (i.e., some form of behavioural

inertia; see Guadagni and Little 1983).

A choice model cannot detect the eÿect of price and other marketing attributes in

such data for the simple reason that the parameters of any statistical model are driven

by the degree of variation in each attribute, not by the absolute levels of the attributes

represented in the data. Hence, if there is little variation in an explanatory attribute, its

parameter cannot be estimated.

The situation depicted in ®gure 8.1 is quite common, and is much more the rule than

the exception in competitive markets. Indeed, think about how in your own experience

the prices of many products/services move up or down at a market level: credit card

interest rates, home mortgage rates, fuel, etc. This happens because competition tends

to result in similar products with similar marketing activities. Even if some product

diÿerentiation exists, a similar tendency to homogenisation typically exists in each

subclass of products and/or competitors tend to copy successful attributes/features.

This state of aÿairs makes it di�cult to estimate the impact of a ®rm's marketing

activities on its own product and/or on its competitors' products because each com-

petitor's independent attributes tend to track the others'.

The foregoing helps us to understand why the attributes in models estimated from

choices in actual markets often cannot predict the impact of changing policy attributes
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1 The most common form of scanner panels is formed by (a large number of) households recruited by a

control ®rm. The households receive a unique identi®er that is linked to their purchases in local

supermarkets. This results in a time series of choices across a large number of product classes.



(e.g., prices). Unfortunately, however, this understanding does not help executives

who must make decisions about what to do in response to competitor actions.

This chapter provides a very practical way to deal with the problem of insu�cient

variation in explanatory attributes within one choice (or, in general, preference) data

source. The approach we will explain and discuss involves combining revealed pre-

ference (RP) data from real markets with stated preference (SP) or stated choice (SC)

data from choice experiments or other sources of SP data using techniques developed

in the last decade. We also show that this combination of data sources, which is

sometimes called data enrichment, can be motivated by reasons other than the lack

of variation in attributes, and we show that it also can be used to analyse and

model multiple RP and SP sources. We also present a general characterisation of

data generation processes that we believe can guide future research in this area.

8.2 Characteristics of RP and SP data

Besides the fact that RP data are generated by a choice process in the real world and

SP/SC data are elicited in hypothetical markets, there are other diÿerences in these

data sources that may have implications for modelling choice behaviour.

8.2.1 RP data: the world as it is

Behaviour observed (i.e., data collected) in an actual market imparts information

about a current market equilibrium process. Figure 8.2(a) shows a simple transport

example of a market with ®ve modes (Walk, Cycle, Bus, Train and Car) and certain

cost and speed characteristics. The technology frontier re¯ected in choice data col-

lected from this existing market will inevitably be characterised by the following:

� Technological relationships By de®nition, RP data describe only those alternatives

that exist, which implies that existing absolute attribute levels and correlations

between attributes will be in any model estimated from such data (plus limited

ranges in attributes discussed above, as per ®gure 8.1).
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Figure 8.1 Price history for two yogurt brands



Figure 8.2 RP and SP data generation process



� Brand sets Brands are either in or not in a particular market, so it may be di�cult

to separate brand-related eÿects from attribute impacts. For example, the brand

`Bus' carries with it a series of images and associations that may not be separable

from certain forms of access modes and associated levels of service, fare and travel

time.

� Market and personal constraints Market and personal constraints (e.g., distribution

or availability, work location, income, information availability) are re¯ected in

such data. The embodiment of constraints in real market data are generally a

good thing, but some marketing activities are directed towards such constraints,

and RP data may not contain su�cient variability to permit identi®cation of such

eÿects.

In summary, RP data have high reliability and face validity (after all, these are real

choices made by individuals who committed their actual, limited resources to make the

choices possible). Hence, RP data are particularly well suited to short-term forecasting

of small departures from the current state of aÿairs, which emphasises the tactical

nature of the support RP-based models can give.

On the other hand, these same characteristics make RP data quite in¯exible, and

often inappropriate, if we wish to forecast to a market other than the historical one

(whether in time, space or other dimension). Shifts in the technological frontier, as

opposed to movements along the frontier, call for diÿerent data.

8.2.2 SP data: the world as it could be

Figure 8.2(b) shows how SP data come into their own. SP choice data can be used to

model existing markets, but the data's strengths become far more apparent if we wish

to consider markets fundamentally diÿerent from existing ones. Structural shifts in

markets may occur because of technological advances (e.g., wireless communications),

economic/®nancial reasons (e.g., a brand is removed from the market or a company

goes bankrupt) or simply the passage of time. Some of the characteristics of SP data

are as follows:

� Technological relationships Within reason, SP data can cover a much wider range

of attributes and levels than RP data. Technological relationships can be whatever

the experiment designer wishes (although attribute correlations often are built into

SP experiments), so SP models tend to be more robust than RP models.

� Brand sets Like technology, brand presence/absence can be designed into SP data

(e.g., Lazari and Anderson, 1994). It is also possible to explore issues such as line

and/or brand extensions (e.g., Delta Airlines' vacation packages), co-branding

(e.g., Fisher-Price and Disney toys) and/or a�nity branding (e.g., a professional

baseball club credit card, issued by a bank, that rewards usage through discounts

to season events) without costly investments in actual market trials.

� Market and personal constraints Market constraints (e.g., distribution) often can be

simulated and observed with SP data, either with attribute levels or presence/

absence manipulations. In fact, even information-availability issues (e.g., real

Stated Choice Methods230



market advertising and/or word-of-mouth) can be studied via SP methods,

although these typically are more limited than would be the case in real markets.

Unfortunately, as far as we are aware, it generally is di�cult to simulate changes in

personal constraints in SP tasks and obtain meaningful results.2

Thus, SP data can capture a wider and broader array of preference-driven be-

haviours than RP. SP data are particularly rich in attribute tradeoÿ information

because wider attribute ranges can be built into experiments, which in turn, allows

models estimated from SP data to be more robust than models estimated from RP

data (see Swait, Louviere and Williams 1994). On the other hand, SP data are

hypothetical and experience di�culty taking into account certain types of real market

constraints; hence, SP-derived models may not predict well in an existing market

without calibration of alternative-speci®c constants. As a consequence, SP-derived

models may be more appropriate to predict structural changes that occur over longer

time periods, although experience suggests that they also perform well in short-run

prediction if calibrated to initial conditions.

8.2.3 Combining the strengths of RP and SP data

Previously we discussed strengths and weaknesses of RP and SP data sources, and

noted that strengths could be exploited and weaknesses ameliorated. Now we discuss

how to accomplish this by pooling both data sources. The process of pooling RP and

SP data and estimating a model from the pooled data is called data enrichment. This

process originally was proposed by Morikawa (1989), whose motivation was to use SP

data to help identify parameters that RP data could not, and thereby improve the

e�ciency (i.e., obtain more precise and stable estimates) of his model parameters. This

stream of research is illustrated by the work of Ben-Akiva and Morikawa (1990), Ben-

Akiva, Morikawa and Shiroishi (1991), Bradley and Daly (1994), Hensher and

Bradley (1993), Adamowicz, Louviere and Williams (1994), Adamowicz et al.

(1997), Hensher (1998a) and others. A common theme of this paradigm is that RP

data are viewed as the standard of comparison, and SP data are seen as useful only to

the extent that they ameliorate certain undesirable characteristics of RP data.

The `data enrichment paradigm' view is illustrated in ®gure 8.3, which suggests that

the analyst's goal is to produce a model that can forecast to real market future

scenarios. Bearing this objective in mind, RP data are collected that contain informa-

tion about the equilibrium and attribute trade-oÿs in a particular current market. The

RP information (especially the attribute trade-oÿs) may be de®cient (i.e., identi®cation

may be problematic, or e�ciency low), and hence SP data also are collected, although

the RP and SP data may come from the same or diÿerent people. Signi®cantly, the

only SP information used involves the attribute trade-oÿs, which are pooled with the
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2 While this may be an over generalisation, it seems somewhat implausible to ask respondents in an SP

choice task to consider changes to their personal contexts that they know are not under the control of

the market forces being considered (e.g., home or work location in an SP mode choice task; change in

the number of household members in an SP task about home mortgages).



RP data to derive a ®nal choice model (statistical details of the process are described in

the next section).

A diÿerent view is represented by the work of Swait, Louviere and Williams (1994),

and illustrated in ®gure 8.4. Their view is that each source of data should be used to

capture those aspects of the choice process for which it is superior. For example, RP

data is used to obtain current market equilibria, but the tradeoÿ information con-

tained in RP data are ignored because of its de®ciencies.3 SP data typically cover

multiple `markets' or at least a wider range than a single RP market, hence the tradeoÿ

information in SP is used, but equilibrium information is ignored. With regard to the

latter, SP data provide information about equilibria over a large range of situations

not necessarily directly relevant to the ®nal objective, namely prediction to an actual

RP market.

The statistical details necessary to implement both views are relatively straight-

forward, but this chapter focuses only on the approach consistent with the ®rst, or

data enrichment paradigm, which is the advanced state-of-the-practice in transporta-

tion and environmental economics. The reader is referred to Swait, Louviere and

Williams (1994) for more detail on paradigm 2.
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3 We have had experiences with RP data in which not a single parameter was statistically signi®cant.

While this is not the rule, it drives home the point about data quality (or lack thereof).



8.3 The mechanics of data enrichment

8.3.1 Some preliminaries

Suppose two preference data sources are available, one RP and another SP, and both

deal with the same form of behaviour (say, choice of 8oz frozen orange juice concen-

trate). Each data source has a vector of attributes, and at least some of them are

common to both data sets. For purposes of exposition, let the common attributes

be XRP and XSP in the RP and SP data sets, respectively, and let there also be unique

attributes Z and W , respectively, for each data set.

Invoking the now familiar random utility framework, we assume that the latent

utility underlying the choice process in both data sets is given by equations (8.1) and

(8.2).

URP
i � �RP

i � ÿRPXRP
i � !Zi � "RPi ; 8i 2 CRP; �8:1�

USP
i � �SP

i � ÿSPXSP
i � �Wi � "SPi ; 8i 2 CSP; �8:2�

where i is an alternative in choice sets CRP or CSP, �s are data source-speci®c alter-

native-speci®c constants (ASCs), ÿRP and ÿSP are utility parameters for the common

attributes and ! and � are utility parameters or parameters for the unique attributes in
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each data set. It is important to note that the choice sets need not be the same in the

two data sources, and in fact the alternatives need not be the same. Indeed, one

attraction of SP data is their ability to manipulate and observe the eÿects on choice

of introducing new products/brands and/or removing existing ones from considera-

tion.

If we assume that the error terms in equations (8.1) and (8.2) are IID extreme value

type 1 (EV1) within both data sources that are associated, respectively, with scale

factors �RP and �SP (as introduced in chapters 3 and 6), the corresponding choice

models can be expressed as follows:

PRP
i � exp ��RP��RP i � ÿRPXRP

i � !Zi��X
j2CRP

exp ��RP��RP j � ÿRPXRP
j � !Zj��

; 8i 2 CRP; �8:3�

PSP
i � exp ��SP��SP i � ÿSPXSP

i � !Zi��X
j2CSP

exp ��SP��SP j � ÿSPXSP
j � !Zj��

; 8i 2 CSP: �8:4�

8.3.2 A small digression: the scale factor

We now digress to discuss the EV1 scale factor and its role in the MNL model. As we

later show, the scale factor plays a crucial role in the data enrichment process, so it is

important to understand that role before proceeding further in our discussion of `data

enrichment'. Expressions (8.3) and (8.4) make it clear that any particular scale factor

and parameters of its associated choice model are inseparable and multiplicative (��),

where � is some parameter vector. Thus, it is not possible to identify a scale factor

within a particular data source. None the less, the scale factor associated with any data

source fundamentally aÿects the values of the estimated parameters, such that the

larger (smaller) the scale, the bigger (smaller) the parameters.

Thus, there is a fundamental identi®cation problem because scale (�) and utility (ÿ)

parameters are confounded and cannot be separated in any one data source, which in

turn, implies that one cannot directly compare parameters from diÿerent choice models.

For example, one cannot compare price coe�cients from two data sources directly to

determine whether one is larger than the other. In particular, one cannot determine

whether the observed diÿerence is the result of diÿerences in scale, true parameters or

both. In fact, even if two data sources were generated by the same utility function (i.e.,

the same (parameters), but have diÿerent scale factors �1 and �2, the estimated para-

meters will diÿer (in one case they are �1ÿ, and in the other �2ÿ). If both parameters

and scales can vary between data sets, it should be clear that parameter comparisons

cannot rely on `eyeballing' diÿerences, but rather require a more sophisticated testing

procedure.

Let us return to comparing two data sources that we believe re¯ect the same

utilities, but (potentially) diÿerent scales. For example, in combining RP and SP data
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the key question is whether ��1ÿ1� � ��2ÿ2�. Let us rearrange the latter expression to

obtain ÿ1 � ��2=�1�ÿ2, which shows that if the two taste vectors are equal, a graph of

one parameter vector (e.g., RP) against the other (e.g., SP) should produce a cloud of

points passing through the origin of the graph with (positive) slope equal to �2=�1 (i.e.,

the ratio of the error variance of set 2 to set 1). Figure 8.5 illustrates such a graphical

plot, as suggested by chapter 13. To the extent that the cloud of points is too dispersed,

or too many parameters have opposite signs in the data sources (implying points in

quadrants II and IV), this provides evidence that parameter equality between data sets

is less likely.

Plotting parameter vector pairs (or multiple vectors if more than two data sources

are being compared ± see chapter 13) is an easy way to investigate parameter equality

in choice data, but there are problems with this simple method. For example, the

parameter estimates contain errors not re¯ected in the graphical plots; hence, we

generally require a more rigorous statistical test (described later) to determine if para-

meter equality holds between data sets, after accounting for scale diÿerences. None the

less, such plots are useful exploratory tools.4

More importantly, the in¯uence of the scale factor of a data set is more meaningful

than it might seem at ®rst glance. Speci®cally, the scale factor in an MNL model is

inversely related to the variance of the error term as follows for all alternatives and

respondents:

�2 � �2=6�2: �8:5�

Thus, the higher the scale, the smaller the variance, which in turn implies that

models that ®t well will also display larger scales. Figure 8.6 demonstrates that
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data sets

4 Another useful exploratory tool suggested in chapter 13 is to perform principal components analysis

on multiple parameter vectors. If a single dimension results, this is supportive of parameter equality

up to a multiplicative constant.



when scale is zero, choice probabilities are equal (for the binary case in ®gure 8.6,

both probabilities equal 0.5), and as scale increases from that point, choice

models predict outcomes that behave increasingly like a step function as the limit

(1) is approached. That is, as scale becomes in®nitely large, the model perfectly

discriminates between the two alternatives. This eÿect generalises to multiple alter-

natives.

The implication of these observations about the behaviour of the scale parameter is

that it plays a role in choice models that is unique compared to more familiar statis-

tical models such as OLS regression (with which many researchers are acquainted).

That is, the model parameters and the characteristics of the error terms are intimately

(even inextricably!) related. It may be wise to spend time thinking about and reviewing

this notion because usual statistical and econometric education emphasises the role of

the mean compared to other moments. In the case of choice models it is necessary to

think of the variance (or, equivalently, scale) as an integral part of the model speci-

®cation instead of being a nuisance parameter. The relationship between mean and

variance exhibited by the MNL model is also a property shared by many other choice

model forms, such as NL and MNP.

8.3.3 Data enrichment method

Recall again that our primary interest lies in testing the equality of the parameter

vectors for SP and RP data. The process of combining the two data sources involves

imposing the restriction that the common attributes have the same parameters in both

data sources, i.e., ÿRP � ÿSP � ÿ. However, because of the scale factor things aren't so

simple! Remember that the estimated model parameters are confounded with the scale

factors for each data set (see expressions (8.3 and (8.4)). Thus, even after imposing the

restriction of common attribute parameter equality, we still must account for the scale
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factors, as shown in equations (8.6) and (8.7)

PRP
i � exp ��RP��RP

i � ÿXRP
i � !Zi��X

j2CRP

exp ��RP��RP
i � ÿRP

i � �Wj��
; 8i 2 CRP; �8:6�

PSP
i � exp ��SP��SP

i � ÿXSP
i � !Zi��X

j2CSP

exp ��SP��SP
i � ÿSP

i � �Wj��
; 8i 2 CSP: �8:7�

Equations (8.6) and (8.7) make it clear that if we wish to pool these two data sources to

obtain a better estimate of ÿ, we cannot avoid controlling for the scale factors.

So, data enrichment involves pooling the two choice data sources under the restric-

tion that common parameters are equal, while controlling for the scale factors. Thus,

the pooled data should enable us to estimate �RP, ÿ, !, �RP, �SP, � and �SP. However,

we cannot identify both scale factors, so one must be normalised. It is conventional to

assume that the scale of the RP data set is one (�RP � 1), and so the estimate of �SP

represents a relative scale with respect to the RP data scale. Equivalently, we can view

the problem as estimating the SP variance relative to the RP variance (�2RP � �2=6).

The ®nal parameter vector to be jointly estimated is ý � ��RP, ÿ, !, �SP, �, �SP).

Assuming the two data sources come from independent samples, the log likelihood of

the pooled data is simply the sum of the multinomial log likelihoods of the RP and SP

data:

L�ý� �
X
n2R

X
Pi2CRP

n

yin lnP
RP
in �XRP

in ;Zinj�RP; ÿ; !�

�
X
n2S

X
Pi2CSP

n

yin lnP
SP
in �XSP

in ;Winj�SP; ÿ; �; �SP� �8:8�

where yin � 1 if person n chooses alternative i, and � 0 otherwise. This function must

be maximised with respect to ý to determine the maximum likelihood parameter

estimates, which can be accomplished in several ways, but we outline two of the easier

methods below.

8.3.3.1 A manual method using existing MNL software

We ®rst de®ne a data matrix for the pooled data as a function of the scale factor for

the SP data. Let this data matrix and its corresponding parameter vector (which omits

the scale factor) be as follows:

Q��SP� �
� ~IRP

0

ÿÿÿÿ 0

�SP ~ISP

ÿÿÿÿ XRP

�SPXSP

ÿÿÿÿZ0
ÿÿÿÿ 0

�SPW

�
; � 0 � ��RP 0

; �SP 0
; ÿ 0; ! 0; � 0�;

�8:9�
where ~IRP and ~ISP are identity matrices that multiply the ASCs in the RP and SP data

sets, respectively; other quantities are as previously de®ned.
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With this de®nition of the data matrix, the log likelihood of the joint sample,

conditional on the scale factor, can be written as equation (8.10):

L�� j�SP� �
X

n2RP[SP

X
i2Cn

yin lnPin�Q��SP�j��: �8:10�

For a given value of �SP, this log likelihood corresponds to estimating an MNL model

from the pooled data. The catch is that we must multiply all rows in the SP data set by

a value of �SP.

This suggests a simple procedure, originally proposed by Swait and Louviere (1993),

to estimate the desired model parameters and the relative SP scale factor by manual

search:

1. De®ne a range of values of �SP within which one expects the log likelihood function

to be maximised. The lower bound cannot be less than zero, and the upper bound

must be larger than the lower bound. Empirical experience suggests that scale

factors tend to lie between 0 and 3, but in any particular pooled data set it is

easy to de®ne an upper bound by trial and error. Because the log likelihood in

(8.10) is concave, there is a unique maximum.5 Thus, one can try progressively

larger values of �SP until one brackets the maximum.

2. Implement a one-dimensional search (e.g., ®xed increment grid or golden-section

searches) to obtain an estimate of the relative scale factor of the SP data. At each

trial value of �SP, de®ne data matrix Q��SP) as in (8.9) and estimate the remaining

parameters of the pooled MNL model using any standard MNL estimation pack-

age.

3. The estimates of �SP and � are obtained from the model solution that maximises

the value of the log likelihood function.

The above procedure yields consistent but ine�cient estimates of �SP and � . But it has

the undeniable and worthy virtue of simplicity!

To illustrate the estimation method, consider an RP (with three alternatives) and an

SP data set (with two alternatives). There are ®fty-one common parameters, and only

ASCs diÿer between data sets. Parameter estimates are ®rst obtained by ®tting MNL

models to each data set separately; these are plotted against one another in ®gure 8.7.

The graph in ®gure 8.7 strongly suggests that the parameters are the same in both data

sources, although the scale factors may diÿer (®gure 8.7 contains a 458 line plus

another line that better ®ts the data). The graph also suggests that the constant of

proportionality (the ratio of SP to RP) probably is larger than one (i.e., the slope is

greater than 458, indicating that the SP error variance is larger than the RP error

variance (or conversely, the scale of the SP data is smaller than the RP scale). Table 8.1

contains the results of a ®xed-step grid search for the relative scale. The search outcome
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5 The global concavity of the log likelihood function of the MNL choice model is a property unique to

that model form. Other choice models (e.g., NMNL, MNP) have log likelihood functions that are not

globally concave. However, this manual method can be used for those models also; we just have to be

more careful during the search procedure to ensure that we have the global optimum of the scale

factor and other parameters.
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Table 8.1. Fixed grid search results

Relative scale Log Relative scale Log
trial value likelihood trial value likelihood

0.100 ÿ1051.0 0.800 ÿ711.5
0.150 ÿ990.8 0.850 ÿ713.4
0.200 ÿ936.0 0.900 ÿ716.5

0.250 ÿ887.8 0.950 ÿ720.6
0.300 ÿ846.6 1.000 ÿ725.6
0.350 ÿ812.3 1.050 ÿ731.3

0.400 ÿ784.3 1.100 ÿ737.5
0.450 ÿ762.1 1.150 ÿ744.1
0.500 ÿ744.8 1.200 ÿ751.1

0.550 ÿ731.8 1.250 ÿ758.3
0.600 ÿ722.5 1.300 ÿ765.6
0.650 ÿ716.2 1.350 ÿ773.1

0.675 ÿ714.1 1.400 ÿ780.7
0.700 ÿ712.6 1.450 ÿ788.3
0.725 ÿ711.6 1.500 ÿ795.9
0.750 ÿ711.1

0.775 ÿ711.1
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Figure 8.7 Parameter plot for example data combination exercise



log likelihood values are plotted in ®gure 8.8, which indicates the optimal value of the

relative scale lies between 0.75 and 0.775, hence a midway point estimate would be

0.7625. Recall that the scale of the RP data set � 1:0, so what does our result tell us

about the relative variances? To answer that question, consider the following ratio:

�2RP
�2
SP

� �2=6�2
RP

�2=6�2
SP

� �2
SP

�2
RP

�
�
�SP

�RP

�2

�
�
�̂SP

�̂RP

�2

�
�
0:7625

1:0

�2

� 0:58: �8:11�

So, in fact, the variance of the RP data set is about 60 per cent of that of the SP data.

As noted above, the manual method yields consistent but not e�cient parameter

estimates. This is a problem because if the standard errors are not e�cient they

are likely to be underestimated, leading to in¯ated t-statistics. Thus, this ®rst estima-

tion method trades-oÿ statistical e�ciency for ease of implementation. The alternative

is a method that simultaneously estimates model parameters and relative scale

factors.

8.3.3.2 A FIML method: the NL trick

A full information maximum likelihood (FIML) method to estimate model para-

meters and relative scale factor(s) simultaneously must optimise (8.8) with respect to

all parameters. One can develop estimation code to solve this specialised problem, but

it is a time-honoured tradition in econometrics to try to ®nd simpler ways to estimate

the parameters (at aminimum, consistently, as in themanualmethod, and hopefully also

Stated Choice Methods240

-1100.0

-1050.0

-1000.0

-950.0

-900.0

-850.0

-800.0

-750.0

-700.0

-650.0

-600.0

0 0.25 0.5 0.75 1 1.25 1.5

Relative Scale Factor
Lo

g 
Li

ke
lih

oo
d

Figure 8.8 Plot of relative scale factor vs. log likelihood



e�ciently) instead of writing special code. Fortunately, such a solution is available for

this problem, but it requires us to adopt a diÿerent conceptual view of the problem.

To pool the RP and SP data we have to assume that the data generation process for

both data sources is IID EV1 with diÿerent scale factors, but with location (or mean)

parameters that share some components but also have other unique components.

Thus, MNL choice models must underlie the choices within each data source, as in

equations (8.6) and (8.7). Now consider ®gure 8.9, which illustrates a Nested Logit

(NL) model with two levels and two clusters of alternatives (which we call clusters 1

and 2 for presentation purposes). Cluster 1 contains alternatives in the set C1, and

Cluster 2 alternatives in C2. Recall from chapter 6 that NL models are a hierarchy of

MNL models, linked via a tree structure. MNL models underlie the data within each

cluster, hence the constant variance (i.e., scale) assumption must hold within clusters.

However, between clusters scale factors can diÿer. By explicitly accommodating dif-

ferent variances between clusters, NL provides a simple way to accomplish the estima-

tion required to fuse the RP and SP data sources. In particular, the expressions for the

conditional cluster choice models in ®gure 8.9 are as follows:6

P�ijC1� �
exp �Vi=�1�X

j2C1

exp �Vj=�1��
; �8:12�

P�kjC2� �
exp �Vk=�2�X

j2C2

exp �Vj=�2��
: �8:13�

In equations (8.12) and (8.13), Vi is the systematic portion of the utility of alternative i.

The inclusive value parameters �1 and �2 play an interesting role in (8.12) and (8.13).

That is, the systematic utility of all alternatives in the respective subnest of the tree

is multiplied by the inverse of the inclusive value. The choice model in each

subnest is MNL, which implies that the scale of the utilities of the subnest is equal

to the inverse of the subnest inclusive value. The ratio of the variances for the two
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6 We do not develop the expressions for P(C1) and P(C2) since they are irrelevant to the point being

made.
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Figure 8.9 A two-level, two-nest NMNL model



clusters is given in (8.14)

�21
�22

� �2=6�2
1

�2=6�2
2

� 1=�2
1

1=�2
2

� �1
�2

� �2

; �8:14�

which can be compared to expression (8.11).

Let us now return to the problem of combining RP and SP data. Imagine that cluster 1

in ®gure 8.9 was renamed `RP' and cluster 2 renamed `SP', as in ®gure 8.10. Thus, if we

estimate an NL model from the two data sources we obtain an estimate of the scale

factor of one data set relative to that of the other, and our estimation objective is

accomplished. This approach was proposed by Bradley and Daly (1992) and Hensher

and Bradley (1993), who called the hierarchy in ®gure 8.10 an arti®cial tree structure.7

That is, the tree has no obvious behavioural meaning, but is a useful modelling con-

venience. FIML estimation software for NL models is fairly widely available, and can

be used to obtain FIML estimates of the inverse of relative scale factors. As with the

manual search method presented earlier, one can identify only one of the relative scale

factors, so ®gure 8.10 normalises the inclusive value of the RP data to unity.

As a further illustration, if we apply this technique to the data used to generate table

8.1 and ®gure 8.8, we obtain an estimate of the SP data inclusive value � 1:309, with a

standard error of 0.067.8 Equation (8.11) informs us that the variance of the RP data

set is about �1=1:309�2 � 58% that of the SP data set, which also was concluded from

the manual search method. As previously noted, the manual search resulted in an

estimate of the relative scale factor of 0.763, which compares closely with the FIML

approach estimate of (1.309)ÿ1 � 0:764. We also can conclude that our estimate of the

true relative scale factor very likely does not equal one because 1.309 is 4.6 standard

deviations from unity. Thus, it is unlikely that the two data sets have equal scales.
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Figure 8.10 Combining RP and SP data using the NMNL model

7 Hensher and Bradley (1993) show a slightly diÿerent tree structure that is equivalent to the one we

use here. Since the inclusive value of the RP cluster is one, they show the RP alternatives connected

directly to the root. We believe the tree shown here will be more intuitive to those less acquainted

with the intricacies of the NMNL model.
8 The inclusive value in the arti®cial tree does not have to lie in the unit interval, the strictest condition

for NMNL consistency with random utility maximisation (Hensher and Johnson 1981, Ben-Akiva

and Lerman 1985), because individuals are not modelled as choosing from the full set of RP and SP

alternatives.



The nested structure in ®gure 8.10 assumes that the inclusive value parameter(s)

associated with all SP alternatives are equal and ®xes the RP inclusive value parameter

to unity. This assumption allows one to identify and estimate the variance and hence

scale parameter of the SP data set relative to the RP normalisation, but forces within-

data set homoscedasticity. Importantly, however, the NL estimation approach to the

identi®cation and estimation of relative scale ratios can be readily generalised. For

example, another tree structure can be proposed that will allow scale parameters of

each SP alternative to be estimated relative to that of all RP alternatives (as shown in

Hensher 1998a). You may wish to try to imagine what such a tree would look like, and

try drawing it yourself to better understand how NL can be generalised in this way.

Further generalisation is possible if one treats the entire arti®cial tree as a set of

degenerate alternatives (i.e., each cluster is a single alternative), resulting in a unique

scale parameter for each alternative. However, identi®cation conditions should be

carefully evaluated before undertaking either exercise.

In addition, arti®cial trees can be extended to multiple data sources, instead of the

two data sets considered thus far. For example, if we have RP data from city 1, RP

data from city 2 and SP data from a nationwide sample, one can combine all these data

sources with the single arti®cial tree structure shown in ®gure 8.11. If we normalise

with respect to the scale of city 1, we can pool the three data sources to estimate joint

model parameters and the relative scale factors of the RP data from city 2 and the

nationwide SP data.

8.4 Is it always possible to combine preference data
sources?

8.4.1 Testing if preference data sources can be combined

The concept of data enrichment originally arose in transportation (see, e.g., Morikawa

1989; Ben-Akiva and Morikawa 1990, Ben-Akiva, Morikawa and Shiroishi 1991,

Hensher and Bradley 1993). As earlier noted, the motivation to combine RP and

SP data was to exploit the improved data characteristics of SP to correct certain

de®ciencies in RP data (strong correlations between attributes, lack of identi®cation
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of others, etc.). Hence, that paradigm implicitly assumes that (well-designed) SP data

must necessarily improve corresponding RP data. More importantly, the implicit

message in that literature is that the two data generation processes have the same

model parameters for the common attributes (vector ÿ in our notation).

If the common model parameters are not equal, this poses a problem for the data

enrichment paradigm as currently conceived. That is, we noted with reference to ®gure

8.5 that common model parameters may not be equal. For example, the more spread

out the `cloud' of points representing pairs of model parameters, the less likely that this

assumption holds. Swait and Louviere (1993) discussed this possibility, and proposed

and illustrated a straightforward way to test the hypothesis that model parameters are

equal, while controlling for scale diÿerences between the data sets. That test procedure

is as follows:

1. Estimate separate MNL models for each data set, namely, equations (8.3) and

(8.4) in the case of RP and SP data. This yields ML estimates of (�RP�RP�,
(�RPÿRP), and (�RP!), with a corresponding log likelihood of LRP for the data;

and (�SP�SP), (�SPÿSP), and (�SP�) for the SP data, with a log likelihood of LSP.

(Note that scale parameters are not estimated, but nevertheless aÿect the esti-

mated parameters, as earlier demonstrated.) Let the total number of parameters

in model RP be KRP, and KSP in the SP model.

2. Estimate a pooled MNL model from the pooled data (expressions 8.6 and 8.7))

using one of the methods discussed above to obtain ML estimates of (�RP, ÿ, !,

�SP, �, �SP), and the LJoint. The total number of parameters in the pooled data

model is [KRP � KSP ÿ jÿj � 1�, where j � j is the number of elements in the vector,

because the condition ÿRP � ÿSP � ÿ was imposed and an additional parameter

estimated, namely the relative scale factor of the SP data.

3. Calculate the chi-squared statistic for the hypothesis that the common utility

parameters are equal as follows:

ÿ2��LRP � LSP� ÿ LJoint�: �8:15�
This quantity is asymptotically chi-squared distributed with jÿj ÿ 1 degrees of

freedom.

This test can be generalised to any number of data sources.

Let us return to the example in ®gure 8.7 and note that there seems to be rather

close agreement in the common utility parameters between the two data sources.

Hence, a priori we expect that the hypothesis of taste equality, with possible scale

diÿerences, to be retained. As previously noted, however, `eyeball' tests of plots such

as ®gure 8.7 can be misleading because the parameters in the graph are estimates that

contain sampling errors. The formal test outlined above takes this into account, but

requires that we have access to both data sets, hence we cannot conduct formal data

enrichment hypothesis tests if we only have model parameters, which are often all that

is available from journal articles. If the original data are unavailable, the graphical

method (combined with the eigenvalue decomposition suggested in chapter 13) at least

can provide tentative evidence regarding the appropriateness of data combination.
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Following the above steps, estimation of the three models yields the results in

table 8.2.

The associated chi-squared statistic is 24.6 (50 d.f.), and the critical value for the

� � 0:05 signi®cance level is 36.4, which indicates that we should retain the hypothesis

of parameter homogeneity between the two data sources. Therefore, we can proceed to

predict behaviour in the market from which the RP data originated using the com-

bined model. Chapter 13 uses a large number of empirical examples to argue that

preference regularity (taste homogeneity across data sources and elicitation methods)

may be more common than previously thought, based upon this type of testing.

None the less, be warned that this is a testable hypothesis that must be veri®ed on a

case-by-case basis.

8.4.2 What if full data enrichment is rejected?

The hypothesis of data combination was retained in the above example. However, if it

were rejected there are alternatives to using the RP model only, or collecting new SP

data. For example, in the context of discussing how to model market segment diÿer-

ences in choice models, Swait and Bernardino (1997) argued that complete preference

homogeneity may not hold for multiple segments (i.e., as multiple data sources), but

partial preference homogeneity may. We can use the idea of partial preference homo-

geneity to help in data combination.

In particular, Swait, Louviere and Williams (1994) discuss RP/SP data enrichment

for the case of package courier choice in three North American cities, and we use their

city 1 data in what follows. Their RP data represent self-reports of the proportion of

shipments sent via eight courier companies for a particular period of time, along

with self-reported attribute levels for each courier company, and allow eleven model

parameters and seven ASCs to be estimated. The SP data were derived from a binary

choice experiment in which respondents could choose between two couriers, and the

name of the courier company (brand) and the same attributes observed in the RP data

were varied systematically and independently. Thus, both data sets have their own,

unique ASCs and eleven attribute parameters in common, but apart from ASCs there

are no data source-speci®c parameters. The estimation results for the data combina-

tion hypothesis test are given in table 8.3. The calculated test statistic is 72.0 (10 d.f.),

whereas the critical value at � � 0:05 con®dence level is 18.3. Thus, we reject the
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Table 8.2. A comparison of
stand-alone and joint models

Data set L K

RP ÿ3501.4 52
SP ÿ4840.2 52
Joint ÿ8353.9 54



hypothesis of preference homogeneity across the two data sources, while controlling

for scale diÿerences (�SP � 0:708 with a standard error of about 0.038).

Figure 8.12 is a graph of the common parameters for the source-speci®c MNL

models. It suggests that the rejection may be due to three speci®c parameters,

shown within the dotted polygon. Aside from the three suspect parameters, the

remaining parameters seem to lie along a positively sloped line passing through the

origin. Two of the three suspect parameters (Tracking and Delay 9) exhibit sign

reversals between data sets9 and the third (Location) appears to have more eÿect in

the SP compared to the RP data.
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Table 8.3. Comparison of stand-
alone and joint models for courier
service choice

Data set L K

RP ÿ1412.6 18
SP ÿ940.2 18

Joint ÿ2388.69 26

9 In both cases, the SP sign is the correct one. RP data sets often exhibit counter-intuitive signs, so this

result is not surprising.
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Let us now consider a combined model in which we allow the `suspect' parameters

to be source-speci®c. Before proceeding, however, we need to clarify some details. For

example, the model parameter for `Delay 9' corresponds to one of three eÿects

codes (Delay 9, 10, 12) that represent a four-level qualitative attribute. Although it

is possible to allow diÿerent levels of an attribute to exhibit diÿerent eÿects in each

data set, in this case we think that it makes more sense to treat the entire attribute as

heterogeneous, rather than just one of its levels. Consequently, we allow ®ve para-

meters to be data set-speci®c (Tracking, Location, Delay 9, Delay 10, Delay 12). The

new combined model has a log likelihood value of ÿ2355.6 with a total of thirty-one

parameters, whereas the full preference homogeneity joint model has a log likelihood

of ÿ2388.6 and twenty-six parameters. If we again test whether preference homo-

geneity holds for a subset of parameters (i.e., partial enrichment), the test statistic is

ÿ2��ÿ1412:6ÿ 940:0� ÿ �ÿ2355:6�� � 6:0 (5 d.f.). The critical value at the � � 0:05

con®dence level is 11.1, so we retain the hypothesis of partial data enrichment. It is

worth noting that �SP � 0:941 (standard error � 0.058), which is not signi®cantly

statistically diÿerent from one. (Readers may want to test their understanding thus

far by considering what this result suggests about the relative variance of the SP data.)

So, the lesson from this example is that even if one rejects the hypothesis of full

preference homogeneity, preference homogeneity may well hold for a subset of model

parameters. However, partial parameter homogeneity presents the modeller with a

potentially di�cult decision: which set of parameters to use for prediction to the RP

world? It is worth noting that this matter is not yet fully resolved in the literature, and

is the subject of continuing discussion among academics and practitioners. Our view is

that the prediction model should contain the RP ASCs and all parameters that were

jointly estimated. The di�culty in the decision arises from two problems involving the

non-jointly estimated parameters:

1. Sign reversals Only very rarely will SP tasks yield parameters with incorrect and

statistically signi®cant signs.10 Hence, sign incompatibility almost always origi-

nates in the RP data. For this reason, if (non-joint) RP parameters have incorrect

signs, we suggest that the corresponding SP parameters be used.

2. Diÿerential relative importance If a particular (non-joint) RP parameter is smaller

(or larger) than its SP counterpart, signi®cant and has the correct sign, analysts

must decide which one to use. To assist in this decision, if possible analysts should

conduct tests with the two parameters (or a range of parameters) using a holdout

data set or the RP data to determine how sensitive the results are to choice of

parameter. If a certain model parameter is not signi®cant, which may be asso-

ciated with limited ranges of RP attribute variability, but we believe it should aÿect

choices in the real market, it is not obvious that one should use the RP parameter.

SP design matrices are almost always better conditioned than RP design matrices,

hence SP parameter estimates may be more reliable than RP estimates.
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Unfortunately, at the present time, this situation requires analysts to make deci-

sions based on experience and expertise.

8.4.3 Reasons why data enrichment may not work

The hypothesis of preference equality across data sources could be rejected for a

variety of reasons. In the case of RP and SP data enrichment, design, layout, framing,

context, etc. of SP tasks are crucial to the success of the data combination exercise. If

one's objective is to forecast the real market accurately, then tasks should re¯ect the

choices made in that market as closely as possible, which includes (inter alia) the

process of de®ning the task, attributes, levels, context, etc. The quality of the RP data

also may aÿect the outcome of the statistical test, hence stringent quality control should

be exercised to minimise errors and to ensure appropriate handling of missing data.

However, even after every care has been taken and all contingencies covered to the

fullest extent possible, the hypothesis of preference equality between data sets may still

be rejected in a particular empirical investigation. If this occurs, analysts must decide

whether to disregard the statistical information and continue with a partially or fully

pooled model. There probably are situations in which this is both warranted and will

produce a good outcome, but at the present time there is too little empirical experience

to permit generalisations. In any case, statistics and statistical tests are tools, and good

scientists or scienti®c practitioners should be guided by theory, experience and exper-

tise, as well as by study objectives. For example, incorrect parameter signs can result

from many causes, including omitted attributes such as interaction eÿects, and para-

meter magnitudes can vary owing to linear approximations to non-linear eÿects,

limited ranges of variation and other sources. Thus, all statistical models summarise

information, and if the information is not biased, informed decisions are always pre-

ferable to ones made in the dark.

8.5 A general preference data generation process

We have mentioned several times in this chapter that the concept of data combination

can be applied to many types of preference, or more generally, dominance data (RP

choices, SP choices, SP rankings, SP ratings, etc.) and any number of data sources. We

concentrated on illustrating how the techniques can be applied to a useful prototypical

problem of combining RP and SP choice data sources. Our discussion demonstrated

that an essential aspect of fusing preference or choice data sources (which indirectly

re¯ects some latent structural framework, such as a utility function) is a consideration

of the relative characteristics of the stochastic component of utility. Speci®cally, we

demonstrated that if one assumes that data sources are generated by IID EV1 pro-

cesses (i.e., MNL models underlie each data source), and the data sources share certain

common preference parameters (but variances may diÿer), we must take into account

heteroscedasticity between the data sources (chapter 6 discusses variants of the MNL

models that do this).
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In general, data combination requires an adequate model of the error structure of

each data source, allowing for scale (or heteroscedasticity) and preference parameter

diÿerences. In other words, each data source has a data generation process (DGP),

and that DGP must be accommodated in the joint model structure. This section

presents a general DGP that can guide future work in combining data sources. In

particular, the challenge in capturing real behavioural processes in statistical models is

to adopt a framework that is su�ciently rich to accommodate the structure of all

observed and unobserved in¯uences on choices. Ideally, such a framework should be

capable of allowing for both the real in¯uences on choices as processed by the agents

of choice (i.e., individuals, households, ®rms, groups) as well as variation in response

opportunities associated with the means used by analysts to acquire information from

agents. The latter include a wide array of data collection procedures (e.g., RP or SP

methods), the complexity of tasks imposed on agents (e.g., the number of replications

of SP tasks), observations of attributes of non-chosen alternatives in RP tasks, and

methods of data collection (e.g., telephone, mail-out/mail-back and diÿerent interview

methods).

Choice models provide opportunities to understand and capture real behavioural

processes through deeper understanding of the behavioural implications of traditional

statistical constructs such as mean, variance and covariance, scale and preference

parameters. For example, understanding and modelling the eÿects of diÿerences in

error variances associated with the relative (indirect) utility of each alternative in a

choice set is now a research focus because of opportunities to relax the IID error

assumptions leading to MNL, and use variance properties to satisfy a common set

of statistical assumptions when combining data from diÿerent sources (Morikawa

1989, Hensher and Bradley 1993, Bhat 1996, Swait and Louviere 1993). In addition,

it is now recognised that the data collection process itself may be a source of variability

in behavioural responses. Hence, if this source of variability is not isolated, it may

confound the real behavioural role of the observed and unobserved in¯uences on

choice. Fortunately, it can be handled by appropriate functional speci®cation of the

structure of the variance of the unobserved eÿects. For example, the variance asso-

ciated with an alternative can be a function of task complexity (Swait and Adamowicz

1996) or respondent characteristics that serve as proxies for ability to comprehend the

survey task (Bhat 1996, Hensher 1998).

Developments in re®ning the speci®cation of the indirect utility expression asso-

ciated with a mutually exclusive alternative in a choice set can be summarised by

equation (8.16) (see also equation (6.1) in chapter 6):

~Uint � �it � ÿntXint � �ntYintÿ1 � 'nt
~Uintÿ1 � ~"int; �8:16�

where

~Uint � indirect utility associated by person n with alternative i at time t

�it � alternative-speci®c constant represents the mean of the distribution of

unobserved eÿects in the random component associated with alternative i

at time t
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ÿnt �utility parameters for person n, representing the relative level of or saliency

associated with the attributes at time t

Xint � the attribute vector faced by individual n for alternative i, time period t

Yintÿ1 � choice indicator (0� not chosen, 1� chosen) for person n, alternative i,

time tÿ 1

�nt; 'nt �utility weight associated with state dependence and habit persistence (see

Heckman 1981), respectively, for person n, time period t

~"int � error term.

Assume that the scale of ~"int (hence of ~Uint) is �int. De®ne Uint � �int
~Uint and

"int � �int~"int.

Multiply both sides of (8.16) by �int to obtain equation (8.17):

Uint � �int�it � �intÿntXint � �int�ntYintÿ1 � �int'nt
~Uintÿ1 � "int: �8:17�

This multiplication results in the error terms "int having unit scale. Note, however,

that the habit persistence term in (8.17) involves the previous period's utility ~Uintÿ1,

which associated scale �intÿ1. Thus, equation (8.17) can be rewritten to involve

Uintÿ1 � �intÿ1
~Uintÿ1 as equation (8.18):

Uint � �int�it � �intÿntXint � �int�ntYintÿ1 �
�int

�intÿ1

� �
'ntUintÿ1 � "int: �8:18�

The term 'ntUintÿ1 is a person-speci®c, time-dependent unobserved heterogeneity

eÿect which we subsume into a random attribute þnt. Thus, the ®nal form of the utility

function that we consider is given as equation (8.19):

Uint � �int�it �
�int

�intÿ1

� �
þnt � �intÿntXint � �int�ntYintÿ1 � "int: �8:19�

This form permits incorporation of (1) brand-speci®c temporal heterogeneity, (2)

person-speci®c heterogeneity (which captures habit persistence, among other things),

(3) state dependence, (4) temporal (for RP) or repeated measures (for SP) dependence

in the error structure and (5) temporal, person-speci®c and product-speci®c hetero-

scedasticity.

Using equation (8.19) as an overarching structure, we note that the majority of

discrete-choice models reported in the marketing, transport and environmental and

resource economics literatures assume one or more of the following restrictions:

1. homoscedastic error terms, or scale parameters constant across people, products

and time periods (but see Hensher et al. 1992, Bhat 1995, Swait and Adamowicz

1996, Swait and Stacey 1996);

2. temporal or repeated measures independence of errors (but see Morikawa 1994,

Keane 1995, Swait and Naik 1996);

3. homogeneous utility parameters across the population (but see Keane 1997);

4. no unobserved heterogeneity (but see Morikawa 1994, Elrod and Keane 1995).
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Overcoming these restrictions is a challenge if one has only a single source of choice

or preference data. They are even greater challenges when combining multiple sources

of data.

8.6 Summary

We began the chapter by trying to show why data combination (or enrichment) has

become an important issue in several disciplines with interests in preferences or

choices. Historically, research was motivated by recognition that the strengths of

multiple data sources could compensate for each other's weaknesses, particularly

apropos to RP and SP data sources.

However, research has evolved to try to deal with questions as to why data enrich-

ment is possible in certain cases and not in others. In chapter 13 we show empirically

that preference regularity (i.e., equivalent choice processes) seems to hold across a

wide range of products, cultures and choice elicitation methods. Not only does this

support the simple heteroscedasticity story underlying data enrichment techniques

discussed in this chapter, but the results also suggest that independence of random

components is a good ®rst approximation in many empirical contexts. Also, simply

accounting for variance scale ratios, or equivalently, variance diÿerences between data

sources, seems to account for much of the observed heterogeneity in utility parameters

across (sometimes) vastly diÿerent choice contexts. This is supported by the impor-

tance of free variance in chapter 6 (appendix table B6.8).

It is indeed remarkable that such a simple process can explain so much variation

between such widely diÿering choice processes. As a result of these empirical ®ndings,

we now believe that the role of the error variance (and other characteristics of the

error structure) in choice processes represents one of the more interesting research

opportunities in choice and consumer behaviour modelling. We will return to this

topic again in chapter 13 when we review the general problem of comparing pro-

cesses that underlie multiple sources of preference data, and review external and

cross-validity evidence associated with models of these processes.
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9 Implementing SP choice
behaviour projects

9.1 Introduction

This chapter brings together many of the technical issues and details discussed in

previous chapters, with the objective of illustrating how to implement SP choice

projects. We use one speci®c project1 as a vehicle to illustrate the stages and steps

of most projects, and attempt to bring together all the details discussed in previous

chapters. Over the course of several SP studies you may want to reread this chapter to

help systematise the experience you gain.

The scope of this chapter is extensive because it covers (1) choice problem de®nition,

(2) sample frame de®nition and sample size, (3) task and survey design, (4) data

collection method, (5) data analysis and modelling and (6) model use. However,

prior to turning our attention to these issues, we present a systematic overview of

the choice process from the random utility perspective to focus the rest of the chapter.

9.2 Components of the choice process

One possible description of the choice process, within the random utility framework, is

given by the speci®cation below:

Uin � Vin�Xin;Snjÿn� � "in�Zin;Snj�n� �9:1�
i* � ~Rn

j2Cn

fUjng: �9:2�

We assume that decision-makers form evaluations Uin of all goods i 2 Cn, where Cn is

the choice set (tautologically de®ned as that subset of the universal set of alternatives

that are evaluated for choice). From an analyst's viewpoint, the evaluations can

be decomposed into two components: the deterministic utility Vin and the stochastic

utility "in. The ®rst utility component, Vin, encapsulates analysts' knowledge of the

preferences of decision maker n, which is aÿected by (a) attributes of the product Xin,
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(b) characteristics of the decision maker Sn and (c) the marginal utilities ÿn of these

vectors (which in its most general form, can be assumed speci®c to each individual,

hence subscript n). One way to think about this part of utility function (9.1) is that it is

the mean of the utility distribution.

The second utility component, "in, represents an explicit statement of the degree of

analysts' ignorance about the myriad idiosyncratic factors aÿecting individual n's

choice, and also captures sampling error and model misspeci®cation. An analyst

traditionally assumes that the likelihood of observing a certain distribution of values

of " is known by the probability law that describes the shape of this distribution. For

example, chapter 6 showed that if we assume that ("in, "jn, "kn; . . .) are jointly inde-

pendent and identically distributed (IID) as type I extreme value (Gumbel) random

variates, we can derive the multinomial logit (MNL) model. If they are distributed as

generalised extreme value variates we derive the nested MNL; and if jointly multi-

variate normal, we derive the multinomial probit (MNP) model. These distributions

are assumed to have deep parameters �.

However, we note from (9.1) that we can make the stochastic utility component a

function of alternative `attributes' Zin and decision-maker characteristics Sn. Although

" and its parameters traditionally have been considered a nuisance to be controlled to

obtain better estimates (measures) of ÿn, growing understanding of the role of the

stochastic component in determining choice probabilities is causing many researchers

to re-examine this view.

For example, the role of advertising (and in general, information) in the choice process

traditionally was thought to in¯uencemean utility, such that certain types of advertising

provide speci®c information about such attributes as price, convenience, distribution

channels, etc. Thus, such information helps decisionmakers to formproduct evaluations

via the mean of the utility distribution. However, other types of advertising are geared

towards creating images that appeal to segments of the population or reminds readers/

viewers of particular brands; and yet other advertising is designed to increase/decrease

risks of purchase and/or deliberately make it di�cult to know the true attribute values.

Although some eÿects of these types of advertising can be captured by the mean of the

utility component, it also is reasonable to think that the distribution of the stochastic

component canbe aÿected by suchmarketing activity. For example,when consumers are

reassured that their reference group status is enhanced by purchasing a certain product

(e.g., a car), advertising may aÿect the variance of the utility distribution rather than

its mean. That is, the product itself does not necessarily increase in utility; instead

consumers become more certain of their evaluations. Some marketing actions such as

advertising or distribution strategies may have more eÿect on consumers' certainty

and con®dence in their assessment of products, rather than the assessments them-

selves. Hence, we include Zin and Sn in the stochastic utility term.

Manski showed that a very general two-stage process (screening followed by choice)

can be formulated for any decision or choice:

Pi �
X
C�ÿ

P�ijC�Q�C�; �9:3�
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where Pi is the probability of choosing alternative i, P�ijC� is the conditional prob-

ability of choice of i given the choice set is C � ÿ, ÿ is the set of possible choice sets,

Q�C� is the probability set and C is the choice set. Eÿorts were made to develop RP

discrete-choice models on the basis of Manski's expression (Swait 1984; Swait and

Ben-Akiva 1987a,b), but there has been little further progress because the size of ÿ

grows exponentially as a function of the number of alternatives (but see Roberts and

Lattin 1991, Andrews and Srinivasan 1995 and Ben-Akiva and Boccara 1995).2 In SP

projects the universal set of alternatives typically is de®ned for consumers by the

options in the choice scenarios. Consumers may or may not consider all the alterna-

tives in the scenarios to make their ®nal choices, so (9.3) could be used to model

this decision. However, empirical di�culties discourage this approach (see Swait

and Ben-Akiva 1987a,b), and it continues to be that SP choice models generally

assume that consumers incorporate all alternatives in the choice scenario into their

choice sets.

To reach a ®nal decision, the consumer is assumed to apply a decision rule ~Rn on the

evaluations (see 9.2). The usual decision rule assumed in the random utility approach,

and the only one to be considered here, is that of utility maximisation. That is to say,

individuals are assumed to choose the good i* 2 Cn with highest utility. As implemen-

ted in empirical choice modelling work, use of this decision rule requires that we

assume decision makers have full information, use all information and are compensa-

tory in their decisions (i.e., they are willing to trade-oÿ any one attribute for others).

The latter characteristic arises from the use of linear-in-the-parameters speci®cations

of the systematic utility components. One reason for the almost exclusive use of the

decision rule is that theoretical work in economics (where this rule is widely adopted)

has guided much of the early developments in choice modelling. Secondly, this rule

turns out to generate operational choice models, which has gained utility maximisa-

tion almost complete hegemony in empirical work. However, you should be aware

that in many contexts this decision rule may not be appropriate. Work in psychology

and the consumer behaviour area in marketing has shown that many other decision

rules are not only possible, but may often be used by consumers (see a summary of

these in Bettman, Johnson and Payne 1991). These are often termed heuristics because

decision makers' motivation to use simpler rules than utility maximisation is often to

reduce decision making costs (i.e., information gathering and processing).

What happens when we apply a compensatory, utility maximising model to a choice

process that may not be so? Johnson and Meyer (1984) investigated this issue and

found compensatory models (speci®cally, the MNL model) remarkably robust to

violations of the compensatory, utility maximising assumptions. While their research

was based on laboratory studies, it is supported by earlier research in the ability of

non-linear model forms to capture non-compensatory behaviours (Einhorn 1970).

Thus, on one hand, the reader should be reassured that there is supporting evidence

that compensatory models of the type used in SP and RP choice studies are relatively
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robust to a wide variety of decision-making patterns. On the other hand, it is necessary

that further research be conducted in this area and appropriate model forms be

investigated. In addition, knowing the decision rules used by consumers in a particular

realm of decision making is an important piece of knowledge for any choice study. It

can help the interpretation of modelling results and guide the design of marketing

policy.

Our discussion thus far has highlighted several issues that we must be aware of when

studying a particular choice process:

1. product attributes and decision-maker characteristics of relevance, that de®ne the

deterministic, or mean, utility (Vin);

2. individual variations in preferences (ÿn);

3. the characteristics of the stochastic utility term ("in);

4. the choice set (Cn);

5. the decision rule ( ~Rn).

9.3 The steps in an SP choice study

Every choice study goes through common stages, which we shall discuss in this chap-

ter. These steps are:

1. de®ne study objectives;

2. conduct supporting qualitative study;

3. develop and pilot the data collection instrument;

4. de®ne sample characteristics;

5. perform data collection;

6. conduct model estimation;

7. conduct policy analysis.

Several of these steps are intertwined, which leads to an iterative evolution of an SP

project. We shall attempt to transmit a sense of this dependence during the next few

sections.

As we discuss these steps, we will use a particular study to highlight some of the

issues and make the entire exercise more concrete.

9.3.1 Define study objectives

It is almost a truism that de®ning study objectives is often one of the most di�cult

stages in any project. A choice study is no exception. Di�culties generally arise from

an inability to come to grips with the substantive questions to be answered through the

study. Client and analyst are often working with diÿerent goals in mind: the former

may have di�culty in coming to grips with the kernel of the problems that he or she

must respond to, and is often labouring under organisational constraints that can

adversely aÿect the usefulness of research; the latter is often less directed by the
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substantive issues and more aÿected by the limitations inherent to existing statistical

methods. Thus, it behoves both analyst and client to work cooperatively to de®ne the

questions to be answered and establish the objectives of the particular study. A mutual

understanding of these objectives will be key to the successful undertaking of any

study, and will certainly aÿect the usefulness of results obtained from such an eÿort.

In for-pro®t companies, the type we shall consider here, the questions to be

answered would seem straightforward: increase pro®t by increasing revenue or

decreasing costs! However, this supposed `clarity' of purpose is illusory. We must

come to grips with far more speci®c issues here. An SP choice study can be geared

towards

1. new product design,

2. market share, pro®tability or margin optimisation,

3. market strategy development (product and channel),

4. branding issues (brand equity, co-branding, a�nity branding),

5. customer retention and pro®tability, or

6. combinations of the above, among others.

An SP study designed to optimise market share may or may not be useful for other

purposes; and maximising share may not be an appropriate objective in some cases.

Because of this wide variety of possible goals, research users often desire an omnibus

study that can meet multiple needs (some not even known at the time of the study).

The analyst, on the other hand, grapples with modelling issues and respondent burden

(in data collection) that these multiple needs impose, with consequent eÿects on sta-

tistical technique and data quality. Every study involves reaching a working compro-

mise between these opposing requirements.

Another issue that must be addressed is that of market segments (e.g., high vs. low

product usage, East Coast vs. West Coast vs. Midwest, home-owners vs. renters, etc.).

Often research buyers can specify subgroups of a population that should be studied,

but just as frequently it is necessary for the analyst to help to de®ne them more

precisely. Indeed, market segments are important for several reasons: (1) segments

often exhibit diÿerent preferences (ÿn), so better descriptions of market behaviour can

be obtained by taking them into account; (2) such diÿerential preferences generally

result in some groups being more pro®table than others; (3) market segments help to

de®ne sampling frames, sample sizes and sampling methods.

Suppose one is retained by an auto rental company (say, brand A) operating in a

particular North American city, that is interested in studying the demand for their

services in that market. (Though we do not use the names of real brands in this study,

the data used later are for actual brands from a real city.) The objective is to increase

market share for the client ®rm. As part of this exercise, we want to study only rentals

for personal purposes (e.g., vacations, substitute vehicles), not those for business

purposes. In addition, the client wants to know how this demand varies by size of

vehicle (compact, midsize, full size and luxury) among the major players (brands A, B,

C and D, out of a ®eld of eighteen car rental companies) in the particular market.
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Thus, the response variable of interest is the choice of a pair (a, s), where a is an agency

and s is the vehicle size. Finally, we wish to know how prior experience with car

renting aÿects consumers' behaviour. Thus, we shall segment the sample a priori

into those that were somewhat or extremely satis®ed and those that were somewhat

or extremely dissatis®ed with their last rental experience.

9.3.2 Conduct qualitative study

Once study objectives are de®ned, and the client/analyst team believe their goals are

su�ciently clear, it is time to consider consumers. This is an important stage because

the study team should learn how consumers think about the decision process, how

they gather information about products, when they make decisions, etc. We cannot

overemphasise how important it is to conduct this kind of qualitative, exploratory

work to guide subsequent phases of the SP study.

Focus groups are the usual means whereby qualitative information is gathered,

although personal interviews are another source. Five to ten consumers from the

target populations are recruited and brought to a central facility. A moderator leads

the group through a prepared script that makes sure key topics are broached, but

allows for other issues to be brought up during the session (which generally lasts

between 30 and 90 minutes, though there are no hard and fast rules). There is con-

siderable art to being an eÿective moderator: a good group moderator will keep the

pace of discussion lively and on course, without letting any one person dominate

the event. Focus group facilities generally provide for client and analyst observation

of the session without their being seen or heard; sessions are also often recorded (both

audio and video) for subsequent analysis. Both clients and analysts bene®t from

listening to some sessions, which can often lead study team members back to a rede-

®nition of study objectives. Some consumers are unavailable to come to central facil-

ities, so interviewers must go to them. The topics to be addressed are the same as in

focus groups, but one is likely to lose interactions that often raise unexpected issues in

focus groups. One-on-one interviews require experienced and ¯exible professionals

who are cognisant of study objectives and know how to pursue important information

as it comes up.

The key to the usefulness of the focus group is the quality of the script. Referring

back to section 9.2, for an SP study this script should minimally broach the following

subjects:

� Product Attributes and Levels Consumers and study team members generally do

not think about products and services in the same way. The former are interested

in satisfying certain needs, while the latter are generally interested in ascertaining

which of several managerial actions should be taken in the market. Study team

members should keep in mind that consumers are always right about the way they

think about products . . . they buy the product, after all! Hence, the study team

should endeavour to understand the dimensions (e.g., price, convenience) along

which the product is evaluated by consumers and how speci®c levels of these
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dimensions are expressed, and then translate the engineering variables into those

terms. The primary objective is to be able to express the characteristics of the

product to decision makers in the terms they employ.

� Market segmentsWe previously noted that it is important to consider subgroups in

the population for which preferences (ÿn) may diÿer. However, other reasons that

may lead groups to diÿer are diÿerent choice sets (Cn) or decision rules ( ~Rn). A

focus group is a good forum in which to explore these possibilities.

� Choice Sets Besides leading to possible market segment diÿerences, focus groups

should seek to clarify the number of alternatives consumers actually consider when

making a choice, and how choice sets are de®ned (i.e., via habit, search, prior

experience, word-of-mouth).

The useful outputs of this phase will be, using the notation developed earlier, (1) the

attributes and levels of interest (Xi), (2) personal characteristics that aÿect choice (Sn),

(3) sources of utility diÿerences (ÿn), (4) choice set characteristics, including size, and

(5) whether diÿerent decision rules are used, and if so, why and when. Other possible

issues that may be of interest are attitudes that aÿect demand, substitute and com-

plementary products, etc.

Having emphasised the importance of the information that qualitative approaches

can provide, it is just as important that over-reliance is not placed on the small samples

involved. We seek insights and directions into consumer behaviour from this stage of

the study, not precise measurements or strategic recommendations. In our applied

work, we have observed cases in which clients have seized on statements made by

one individual in one session, and used these to reach unwarranted generalisations.

This can have a deleterious impact on any study; neither analyst nor client should

succumb to such temptations.

Before proceeding to the next stage of the SP study, let us ®rst consider the auto

rental and vehicle size choice problem. Two focus groups were conducted in the target

city, following a script based on the general guidelines above. We found that the seven

classes of attributes in table 9.1 aÿect choice behaviour. The form in which we shall

treat the brand attribute will be described later, but for now we note that brands A and

B were the major rental companies in the market, while C and D, though national

®rms, had a smaller local presence.

Using market information and consumer experience from the focus groups, we

de®ned the levels shown in the table. In addition to the attributes and levels, the

focus group results indicated that respondents did not generally examine more than

three car rental agencies on any given rental occasion. It also was unclear if respon-

dents ®rst considered agency, then vehicle size, or vice-versa.

9.3.3 Data collection instrument

The principal topic at this stage is the design of the choice task itself. However, it

should not be forgotten that the SP choice task is generally one item among several in
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a survey. We recommend consultation of Dillman (2000) for further information on

questionnaire design for mail and telephone surveys.

Traditionally, SP choice tasks are presented to respondents in paper and pencil

surveys, in a tabular form. Attributes are arranged along the rows and alternatives

along the columns, as in ®gure 9.1, which shows an example choice set generated for

this study. However, there is nothing `sacred' about this form; it should be adapted,

changed as needed to re¯ect study objectives and decision-maker characteristics.

Our experience has shown that task layout should be carefully planned to enhance

decision-maker understanding and use of the information provided. This is one of the

main objectives of conducting pilot tests of the survey and choice task. Debrie®ng of

respondents following administration of the choice task should lead to signi®cant

improvements on ®rst and second drafts of choice tasks. No signi®cant survey should

ever go to ®eld without pilot testing!

How does one determine how many choice sets like the one in ®gure 9.1 are needed?

That is a function, of course, of the experimental design (see chapter 4). In our
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Table 9.1. Attributes and levels for example study

Attribute Type Levels

Brand Qualitative A, B, C, D
Price/day Continuous Compact: $30, $34, $38, $42

Mid-size: Compact� $2, Compact� $4
Full-size: Compact� $4, Compact� $8

Luxury: Compact� $20, Compact� $30
Price for kilometrage Continuous Unlimited kilometrage
not included in and $0.10/km over 200 km

daily rate qualitative $0.12/km over 200 km
$0.15/km over 200 km

Type of vehicle Qualitative Compact: Geo Metro/Sun®re, Tercel/Cavalier

Mid-size: Grand AM/Dodge Cirrus, Corsica/
Corolla

Full-size: Grand Prix/Cutlass Supreme, Taurus/

Regal, Camry/Intrepid, Taurus/
Crown Victoria

Luxury: BMW/Lexus, Lincoln Town Car/
Cadillac

Optional insurance Continuous $12, $16
($/day)

Airline reward Continuous None (0), 500

Fuel return policy Qualitative Prepay full tank at discounted price
and fuel price and Return at level rented
premium continuous Bring car back at lower level and pay $0.25

premium per litre
Bring car back at lower level and pay $0.50
premium per litre



example, each of the three alternatives has twelve attributes, with diÿering numbers of

levels. Brand was treated as ®xed in the ®rst two alternatives (alternative 1 was always

brand A, and alternative 2 always brand B), but varied in the third alternative between

brands C and D. We used a fractional factorial to create the 412 � 225 orthogonal

design (each of the three alternatives presented has four attributes with four levels

each, and eight attributes with two levels each; and the brand factor in the third

alternative represents a twenty-®fth two-level attribute) in sixty-four treatments to

generate the choice sets for this example; this is only one of several possible design

strategies that might be considered (see chapters 4 and 5 for other options).

Many researchers would suggest that it is inadvisable to make respondents evaluate

all sixty-four choices because of data quality concerns. That is, as the burden on
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Assume you are renting a car for personal  use. Please indicate which car rental
company and which size of car you would choose.

FEATURES

Brand
A

Brand
B

Brand
C/D

Make of Car

Sub-Compact/Compact Tercel/Cavalier Geo Metro/Sunfire Geo Metro/Sunfire

Midsize Corsica/Corolla Corsica/Corolla Corsica/Corolla

Full Size Taurus/Crown Victoria Taurus/Regal Grand Prix/Cutlass
Supreme

Luxury Lincoln Town
Car/Cadillac

BMW/Lexus Lincoln Town
Car/Cadillac

Price per Day
Sub-Compact/Compact $38 $42 $30
Midsize $42 $46 $34
Full Size $46 $50 $38
Luxury $76 $80 $58

Kilometers Included (per day) and
Extra Kilometer Price

Unlimited Includes 200km/day;
Extra km 15 cents/km

Includes 200km/day;
Extra km 15 cents/km

Insurance Cost/Day $12 $12 $16

Airline Points No points No points No points

Gas Return Policy
Prepay full tank at

discounted gas price
Bring car back at level

you rented it at
Prepay full tank at

discounted gas price

1) Which company would you rent
from? (  only one) 1 2 3

2) Which size of car would you

rent? (  only one)

Sub-Compact/ Compact

Midsize

Full Size

Luxury

1

2

3

4

Figure 9.1 Example choice set



respondents grows, it is likely that the quality of the data they provide decreases.

However, there is little rigorous empirical research to guide us in this matter, and

existing results are somewhat contradictory. For example, Swait and Adamowicz

(1996) show that task demands (namely, decision complexity and cumulative cognitive

burden) can aÿect the variance of "in, which in turn can aÿect the e�ciency of estima-

tion of the parameter vector ("n). In fact, for over six diÿerent SP studies they ®nd that

there is a complexity level at which variance is minimised and that there is a cumu-

lative cognitive load after which the variance of the stochastic utility term begins to

grow. They ®nd that variance is a convex function of decision complexity and cumu-

lative cognitive load. On the other hand, Brazell and Louviere (1997) showed that

survey response rates and model parameters are essentially equivalent when they

compare groups of respondents given twelve, twenty-four, forty-eight and ninety-six

choice sets in a particular decision task. Using the statistical test described in Swait

and Louviere (1993), they found that after correcting for average variance diÿerences

between conditions, the parameter vectors were the same. Thus, more research is

needed to guide such operational decisions.

But what should one do in the meantime? In most studies respondents evaluate

between one and sixteen choice sets, with the average being somewhere around eight

choice scenarios per respondent (Carson et al. 1994). Adaptations are made as a

function of choice task complexity (number of attributes and alternatives), incentives,

mode of elicitation (mail survey, personal interview, computerised interview), types of

respondents and so forth. We recommend that one act conservatively for the present

until better guidelines are available. (However, at least two of the co-authors have

upon occasion and after due consideration given respondents tasks that exceed these

average guidelines, with no apparent ill eÿects.)

A decision was made to implement the example choice study via a mail survey with

no incentives. In addition to the choice task itself, the survey contained a number of

other questions that might burden the respondent signi®cantly. To increase response

rates, it was decided to ask respondents to evaluate only four choice scenarios. The

initial survey was pre-tested with twelve respondents, who were debriefed on various

aspects of the instrument. This led to a number of improvements in the questionnaire

and choice task.

9.3.4 Sampling frame and sample size

The sampling frame de®nes the universe of respondents from which a ®nite sample is

drawn to administer the data collection instrument. Some examples of sampling

frames are (1) residents of the state of New York, (2) all Australians eligible to

have or already having current bank accounts, and (3) shipping managers for cata-

logue retailers in the Midwestern states of the USA.

Basically, the objectives of a study dictate the sampling frame. While it may seem

obvious, it is best that we clearly state that the sampling frame must be de®ned so as to

enable the substantive questions to be answered with the model developed from the
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sample. Careless de®nition of or miscommunication about sampling frames can in-

validate the entire data collection eÿort, so it is a non-trivial matter.

Based on the sampling frame, which in many market applications can be considered

in®nite in size, one de®nes a sampling strategy and sample size. Two common

sampling strategies for choice models are simple random samples (SRS) and exogen-

ously strati®ed random samples (ESRS). See Ben-Akiva and Lerman (1985: chapter 8)

for a description of and details about other sampling strategies for choice models.

More general books on sampling theory are also available; see, for example, Levy and

Lemeshow (1991). In the SRS, each decision maker in the sampling frame has an equal

likelihood of being selected for the sample; for each selected individual, we observe

personal characteristics Sn and Zin, as well as the SP choices for a number of choice

scenarios. With an ESRS, the sampling frame is divided into G mutually exclusive

groups, each representing a proportion Wg of the population. The basis for creating

the groups is any personal characteristic (e.g., income, residential location, age, gen-

der, . . .) except the dependent variable being measured (i.e., the choice). Within each

stratum, individuals have equal probability of selection (which means we take a ran-

dom sample within stratum). The sample taken from each group need not result in the

same sample proportions as in the population; instead, we might decide to have a

proportion Hg of the sample from each group g.

For example, if we are interested in market segments, a properly executed SRS will

capture market segments in the approximate proportion in which they exist in the

sampling frame. Because some market segments of interest can occur relatively infre-

quently in an SRS, it is often necessary to use an ESRS. Suppose we wish to have an

equal representation of rural and urban American residents in the sample, hence we

stratify the sample into the two groups and set 50 per cent quotas for each group.

Since only 25 per cent of the US population is classi®ed as rural in the 1990 census, it is

clear that the resulting sample will not be representative of the US population (i.e., the

sampling frame). For exogenous strati®cation of sampling frames, it can be shown

that consistent choice model parameter estimates can be obtained by weighting each

respondent in group g by the ratio Wg=Hg. If the sample and the population propor-

tions are equal, this is essentially equivalent to the case of simple random sampling.

Given a sampling strategy, we must de®ne the sample size to be used. The study is

being conducted to measure a choice probability (or proportion) with some desired

level of accuracy. Elementary statistical theory proves the result that the asymptotic

sampling distribution (i.e., the distribution as n ! 1) of a proportion pn, obtained by

an SRS of size n, is normal with mean p (the true population proportion) and variance

pq=n, where q � 1ÿ p. If we wish to estimate the true proportion within a per cent of

the true value p with probability � or greater, then we must ®nd the minimum sample

size needed to satisfy the requirement that Prob�jpn ÿ pj � ap� � �. Some algebraic

manipulation will result in the expression below for the minimum sample size:

n � q

pa2
�ÿ1

�
1� �

2

�
; �9:4�

where �ÿ1(.) is the inverse cumulative normal distribution function.
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Figure 9.2 shows how this sample size requirement behaves as a function of the true

proportion p, the relative accuracy a (10%, 20%) and the probability � (0.90, 0.95 and

0.99). According to (9.4), sample size requirements are quite modest for high propor-

tions (say, above 0.5), but become very high for low (i.e., rare) proportions and high

relative accuracy and con®dence levels. Indeed it may be prohibitively expensive to

obtain these sample sizes for very low proportions.3

In most SP studies, each respondent is given multiple choice scenarios in the choice

task, so that each individual does r choice scenarios (i.e., replications). In practice,

many projects try to obtain the required n choices from �n=r� respondents, but we

should remember that one of the assumptions behind the derivation of (9.4) is that the

sampled choice observations are independent. While it is unlikely that the r choice

replications from an individual are independent, practice has shown that a well-

designed choice task that encourages respondents to view each choice scenario as

unrelated to previous ones will yield parameter vectors that are proportional to

those derived from models estimated on single choices from each respondent. As

discussed in chapter 8, this is indicative that the only diÿerence between the parameter

vectors is in relative variance levels, which ultimately aÿects statistical e�ciency but

not unbiasedness. Hence, our recommendation is that (9.4) be viewed as the minimum
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3 Other sampling strategies, namely choice-based sampling, should be considered when dealing with

rare alternatives. See Ben-Akiva and Lerman (1985), Cosslett (1978, 1981).



number of total choices to be collected, so that minimum SP random samples should

be guided by the condition given below:

n � q

rpa2
�ÿ1 1� �

2

� �
: �9:5�

To exemplify, if we wish to estimate a choice probability that will be approximately p

in the real market situation with a relative accuracy of 10 per cent of p with probability

of 0.95, and will require each respondent to evaluate eight replications, we obtain,

using (9.5), the sample sizes shown in table 9.2. We stress that such numbers are only

recommendations, and other factors (e.g., anticipated degree of taste variability,

recruitment di�culties) will raise or lower the ®nal sample size. Expression (9.5) can

then be used to estimate the impact of the inevitable compromises that arise in every

study.

Expression (9.5) applies to random samples, but if we use exogenous strati®cation,

we can calculate total sample size in one of two ways: (1) apply (9.5) to obtain a total

sample size, then apportion this among the strata in proportion to population repre-

sentation or quotas decided upon; (2) apply (9.5) within each stratum (where an SRS is

taken) and add up the component sample sizes. The second method will yield larger

sample sizes because it requires that within-group proportions be estimated with a

certain level of accuracy; the ®rst method requires only that the overall proportion be

estimated with a certain relative accuracy. If study objectives emphasise knowledge of

segment-speci®c eÿects, it is advisable to use the second method above.

Sampling is a complex subject in its own right, and this section does not do it justice.

The reader is directed to sources such as Ben-Akiva and Lerman (1985) and Cosslett

(1981) for further direction on sampling for RP choice studies. In addition, general

books on sampling theory are Cochran (1977) and Levy and Lemeshow (1991).

Before continuing to the next topic, we return to the car rental example. The client

corporation currently has a market share of approximately 30 per cent in the target

area. If we wish to predict market shares in this range with a relative accuracy of
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Table 9.2. Choice probability estimation example

Minimum number Minimum number of
p of choices required respondents (for r � 8)

0.10 3457 432
0.20 1537 192
0.30 896 112

0.40 576 72
0.50 384 48
0.60 256 32

0.70 165 21
0.80 96 12



10 per cent with a 95 per cent con®dence level, with each respondent answering four

choice scenarios, we need a sample of at least 896=4 � 224 respondents. We used

a simple random sample for this illustrative study, so a list of randomly selected

residents of the city was purchased from a `list house'. Note that quotas for the market

segments we wish to investigate (satis®ed vs. not satis®ed with last rental experience)

were not used, so they should be present in the sample in the proportion in which they

occur in the population of car renters for personal purposes.

9.3.5 Data collection

Once the questionnaire is designed and tested, the sampling frame decided upon and

the sample size calculated, the study can be put into the ®eld. At this stage, the

principal decisions that have to be made by the study team involve

1. respondent recruitment method,

2. how to bring respondent and instrument together, and

3. response collection mechanism.

The options for any particular study will be a function of the type of respondent, ease

of identifying them, complexity and length of the questionnaire, the type of instrument

(paper-and-pencil task, computerised interview), incentives, etc.

A singularly cost-eÿective form of data collection is the mail survey, which is most

eÿective when respondents can be recruited a priori by telephone or other means.

Following recruitment they are mailed surveys, supported by incentives and follow-

up reminders that should increase response rates. At its simplest, respondents

randomly selected from the sampling frame receive a questionnaire that includes a

recruitment letter; incentives may or may not be used, and if used may or may not be

contingent upon survey completion and return.4 If there are stricter project time

demands, express courier services can be used to send surveys to/from respondents,

or in some cases, responses to the surveys can be collected by telephone.

However, other more complex (thus, more expensive) options are available and

often used. Depending upon the type of respondent and the complexity of the

decision or of the product being studied, it may be necessary to recruit respondents

to come to central facilities where trained personnel provide appropriate infor-

mation to respondents (personally, or through text or video presentations). In

some cases it may be necessary to use personal interviewers; depending upon sample

sizes this may be very expensive to execute, but accessing the sampling frame

may require it none the less. These options usually require signi®cant incentives for

respondents.

Computerised interview methods are also available that come in several ¯avours: (1)

a self-completion survey can be sent to respondents on ¯oppy disk or CD-ROM, and

which is mailed back to the researcher upon completion; (2) personal interviews are
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conducted using a computer, with interviewers and/or respondents keying in responses

to questions. The former method is often more useful in business-to-business applica-

tions (particularly in industries in which computers are relatively ubiquitous), whereas

the latter is more often used for interviewing consumers. Computerised interviewing

has the advantages of ¯exibility (i.e., questionnaire ¯ow can be altered in real time)

and improved data quality (i.e., error checking occurs at the time of response).

In the case of our example study, a simple mail survey was used, as indicated

before. Respondents were not pre-recruited and did not receive an incentive. A survey

packet, including a postage paid return envelope, was mailed to their home address.

One follow-up reminder was sent a week after the survey itself. This approach pro-

duced a 34 per cent response rate, for a total of 264 usable surveys received by the

closing date for the data collection phase.
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9.3.6 Model estimation

By this stage the formulation of the particular choice model speci®cation to be esti-

mated should have been determined. As discussed in chapters 4 and 7, this decision

should have been used to guide the design of the experiment. We have decided to ®t a

nested logit (NL) model to the car rental data because we wanted to model the choice

of car rental agency and car size. Hence, we were interested in whether there were IIA

violations, and if so, whether we could capture them in the NL model through a

hierarchical tree structure in a brand-related pattern or car-size pattern. This means

that we needed to test which of the three trees in ®gure 9.3 was best able to describe the

observed choices. Subsequently, we discuss the results of this test.

First, however, we discuss the variables included in the utility function. Historically,

many SP models have treated qualitative variables using eÿects-coded contrasts instead

of dummy codes (see chapter 4). For example, table 9.1 shows that compact vehicles

were from two diÿerent brand groups: Geo Metro/Sun®re or Tercel/Cavalier. The

dummy and contrast codings for this binary attribute are given in table 9.3a. For

more than two levels, the contrast coding generalizes as shown in table 9.3b for the

full size vehicle brand attribute (see also chapter 4). The decision of whether to use

dummy or eÿects coding is largely up to the analyst. We use the latter in the example

study.

RP and SP traditions also diÿer somewhat regarding coding of continuous vari-

ables. In RP models, variables have generally been expressed in the raw (e.g., time,

money) of observation. In SP experiments, levels are often chosen in some regular
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Table 9.3a. Dummy and contrast codings for
compact vehicles

Dummy Eÿects
Attributable level coding coding

Geo Metro/Sun®re 1 �1
Tercel/Cavalier 0 ÿ1

Table 9.3b. Dummy and contrast codings for full-size vehicles

Dummy Contrast
Attribute level coding coding

Grand Prix/Cutlass Supreme 1 0 0 1 0 0
Taurus/Regal 0 1 0 0 1 0

Camry/Intrepid 0 0 1 0 0 1
Taurus/Crown Victoria 0 0 0 ÿ1 ÿ1 ÿ1



pattern dictated by the range in the market and the objectives of the study (for

example, price might be varied over four levels: $10, $12, $14 and $16). None of

these prices might actually exist in the marketplace, although market values typically

are within this range. In observations of actual behaviour from the marketplace, levels

are not controlled by the observer, so such regularity might not obtain. Consequently,

it may often happen that if one uses continuous variables with non-linear eÿects (such

as a quadratic or higher-order terms) in RP models, high collinearity will be observed.

This will also happen in SP models if one does not use exact (or at least approximate)

orthogonal polynomial (OP) coding for continuous variables, which eliminates this

collinearity between polynomials of the same attribute (see chapter 4).

Table 9.4 shows the equations needed to implement OP coding for linear and

quadratic representations of 2-, 3-, 4- and 5-level attributes (orthogonal polynomial

coding schemes for more than ®ve levels can be found in Montgomery 1991.) As can

be seen in table 9.1, the daily price of compact cars is a four-level attribute ($30, $34,

$38, $42), and these levels are equidistant. Hence, if we use the appropriate formulae

from table 9.4a (with d � 4 and �x � 36) we obtain the OP codes for this attribute

(table 9.4b).

The formulae in table 9.4a generate integer values when levels are evenly spaced;

when the levels are not equidistant one can use the formulae to generate codes that are
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Table 9.4a. Orthogonal polynomial coding formulae

Order of 2-level 3-level 4-level 5-level
polynomial term attribute attribute attribute attribute

Linear L � 2

�
xÿ �x

d

�
L �

�
xÿ �x

d

�
L � 2

�
xÿ �x

d

�
L �

�
xÿ �x

d

�

Quadratic Q � 3L2 ÿ 2 Q �
�
L2 ÿ 5

4

�
Q � L2 ÿ 2

Notes: x � actual level of attribute; �x � average value over all attribute levels; d � equal interval

between levels.

Table 9.4b. OP coding for compact car

price obtained by applying formulae in
table 9.4a

Attribute level Linear Quadratic

$30 ÿ3 �1
$34 ÿ1 ÿ1
$38 �1 ÿ1
$42 �3 �1



not exactly orthogonal. We recommend that one use OP coding whenever possible

because (1) OP coding makes it easy to compare coe�cients from diÿerent attributes

since the ranges of the transformed independent variables will be approximately the

same; and (2) certain estimation algorithms (e.g., BHHH and secant methods such as

the DFP and BFDP) are sensitive to variables ranges, and may be adversely aÿected

by very diÿerent orders of magnitude (methods that use second-order information,

e.g., Newton±Raphson, do not exhibit this type of sensitivity).

Of course, one can use any mathematically valid coding in SP choice models,

including the raw units of measurement. Indeed, in some cases one may have good

reasons to transform certain continuous variables using mathematical functions, such

as the natural logarithm. In such cases, one may wish to recode the transformed

variable to as orthogonal a form as possible using Robson's (1969) method.

Table 9.5 contains the attribute codes and estimated coe�cients for the three models

previously discussed. The models are based on the sample of 264 respondents, each of

whom provided choice data from four replications. The MNL model has a log like-

lihood value at convergence of ÿ2192:0, obtained from forty-four parameters. The

brand-based NL model depicted in ®gure 9.3b has a log likelihood of ÿ2185:9, with

three additional inclusive value parameters. Thus we reject the hypothesis that the

brand inclusive value parameters are simultaneously equal to one (implying that the

MNL model holds): the chi-squared statistic for the hypothesis is 12.2 with three

degrees of freedom, which is greater than the critical value of 7.8 at the 95 per cent

con®dence level. This result suggests that IIA violations occur, but since the inclusive

value coe�cients in the tree-based model are all greater than one, it indicates that this

tree structure may be inconsistent with utility maximisation (see chapter 6).

The second NL model in table 9.5 has a vehicle size-based tree structure (see ®gure

9.3a), and all three inclusive value coe�cients are signi®cantly diÿerent from unity and

less than one, which indicates that this structure is consistent with utility maximisa-

tion. If we test this tree against the MNL model (i.e., the hypothesis that all three

inclusive value coe�cients are unity), we obtain a chi-squared statistic of 132.8 (three

degrees of freedom), and hence we reject the MNL model at the 95 per cent con®dence

level in favour of the vehicle size-based NL model.

Thus, we use the vehicle size-based NL as the preferred model. The model suggests

that consumers (1) strongly prefer unlimited daily kilometrage, (2) react negatively to

price increases in kilometrage charges, optional insurance and daily rates, (3) strongly

prefer to return vehicles with fuel at the level when rented, are neutral with respect to

prepaying a full tank at a discounted price, and dislike being charged price premiums

to ®ll tanks back to original rental levels if returned at lower levels, (4) are somewhat

attracted by airline points as rewards, and (5) do not signi®cantly diÿerentiate between

vehicle brands except for mid-size vehicles. All signi®cant coe�cients were in the

expected direction, and it is worth reiterating that it is highly unusual for SP data to

exhibit signi®cant and incorrect signs. When this rare eventuality occurs, one should

consider the possibility of a problem in coding or data handling.

Half of the parameters in the choice model are interactions of the twenty-two

independent variables with the socio-demographic variable S. S was coded �1 for
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Table 9.5. Estimation results for auto rental agency and vehicle size choice

NL model tree: NL model tree:
MNL model tree: brand-based size-based
¯at parameter parameter parameter

estimates estimates estimates
(t-stats) (t-stats) (t-stats)

Variable descriptions
X1: � 1 if Brand A, � ÿ1 if brand D, � 0 o.w. 0.2102 (3.3) ÿ0.2574 �ÿ0:6� 0.0919 (2.6)
X2: � 1 if brand B, � ÿ1 if brand D, � 0 o.w. 0.0476 (0.7) 0.2907 (0.9) 0.0225 (0.8)

X3: � 1 if brand C, � ÿ1 if brand D, � 0 o.w. ÿ0.2425 �ÿ2:4� ÿ0.1415 �ÿ0:6� ÿ0.1111 �ÿ2:2�
X4: � 1 if limited kilometrage, � ÿ1 if unlimited ÿ0.6897 �ÿ12:8� ÿ0.7069 �ÿ13:0� ÿ0.3075 �ÿ4:0�
X5: price/km� �xÿ 12:5�=2:5, x in cents/km ÿ0.3115 �ÿ4:3� ÿ0.3325 �ÿ4:5� ÿ0.1404 �ÿ3:1�
X6: (price/km)2 � 3�X5�2 ÿ 2 0.0328 (0.8) 0.0364 (0.9) 0.0135 (0.7)

X7: price of optional insurance� �xÿ 14�=2, x in $ ÿ0.1704 �ÿ2:6� ÿ0.1776 �ÿ2:7� ÿ0.0862 �ÿ2:4�
X8: airline points� �xÿ 250�=250 0.2162 (4.1) 0.2185 (4.1) 0.0953 (2.9)
X9: � 1 if prepay full gas tank, � ÿ1 if bring back at lower level, � 0 o.w. ÿ0.0244 �ÿ0:3� ÿ0.0177 �ÿ0:2� ÿ0.0219 �ÿ0:6�
X10: � 1 if return @ level rented, � ÿ1 if bring back at lower level, � 0 o.w. 0.2857 (3.9) 0.2954 (4.0) 0.1283 (2.8)
X11: fuel price premium/litre for policy `Bring back at lower level' ÿ0.1551 �ÿ2:3� ÿ0.1578 �ÿ2:3� ÿ0.0671 �ÿ2:0�

� �xÿ 37:5�=12:5, � 0 for all other gas return policies

X12: compact vehicle type ÿ0.0616 �ÿ0:9� ÿ0.0408 �ÿ0:4� ÿ0.0219 �ÿ0:6�
� 1 if Geo Metro/Sun®re,
� ÿ1 if Tercel/Cavalier

X13: compact price/day� �xÿ 36�=2, x in $/day ÿ0.6096 �ÿ9:0� ÿ0.6742 �ÿ7:1� ÿ0.2802 �ÿ3:3�
X14: (compact price/day)2 � ��X13�2 ÿ 5�=4 0.0244 (0.3) 0.0609 (0.4) 0.2908 (2.9)
X15: mid-size vehicle type 0.2434 (4.2) 0.3389 (3.3) 0.1007 (2.1)

� 1 if Grand AM/Dodge Cirrusm

� ÿ1 is Corsica/Corolla
X16: mid-size price/day� �xÿ 39�, x in $/day ÿ0.2089 �ÿ14:9� ÿ0.2603 �ÿ9:0� ÿ0.0935 �ÿ4:2�



X17: full size vehicle type ÿ0.1061 �ÿ0:8� ÿ0.1777 �ÿ0:9� ÿ0.0827 �ÿ1:4�
� 1 if Grand prix/Cutlass Supreme,
� ÿ1 if Taurus/Crown Victoria,
� 0 o.w.

X18: full size vehicle type 0.0754 (0.6) 0.0901 (0.5) 0.0176 (0.3)
� 1 if Taurus/Regal,
� ÿ1 if Taurus/Crown Victoria,
� 0 o.w.

X19: full size vehicle type 0.0572 (0.5) 0.0690 (0.4) 0.0383 (0.7)
� 1 if Camry/Intrepid,
� ÿ1 if Taurus/Crown Victoria,

� 0 o.w.
X20: full size price/day� �xÿ 42�=2, x in $/day ÿ0.3048 �ÿ9:5� ÿ0.3475 �ÿ7:4� ÿ0.1522 �ÿ3:9�
X21: luxury vehicle type� 1 0.1218 (0.8) 0.1499 (0.7) 0.0701 (1.2)

� ÿ1 if BMW/Lexus,
� ÿ1 if Lincoln Town Car/cadillac

X22: luxury price/day� �xÿ 61�=5, x in $/day ÿ0.1778 �ÿ1:6� ÿ0.0776 �ÿ0:5� ÿ0.0864 �ÿ1:8�
Segment interactions1

S � X1 0.0157 (0.3) 0.0229 (0.4) 0.0032 (0.1)

S � X2 0.0049 (0.1) 0.0012 (0.0) 0.0085 (0.3)
S � X3 0.0226 (0.2) 0.0146 (0.1) ÿ0.0101 (ÿ0.2)
S � X4 0.0762 (1.4) 0.0717 (1.3) 0.0347 (1.3)

S � X5 0.0020 (0.0) ÿ0.0001 (0.0) ÿ0.0006 (0.0)
S � X6 0.0282 (0.7) 0.01313 (0.8) 0.0067 (0.4)
S � X7 0.1106 (1.7) 0.1090 (1.7) 0.0477 (1.5)

S � X8 ÿ0.0046 (ÿ0.1) ÿ0.0034 (ÿ0.1) ÿ0.0011 (ÿ0.1
S � X9 0.1075 (1.4) 0.1162 (1.5) 0.0643 (1.7)
S � X10 0.0065 0.0074 (0.1) ÿ0.0126 (ÿ0.4)

S � X11 ÿ0.0225 (ÿ0.5) ÿ0.0314 (ÿ0.5) ÿ0.0067 (ÿ0.2)
S � X12 0.0298 0.0372 (0.4) 0.0244 (0.6)
S � X13 ÿ0.0119 (ÿ0.2) 0.0213 (0.2) ÿ0.0144 (ÿ0.4)



Table 9.5. (cont.)

NL model tree: NL model tree:
MNL model tree: brand-based size-based
¯at parameter parameter parameter

estimates estimates estimates
(t-stats) (t-stats) (t-stats)

Segment interactions1

S � X14 0.4500 (5.2) 0.7120 )3.5) 0.4132 (5.2)
S � X15 0.0324 (0.6) 0.0439 (0.5) 0.0196 (0.5)

S � X16 ÿ0.0234 (ÿ1.7) ÿ0.0285 (ÿ1.5) ÿ0.0154 (ÿ1.6)
S � X17 0.1541 (1.1) 0.2490 (1.2) 0.1006 (1.7)
S � X18 ÿ0.0299 (ÿ0.2) ÿ0.0939 (ÿ0.5) 0.0111 (0.2)

S � X19 ÿ0.0277 (ÿ0.2) ÿ0.0327 (ÿ0.2) ÿ0.0317 (ÿ0.6)
S � X20 ÿ0.0384 (ÿ1.2) ÿ0.0584 (ÿ1.3) ÿ0.0047 (ÿ0.3)
S � X21 ÿ0.0686 (ÿ0.5) ÿ0.0953 (ÿ0.5) ÿ0.0549 (ÿ0.9)

S � X22 0.0062 (0.1) 0.0013 0.0101 (0.2)

Inclusive values2

Brand A 1.0 1.9613 (1.8)
Brand B 1.0 1.4195 (1.2)

Brand C or D 1.0 1.5170 (1.4)
Compact 0.4372 (ÿ4.3)
Mid-size 0.6288 (ÿ2.5)
Full size/luxury 0.3478 (ÿ7.6)

Log likelihood at zero ÿ2512.4 ÿ2512.4 ÿ2512.4
Log likelihood at convergence ÿ2192.0 ÿ2185.9 ÿ2125.6
Number of Parameters 44 47 47

Notes: 1 S � 1 is somewhat or extremely satis®ed, S � ÿ1 if somewhat or extremely dissatis®ed; 2 asymptotic t-statistics of inclusive values are calculated with

respect to one.



individuals who were somewhat or extremely satis®ed (group SESat) with their most

recent auto rental experience, and ÿ1 for those that were somewhat or extremely

dissatis®ed (group SEDis). Only one signi®cant taste diÿerence appears (S � X14,

the quadratic daily price of compact vehicles), which is less than expected by chance.

Hence, we will proceed on the basis of this evidence that both groups of previous

experience renters have the same attribute preferences.

One small di�culty presented by the best model in table 9.4 concerns the compact

vehicle daily rates. As shown in ®gure 9.4, the behaviour of the predicted utility

function is counterintuitive in the higher range of the daily rates, for the SESat

group: because of the quadratic segment interaction (S � X14), the model predicts

an upturn of the utility function at a daily rate of about $38 (see table 9.1 for the

range of this attribute).

We therefore take the following steps to obtain our next model from the vehicle size-

based NL model:

1. delete all segment eÿects, as explained above, and hopefully eliminate the counter-

intuitive result for the compact car price (®gure 9.4);

2. delete X6, which is not signi®cantly diÿerent from zero in table 9.5.

The ensuing model, while not presented here, has a log likelihood of ÿ2151:9 with

twenty-four parameters. This new model is nested within the NL model in the ®nal

column of table 9.4: a likelihood ratio test of the restrictions above has a calculated

value of 52.6 with twenty-three degrees of freedom. However, note that the basic

reason for this rejection is the deletion of the signi®cant price interaction (S � X14),

which has been eliminated for reasons other than statistical signi®cance (i.e., essen-

tially, the eÿect is believed to be spurious, not substantive). Hence, we shall proceed on

the basis that the new model is our basis for comparison.

Unfortunately, the model resulting from the restrictions above continues to exhibit

the counterintuitive increase of utility as compact car price increases. The solution we

propose to circumvent this problem and obtain the ®nal model is to rede®ne the price
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variables for the compact vehicle class; rather than use the linear and quadratic coding

adopted thus far in the models, we shall de®ne two piecewise linear terms, hinged at

$36 (which is, conveniently, the midpoint of the data). We rede®ne X13 and X14 as

follows:

X13 �

��
x if x � 36

36 if x > 36

�
ÿ 36

�
4

; �9:6�

X14 �

��
0 if x � 36

xÿ 36 if x > 36

��
4

; �9:7�

where x is the daily rate. Note that these new codes are not OP codes.

To obtain a ®nal working model, we impose the restrictions mentioned before plus

the following:

3. change the de®nitions of X13 and X14 from those in table 9.5 to expressions (9.6)

and (9.7);

4. constrain the inclusive value of the mid-size group of alternatives to one, essen-

tially connecting those alternatives to the root node of the tree (this constraint is

not apparent from table 9.5, but arose as we re®ned the ®nal speci®cation with the

new de®nitions for X13 and X14�;
5. constrain the inclusive values for the two other branches of the tree to be equal

(note how they are rather close in value in table 9.5).

These actions result in a vehicle size-based NL model with twenty-two parameters (see

table 9.6) and a log likelihood value of ÿ2155:9. Because of the rede®nition of X13 and

X14, this latest model is not nested within the reduced form NL model discussed

immediately above. Hence, we cannot use a likelihood ratio test to verify whether

the twenty-four parameter NL model with a linear and quadratic compact car price is

a better representation of the observed choices that the twenty-two parameter NL

model with piecewise linear compact car prices. However, note that the log likelihood

increased only about four points with the latest speci®cation. While this intuitively

seems like a good trade-oÿ of model ®t for parsimony, is this diÿerence signi®cant?

Ben-Akiva and Swait (1986) propose a test for non-nested choice models based on

the Akaike Information Criterion. Suppose model 1 explains choices using K1 vari-

ables, while model 2 explains the same choices using K2 variables; assume that

K1 � K2 (i.e., the second model is more parsimonious than the ®rst) and that either

(1) the two models have diÿerent functional forms or (2) the two sets of variables are

diÿerent by at least one element. De®ne the ®tness measure for model j, j � 1; 2:

�� 2
j � 1ÿ Lj ÿ Kj

L�0� ; �9:8�

where Lj is the log likelihood at convergence for model j and L�0� is the log likelihood

for the data assuming choice is random (i.e., all alternatives are equiprobable).
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Ben-Akiva and Swait (1986) show that under the null hypothesis that model 2 (the

more parsimonious speci®cation) is the true model, the probability that the ®tness

measure (9.8) for model 1 will be greater than that of model 2 is asymptotically

bounded by a function whose arguments are (1) the amount Z by which the ®tness

measures diÿer, (2) the diÿerence in the number of parameters (K1 ÿ K2) and (3) the

log likelihood for the equiprobable choice base model, L�0� (since, assuming ®xed

choice set sizes, L�0� � ÿN ln J, where N is the number of choice sets and J is the

number of alternatives in the choice sets, this component captures the size of the

sample and the degree to which either model is able to infer the choice process from

the data). More precisely,

prob�j�� 2
2 ÿ �� 2

1j � Z� � ��ÿ
���������������������������������������������
ÿ2ZL�0� � �K1 ÿ K2�

p
�; �9:9�

where Z > 0 and � is the standard normal CDF. Thus, if the more parsimonious

model (model 2) has a higher ®tness measure than model 1, then (9.9) sets an upper

bound for the probability that one erroneously selects model 2 as the true model.

Using de®nition (9.8), models 1 and 2, respectively, have ®tness measures of 0.1339

and 0.1331. Thus, the probability of observing a diÿerence of 0.0008 in the ®tness

measures, given L�0� � ÿ2512:4 and (K1 ÿ K2� � 2, is less than or equal to

��ÿ6:02� � 0. So, we conclude that the model in table 9.6 is statistically superior to

that of table 9.5.

Although there has not been much research on testing non-nested models for choice

or other types of dependent variables, another test is provided by Pollak and Wales

(1991) called the likelihood dominance criterion. Chapter 6 also presents a test for non-

nested models involving choice-based samples.

We mentioned earlier that certain constraints were imposed on the inclusive value

coe�cients to arrive at the ®nal model in table 9.6 (®gure 9.6 shows the ®nal tree). If

we compare it to ®gure 9.3a, we might note that an assumption of this model is that

the inclusive value coe�cients for compact and full/luxury vehicles are the same. This

indicates that the degree of within-nest correlation in the stochastic utilities is equal in

these two classes of vehicles, but both diÿer from mid-size vehicles, which do not

exhibit within nest correlation (i.e., the inclusive value is one). As a ®nal comment

on the model of table 9.6, we show in ®gure 9.5 the utility of all vehicle sizes as a

function of price.

It is not easy to generalise about the decision to halt development and re®nement of

models. There always are more ideas that can be tested and things that could improve

the model. For example, ®gure 9.5 shows the estimated utility vs. daily price relation-

ships for all four vehicle classes and suggests that the price sensitivity of mid- and full-

sized vehicles is very close over the range tested ($32±$46 vs. $34±$50). The normalised

price variable coe�cients are ÿ0:1465 for mid-size and ÿ0:2337 for full-size (see table

9.6); but because the normalisation rules diÿer by vehicle type (table 9.5), the price

slopes for both classes are similar. Thus, one could test the model in table 9.6 to

determine if these two slopes are statistically equivalent: this requires the two price

variables to be normalised in the same way, the constraint that the slopes are equal to

be imposed, and then a likelihood ratio statistic used to test for slope equality.
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Table 9.6. Final NL model for auto rental agency and vehicle size
choice

NL Model
tree: size-based

parameter
estimates

Variable descriptions1 (t-stats)

X1 0.1249 (3.2)
X2 0.0271 (0.7)

X3 ÿ0.142 (ÿ2.3)
X4 ÿ0.4173 (ÿ10.4)
X5 ÿ0.1978 (ÿ4:5�
X6 0 (±)
X7 ÿ0.0931 (ÿ2.4)
X8 0.1331 (4.2)

X9 ÿ0.0046 (ÿ0.1)
X10 0.1723 (3.8)
X11 ÿ0.0885 (ÿ2.1)
X12 ÿ0.0109 (ÿ0.3)

X13: � �!ÿ 36�=4 ÿ0.4437 (ÿ6.8)
! � x if x � 36, � 36 if x > 36
x � daily rate for compact vehicle

X14: � !=4 ÿ0.2436 (ÿ3.0)
! � 0 if x � 36, � xÿ 36 if x > 36
x � daily rate for compact vehicle

X15 0.1664 (3.0)
X16 ÿ0.1465 �ÿ10:7�
X17 ÿ0.0443 �ÿ0:7�
X18 0.0295 (0.5)

X19 0.0315 (0.5)
X20 ÿ0.2337 �ÿ10:8�
X21 0.0667 (0.8)

X22 ÿ0.1232 �ÿ1:9�
Inclusive values2

Compact 0.5270 (ÿ2.3)
Mid-size 1.0 (±)

Full-size/luxury 0.5270 (±)
Log likelihood at zero ÿ2512.4
Log likelihood at convergence ÿ2155.9

Number of parameters 22

Notes: 1 All variables are de®ned as in table 9.5 except for variables

rede®ned in this table; 2 asymptotic t-statistics of inclusive values are

calculated with respect to one; 3 Constrained to equal inclusive value of

Compact vehicles.



9.3.7 Policy analysis

Once a satisfactory model has been developed, the study team can begin policy ana-

lysis, which usually involves three stages: (1) de®nition of a base case and calibration

of the SP model; (2) calculation of certain ®gures of merit for individual attributes

(holding other attributes constant) to summarise the behavioural information in the

model (e.g., elasticities); and (3) analysis of aggregate market reaction to speci®c

policies (i.e., multiple simultaneous changes of attributes). The latter policies usually

involve the big issues that motivated the study.

The base case and SP model calibration In almost every study some market situation

constitutes the starting point of the analysis, or the `base case.' Its speci®cation

involves brands (or, in general, alternatives) in the market and hence form the base

case universal choice set (denoted CB), together with prices and other attributes of
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each product (denoted XB). Importantly, shares of each alternative in the respective

market must be known (MSB) because the data collected in SP choice studies do not

(and generally, cannot) re¯ect the aggregate shares of the existing market.

This point seems to elude choice modellers who have worked with RP data in the

past. RP data automatically re¯ect the aggregate state of the market (even if the

sample is not random it is possible to calculate aggregate market shares from RP

data, given a known sampling plan). However, SP data do not re¯ect RP aggregate

market shares because SP data re¯ect (by designed intent) as many markets as choice

sets presented to respondents. Some of these hypothetical markets may be similar (or

even identical) to the existing RP market, but the SP model parameters are estimated

from all the hypothetical markets de®ned by the experimental design.

Ben-Akiva and Lerman (1985) show that for MNL choice models with a full set of

alternative-speci®c constants (i.e., J ÿ 1 constants if there are J alternatives), the

observed aggregate market share will be exactly equal to the predicted market share.

This is a mathematical property of MNL models, veri®able through the ®rst-order

conditions of the likelihood function being maximised to estimate the parameters. In

other choice models (e.g., NL, MNP) this property holds approximately. Thus, SP

choice model ASCs will exactly or closely predict the aggregate shares in the estimation

sample; but that sample re¯ects a `market' very diÿerent from the real market to which

one wants to apply the ®nal model.

Thus, one needs to calibrate SP models to reproduce base case market shares. Table

9.7 shows how aggregate SP shares can diÿer from the actual market, based on Swait,

Louviere and Williams (1994), who reported SP and RP aggregate shares for freight

shipper choice. One should note how similar aggregate SP distributions are across the

three cities, but how diÿerent the aggregate SP andRP distributions are within each city.

One simple calibration process can be described as follows: adjust the ASCs in the

SP model to predict aggregate shares in the marketplace at the base case choice set and

attributes. Chapter 8 discusses how to combine SP and RP data to derive joint para-

meter estimates in such a way that the RP model has ASCs adjusted to the application

market and other parameters aÿected by all the SP scenarios seen by respondents.

Stated Choice Methods278

Table 9.7. Actual and SP carrier market shares (%)

Carrier Actual SP data Actual SP data Actual SP data

A 53.4 13.1 35.7 13.9 28.7 13.8
B 6.3 10.6 8.8 10.3 4.3 9.2
C 5.4 12.3 5.4 11.6 29.9 13.5
D 15.6 12.9 23.7 12.1 8.1 11.7

E 14.7 10.4 21.3 12.1 19.5 10.8
F 1.7 22.7 1.6 20.7 4.6 22.3
G 1.9 10.5 1.5 11.0 3.6 11.2

H 1.0 7.5 2.0 8.3 1.2 7.5

Source: Swait, Louviere and Williams (1994).



That is, the data combination exercise yields a calibrated `RP� SP' model. A related

calibration process suggested by Swait, Louviere and Williams (1994) also will result in

calibration of the SP model to allow policy analysis.

Analysis of individual attributes Before simulating complex policy scenarios that

require simultaneous and multiple changes to diÿerent attributes, analysts should

develop a `feel' for how each attribute aÿects choice, holding all other attributes

constant. Diÿerent ®gures of merit can be used to do this.

For example, one of the most commonly used evaluation measures is elasticity

which expresses the percentage change in a response (e.g., market share) caused by

a 1 per cent change in a certain variable. Suppose that the response of interest is the

choice probability predicted by the model developed from the study data (i.e., P�i�,
8i 2 CB) with respect to a continuous attribute Xik. A point elasticity (so-called

because it strictly is only valid at the point at which it is evaluated) is de®ned as

follows:

E
P�i�
ik � @P�i�=P�i�

@Xik=Xik

� @P�i�
@Xik

� Xik

P�i� ; �9:10�

which is then evaluated at X � XB (i.e., the base case). An arc elasticity represents the

average elasticity over a certain range (it is essentially a point elasticity that uses ®nite

diÿerences rather than calculus), and is calculated thus:

�E
P�i�
ik � �P�i�=P�i�

"k=Xij

� �P�i�
"k

� Xik

P�i� ; �9:11�

where �P�i� � P�i;X � "k� ÿ P�i;X�, P�i;X� is P�i� evaluated at X, and "k is a per-

turbation vector containing all zeros except for its kth element. To better interpret

these expressions, consider ®gure 9.7, which makes it clear that the basis for a point

elasticity is the instantaneous slope of the response function at the exact value X of the
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stimulus variable; on the other hand, the basis for the arc elasticity is the slope of the

line chord connecting two values of the response function evaluated at X and (X � ").

For relatively linear response functions these two elasticities are similar, but as func-

tions become less linear the similarity diminishes. Thus, point elasticities are useful for

evaluating the impact of small changes in stimulus variables, and arc elasticities are

more robust measures valid over wider ranges of changes. Both have their roles in

model evaluation and policy analysis (see, e.g., chapters 11 and 12).

What if the attribute of interest is not continuous (e.g., in the case study, whether or

not the car rental has unlimited kilometrage or not, as opposed to the value of the

kilometre limit)? In such cases, elasticities are not de®ned, but one can still calculate

the change in the response variable generated by changing the qualitative variable

from the base discrete level to another. For example, the market share gained or

lost by changing the base rental market con®guration for a brand from unlimited to

limited kilometres per day will be helpful in gauging the relative importance of this

attribute.

Another approach for establishing the relative importance of all attributes is to

calculate the extent to which one attribute is valued in terms of a numeraire attribute,

such as price. If Xi1 is the price of the good, then @P�i;Xi�=@Xi1 is the price sensitivity

of the choice probability. Likewise, for a continuous attribute Xik, @P�i;Xi�=@Xik is the

degree to which changes in the attribute aÿect the choice probability. The marginal

rate of substitution between Xik and price (Xi1) is, therefore,

MRSk1 �
@Xi1

@Xik

� @P�i;Xi�=@Xik

@P�i;Xi�=@Xi1

: �9:12�

The unit of the MRSk1 is the price equivalent of a unit of Xik, or $/(unit of Xik). If

an attribute is discrete, rather than continuous, then we can express the value of a

change in that attribute as the price change (�Xi1) needed to exactly oÿset the

change in market share created by the change in Xik from the base case value to

another level:

VLCk1 �
�Xi1

P�i;X 0
Bk ÿ P�i;XB�

; �9:13�

where X 0
Bk is the base case attribute vector except for the changed level of attribute k.

Expressions (9.12) and (9.13) are based on choice probability as the response func-

tion. Other possibilities for response functions are market shares MSi and the latent

indirect utility functions Ui�X� themselves. If the utility functions are linear-in-the-

parameters speci®cations, it is straightforward to see that (9.12) reduces to ratios of

estimated parameters (or simple functions thereof) and (9.13) will generally simplify to

the ratio of parameters.

We illustrate the use of the utilities as response functions to evaluate relative attri-

bute importance in our case study. Figure 9.8 (which we term a `tornado' graph) shows

marginal rates of substitution and value of level changes for the attributes in the auto

rental agency and car size choice model from table 9.6. The graph makes it apparent

that unlimited kilometrage is an extremely positive characteristic to be oÿered, trans-
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lating into an equivalent $3/day in the mid-size rental rate. With respect to fuel return

policies, another positive feature to oÿer is the ability to return the vehicle with the fuel

at the level rented, which is valued at about $1.25/day. By comparison, bringing a

vehicle back with fuel at a lower level and paying a premium ($0.10±$0.15/litre) to the

rental agency to top up the tank is viewed quite negatively (also about $1.25/day); the

third return policy, which is to prepay for a full tank at a discounted price, is valued

somewhat neutrally (�$0/day). Renting a mid-size Grand Am vehicle is positively

valued at $1.25, compared to ÿ1:25 for renting a Corsica.

There are a number of other insights about the relative importance of diÿerent

attributes that can be derived from the graph, which we invite the interested reader

to undertake as a learning exercise.

Policy analysis This is the most interesting and challenging stage of any project, in

which the study team uses the model to answer the substantive questions of interest.

To do this one must de®ne a set of market scenarios to be compared with the base

case. Each scenario usually involves multiple changes to the base case conditions and

requires one to evaluate appropriate ®gures of merit (e.g., market share changes,

pro®t) and formulate policy recommendations based on outcomes.
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Very formal evaluation procedures are employed in some arenas. For example, in

transportation planning and environmental economics, which both deal with public

policy, welfare analysis provides a common framework for policy evaluation.

Coverage of this topic is beyond the scope of this book, but can be obtained from

standard microeconomics texts (e.g., Layard and Walters 1978). Instead, we merely

note that the basis for use of choice models in welfare analysis is well-developed

(e.g., Williams 1977, Small and Rosen 1981), and chapters 11 and 12 will discuss

and illustrate the use of welfare analysis in transport and environmental applications.

9.4 Summary

The objective of this chapter was to equip the reader to conduct SP choice studies by

integrating the myriad details from previous chapters into a coherent structure. We

therefore covered a rather broad range of subjects:

� study objective de®nition;

� qualitative work needed to support choice studies;

� data collection instrument development and testing;

� sampling issues;

� data collection topics;

� model estimation; and

� model and policy analysis.

Coverage on these topics varied as a function of the scope of the text, but particular

attention was given to the qualitative work, sampling issues and model estimation.
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10 Marketing case studies

10.1 Introduction

The purpose of this chapter is to illustrate practical aspects of studying consumer choice

behaviour in academic and commercial marketing settings using SP methods. The two

case studies presented emphasise marketing applications, but nevertheless should be

more broadly interesting to and useful for students of SP theory and methods.

SP preference elicitation methods have been used in academic and commercial

marketing applications since the 1960s, and indeed, no other discipline has so widely

and warmly embraced them. Rather than retrace well-known and well-worn topics

and issues, this chapter tries to synthesise advances and insights from the past ®fteen

years with speci®c emphasis on advances in probabilistic discrete-choice models.

The case studies address the following topics:

� Case study 1 deals with whether preference heterogeneity or variance heterosce-

dasticity is best able to describe consumer choices of brands of frozen orange juice

concentrate. We investigate whether certain consumer characteristics (propensity

towards planned shopping and deal proneness) are associated with diÿerences in

consumer attribute sensitivities, diÿerences in choice variability or both. These

types of behavioural diÿerences matter in marketing applications because their

policy implications are very diÿerent;

� Case study 2 investigates choice set formation and its impacts on choice model

outcomes. This case study deals with the di�cult issue of properly specifying

choice sets for consumers studied in choice modelling exercises. We show that

misspeci®cation of choice sets can have dramatic eÿects on choice model results

and strategic marketing inferences derived therefrom.

10.2 Case study 1: preference heterogeneity vs.
variance heteroscedasticity

The data in this case were collected in a major North American city for a study of

consumer choice of frozen orange juice concentrate. The juice concentrate brands
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studied are packaged in 8-ounce cans, which contain enough concentrate to make

approximately eight cups of juice. The dependent variable of interest is the brand

chosen by the consumers in the study, but it is worth noting that purchase quantity

decisions conditional on brand choice also were elicited but not reported. This

research problem was conceptualised and treated as a modi®ed consumer packaged

good (fast moving consumer good) discrete choice task, as shown in ®gure 10.1.

The primary research objective was to model the eÿect of including a non-purchase

alternative in a choice task on the attractiveness of diÿerent package sizes and the

perceived importance of certain product attributes (Olsen and Swait 1998).

Consequently, the experiment manipulated whether a `None' choice alternative was

included in the task or not (hence, could/could not be chosen). This case study only

uses choice data from subjects who oÿered `None' as a choice option.

The larger sample consists of 405 grocery shoppers randomly chosen from a local

telephone directory who agreed to participate (520 were recruited). Of the 405 who

agreed to participate, 280 returned usable surveys (an eÿective response rate of 69 per

cent).1 This case uses 209 of those individuals.

Five attributes were used to describe possible packages of frozen orange juice con-

centrate (®gure 10.1): (1) brand (levels: McCain's, Old South, Minute Maid and

Generic), (2) grade (A vs. C, where grade C juices are made from lower quality

oranges), (3) sweetness (sweetened vs. unsweetened), (4) package size (1 unit vs. pack-

age of 4) and (5) price per unit ($1.30 vs. $1.60/unit). These attributes and their levels

were described in a separate glossary (table 10.1) to ensure that all participants had a

set of common de®nitions for terms used in tasks. The attribute levels were taken from

information found on labels of juice concentrate products in local supermarkets.

An orthogonal, one-half fraction of the 4� 24 factorial design was used to create

thirty-two orange juice pro®les; this design has the property that all main-eÿects

and two-way interactions are independent of one another. The remaining thirty-two
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Figure 10.1 Case study 1 SP task layout

1 While these higher response rates are not uncommon in marketing applications, particularly when

higher incentives are employed, it is worthy of note that this study was conducted under the aegis of a

university. Respondents were informed of this, which may have helped raise response rates.



pro®les from the 4� 24 design were paired with the original thirty-two pro®les by

random assignment without replacement (chapter 5 and Louviere 1988a). A constant

third option was added to each pair; it was described as generic, grade C, sweetened

orange juice, sold by the unit at $1.00 per unit. The latter option was frequently

promoted in local supermarkets. A fourth choice option (®gure 10.1) was the

`None' option. In order to limit any one individual's task, each received a block of

sixteen choice sets that comprised half the thirty-two pairs (choice sets), which were

split into two blocks by random assignment.

Respondents were recruited by telephone, given a general description of the study

(i.e., they would have to complete a survey about frozen orange juice concentrate), and

asked how frequently they shopped for major grocery purchases. Those who went

grocery shopping two or more times per month were asked to participate in the study,

and oÿered a $2 incentive to participate, plus an additional $2 that would be donated

to a charity of their choice. Those who agreed to participate were randomly assigned

to one of the blocks described above.

In addition to the choice/quantity task, respondents also were asked about several

personal and household characteristics, of which seven items (table 10.2) are germane

to this case. The items were used to measure the two characteristics of `deal proneness'

and `proneness to planned shopping trips'; scales were constructed by ®rst analysing

the seven-category agree/disagree item responses with principal component analysis
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Table 10.1. Attribute glossary

Term De®nition

Grade Grade refers to the quality of the orange juice. Grade A orange
juice is made only from the high quality oranges that pass a rigorous
government screening programme. Grade C orange juices contain
lower quality oranges (for example, those that were damaged by an

unexpected frost).
Sweetness This refers to whether sugar has been added to the natural orange

juice. Some are sweetened, others are unsweetened (that is, no extra

sugar has been added).
Sale oÿer This refers to the number of cans that must be purchased together.

You will see one of the following:

Unit You may purchase one or more individual cans of this product at
the stated price.

Package of 4 For this sale, multiples of 4 cans of orange juice will have to be

purchased (that is, they are packaged together so that you can not
just purchase a single can).

Total Price/Package This represents the total amount of money that you would have to
spend to purchase one package. The total price per package will be

determined by both the discount being oÿered, and by the sale oÿer
(the number of units required). For example, you might be oÿered
a package of 4 for $5.60.



(PCA). The PCA results suggested that there were two latent dimensions:

PS! propensity towards planned shopping (items 1±2) and DP! deal proneness

(items 3±7). The PCA results are omitted in the interests of space, but the relevant

items were summed to construct a score for each respondent on the two constructs as

shown below:

PS � X1 � X2 �10:1a�
DP � X3 � X4 � X5 � X6 � X7; �10:1b�

where Xj is the jth item score. The two constructs measured in this way are used as

individual diÿerence variables to test two competing hypotheses about the decision

processes observed in the juice concentrate choice task:

Do the two constructs explain choice model parameter diÿerences between indivi-

duals? That is, we speci®cally test whether the utility parameters are constant across

individuals or vary for certain segments in a speci®c way. For example, a high score on

the DP construct might indicate higher price sensitivity and a preference for package

oÿers (4-can packs vs. units) than might otherwise be the case. Similarly, high scores

on the PS construct might indicate less preference for 4-pack oÿers. Alternatively,

these two constructs might explain the consistency (or variability) of individual con-

sumers' choices. For example, high scores on the PS construct might be associated

with more consistent choices of `None', which can be modelled by parametrising both

the utility function and the variance of the errors.

In order to compare these competing hypotheses we speci®ed two variants of the

basic MNL model:

1. A latent class model (see appendix B, section B6.4 in chapter 6).2 This model

assumes that there are S classes (or segments) in the population, each of which

is associated with a diÿerent parameter vector þs in the corresponding utility

function (Swait 1994). The model simultaneously assigns individuals to segments

with a polychotomous MNL model (with parameters ÿs to be estimated),

and infers the utility parameters from a second MNL model. The explanatory
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Table 10.2. Item list

1. Before going shopping I make out a detailed shopping list.
2. I only buy items on my shopping list.
3. I frequently use coupons when shopping.

4. I carefully look through the newspaper to see what specials are oÿered at
diÿerent stores.

5. I frequently stock up on items when they are on sale.

6. I always try to get the best deal when shopping for groceries.
7. I frequently stock up on juice when it is on sale.

2 Latent class models are only one way to model taste variation. See chapter 6 for more discussion.



variables in the classi®cation comprise the vector Zq containing DP and PS, where

q is an individual. The juice attributes comprise vector Xi. The dependent variable

is the chosen juice option because the number of segments and the segment mem-

bership of a particular consumer are not observed (hence, `latent class model').

2. A model that permits the random component variance to be parametrised as a

function of DP and PS. We used the covariance heterogeneity (CovHet) HEV

model of chapter 6 (appendix B, section B6.2) to model the variance as a function

of these two covariates.

We ®t and discuss both model speci®cations, and then test which speci®cation is the

best approximation to the observed choice behaviour.

10.2.1 The utility parameter heterogeneity hypothesis

To develop a discrete representation of the distribution of a vector of utility para-

meters in a population using a latent class model, one ®rst must estimate the number

of classes, S. This is a discrete, not a continuous, parameter, which creates problems

for maximum likelihood theory because it requires continuity of the parameter space.

Thus, there is no one rigorous way to select the `right' S, but rather a number of

methods have been used based on the Akaike Information Criterion (AIC) and its

variants. AIC-type measures encourage parsimonious model selection by penalising

log likelihood improvements due to larger number of parameters; multiple measures

tend to be used to guide selection of S. In a similar vein we used AIC and Consistent

AIC (CAIC) to guide model selection. CAIC is a function of sample size as well as the

dimensionality of the parameter space. For this model speci®cation,

AIC � ÿ2�LL��̂� ÿ S � Kþ ÿ �S ÿ 1�Kÿ� �10:2a�
CAIC � ÿ2LL��̂� ÿ �S � Kþ � �S ÿ 1�Kÿ ÿ 1��ln �2N� � 1�; �10:2b�

where LL��̂� is the log likelihood at the estimated parameters �̂, � � �þ; ÿ�, Kþ is the

number of elements in the utility function of the segment-speci®c choice models, Kÿ is

the total number of parameters in the classi®cation model, and N is the number of

observations in the sample. The value of S that minimises each of the measures

suggests which model should be preferred.

The utility functions for the segment-speci®c choice models (see section B6.4 for

details) contain brand-speci®c constants (four ASCs), the main eÿects of the four

attributes (four utility parameters), and all two-order interactions of the four attri-

butes (six utility parameters). The classi®cation model involves three parameters for

each segment to specify the eÿects of the two constructs and their interaction (DP, PS

and DP� PS). Thus, Kþ � 14S and Kÿ � 3�S ÿ 1�. In order to be conservative, we

used N � 209 (i.e., the number of respondents) rather than 209� 16 (the number of

choice observations) as the total number of observations in the analysis.

We estimated models for S � 1; . . . ; 4, and graphed AIC and CAIC (®gure 10.2).

For this range AIC decreases monotonically, while CAIC reaches a minimum at

S � 2. We omit the three- and four-segment solutions in the interests of space, but
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Table 10.3. Latent 2-class parameter estimates

Parameter estimates
(t-statistics in parentheses)

Parameters Segment 1 Segment 2

Utility function
McCain's 1.476(1.6) ÿ0:727�ÿ7:0�
MinMaid 2.631(3.0) ÿ0:608�ÿ5:7�
OldSouth 2.478(2.8) ÿ1:043�ÿ8:6�
Generic 0.405(0.0) ÿ1:659�ÿ13:4�
None 0 0
Grade ��1 � A;ÿ1 � C� 29.877(60.0) 0.756(11.0)

Sweetness ��1 � sweet;ÿ1 � unsweet� 16.770(13.6) ÿ1:102�ÿ15:8�
4 pack ��1 � 4 pack;ÿ1 � unit� ÿ12:618�ÿ10:7� ÿ0:124�ÿ2:1�
Price � �xÿ 1:45�=0:15 ÿ0:494�ÿ1:7� ÿ0:491�ÿ9:1�
Grade� sweetness ÿ16:035�0:0� ÿ0:003�0:0�
Grade� 4 pack 20.945(0.0 ÿ0:007�ÿ0:1�
Grade� price ÿ7:701�ÿ25:4� ÿ0:028�ÿ0:6�
Sweetness� 4 pack ÿ0:859�ÿ0:7� 0.057(1.0)

Sweetness� price ÿ0:401�ÿ1:1� 0.207(3.8)
4 pack� price 7.862(0.0) ÿ0:090�ÿ1:7�

Predicted segment size (sample) 11.7% 88.3%

Latent segment membership
scoring function
PS ÿ1:556�ÿ2:8�
DP ÿ2:755�ÿ6:8�
DP� PS 1.397(1.5)

Summary statistics

Log likelihood (random choice) ÿ3083:12
Log likelihood at convergence ÿ2304:54
No. of parameters 31
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Figure 10.2 Selection of S



they yielded a large number of non-signi®cant parameters, and in the four-segment

solution produced a very small, counterintuitive segment. This led us to stop seeking

further segments in this data. The results beyond two segments are likely to be unreli-

able because of the sample size we have available: latent class models are notoriously

data-intensive. Selection of S is aided by these statistics, but analyst judgement should

direct the decision.

We selected the two-segment solution as the best model to approximate utility

parameter heterogeneity (see table 10.3). This model predicts that 12 per cent of the

sample are in segment 1 and the other 88 per cent in segment 2. Membership in

segment 1 decreases with increasing DP and PS, but the positive and statistically

signi®cant interaction term between these two characteristics indicates that the eÿect

of increases in both factors is to ameliorate both main eÿects. The two constructs

aÿect the membership probability for segment 2 exactly the opposite of segment 1

because segment 2's membership probability is simply one minus that of segment 1.

One can see diÿerences in utility parameters for each segment more easily using the

graphs in ®gure 10.3. These so-called `radar' plots can be quite informative once one

learns how to interpret them. That is, ®gure 10.3a displays the utility parameters of

segment 1 that are statistically signi®cant at the 90 per cent con®dence level, each on a

radial axis (not shown for clarity) with the name of the corresponding parameter at the

outer extremity of its axis. The points are connected by straight lines to create an

irregularly shaped polygon. The more the polygon resembles a circle, the more the

parameters are equal in magnitude. If a polygon does not extend in a certain direction,

the corresponding parameters are not statistically signi®cant.

Thus, ®gure 10.3a suggests that segment 1 utilities are based partly on brand (par-

ticularly Minute Maid and Old South) and partly on attributes (grade, sweetness and

package size). On average price is not statistically signi®cant (main eÿect in table 10.3

for segment 1 reveals a t-statistic of ÿ1:7, which is slightly below the 90 per cent

con®dence level), but the grade� price interaction is signi®cant, implying more

price sensitivity for grade A and less price sensitivity for grade C (the latter is some-

what counterintuitive). Finally, segment 1 exhibits a very low probability of choosing

None (all brand-speci®c constants > 0, the implicit value of the ASC of the None

option).

In contrast, segment 2 exhibits a high probability of choosing None (all brand-

speci®c constants < 0), and a low probability of choosing generic orange juice (the

most negative ASC). All brand and attribute main eÿects are signi®cant at the 95 per

cent con®dence level (see table 10.3), and there is a signi®cant sweetness� price inter-

action. This interaction implies less price sensitivity �ÿ0:284 � ÿ0:491� 0:207� for

sweetened compared with unsweetened juices �ÿ0:698 � ÿ0:491ÿ 0:207�.

10.2.2 The variance heterogeneity hypothesis

The results of the CovHet HEV model that parameterises variance heterogeneity as a

function of DP and PS are in table 10.4 (for the same data used to estimate the latent

class model in table 10.3). In contrast to the latent class results, all ASCs and attribute
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main eÿects are signi®cant, but no attribute interactions are signi®cant. This suggests

that the scale (variance) of the random component of utility increases (decreases) with

increases (decreases) in PS and DP. That is, as both quantities increase, the impact on

the scale (variance) decreases (increases), owing to the signi®cant interaction term.

The log likelihood of the CovHet model is ÿ2340:65 compared to the 2-class model,

which has a log likelihood of ÿ2304:54. The CovHet model does not explain choices as

well as the latent class model, which should be expected because the latter has almost
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Figure 10.3 Radar plots of 2-class taste parameters (90 per cent

con®dence level)



twice the number of parameters. The empirical issue is whether the additional expla-

natory power from the model with more parameters is signi®cant enough to reject the

more parsimonious CovHet speci®cation.

10.2.3 Testing the alternative behavioural hypotheses

Comparison of the two models is complicated by the fact that the speci®cations are

non-nested. The non-nested test of Ben-Akiva and Swait (1986) based on the Akaike

Information Criterion was discussed in chapter 9 (section 9.3.6), and we use this for

the present test. The ®t measures (equation (9.8)) for the models are respectively

0.2353 for the CovHet model (seventeen parameters) and 0.2425 for the two-class

model (thirty-one parameters), or a diÿerence of 0.0072. Hence, the probability that

a model with fourteen more parameters is superior to the CovHet speci®cation is less

than or equal to 1:3� 10ÿ14 (equation (9.9)). Thus, it is highly likely that the CovHet

model is a better description of the choices observed in this particular data set.
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Table 10.4. CovHet HEV parameter estimates

Parameter estimates
Parameters (t-statistics in parentheses)

Utility function
McCain's ÿ0:156�ÿ3:0�
MinMaid ÿ0:120�ÿ2:8�
OldSouth ÿ0:203�ÿ3:1�
Generic ÿ0:319�ÿ3:1�
None 0

Grade ��1 � A;ÿ1 � C� 0.149(3.1)
Sweetness ��1 � sweet;ÿ1 � unsweet� ÿ0:202�ÿ3:1�
4 pack ��1 � 4 pack;ÿ1 � unit� ÿ0:031�ÿ2:2�
Price � �xÿ 1:45�=0:15 ÿ0:123�ÿ3:1�
Grade� sweetness ÿ0:008�ÿ0:8�
Grade� 4 pack 0.014(1.3)

Grade� price 0.003(0.3)
Sweetness� 4 pack ÿ0:007�-0.7)
Sweetness� price 0.016(1.7)
4 pack� price ÿ0:013�ÿ1:3�

Covariates of scale function
PS 1.750(3.4)
DP 2.271(4.9)

DP� PS ÿ2:573�ÿ3:4�
Summary statistics
Log likelihood (random choice) ÿ3083:12
Log likelihood at convergence ÿ2340:65
No. of parameters 17



Some may ®nd this result surprising because CovHet HEV is a relatively simple

model that slightly extends MNL by allowing the error variances to be a function of

individual characteristics and stochastically distributed over the population. Yet, this

simple story reads better than a more complex utility heterogeneity story. Latent class

models attempt to capture utility heterogeneity with a ®nite number of support points

that can be generalised to a random parameters model (see appendix B, chapter 6).

We do not pursue the possibility here, but we acknowledge the fact such a ¯exible

speci®cation might perform better than the variance heterogeneity model, although

Bunch (reported in Louviere, et al. 1999) recently showed that the number of observa-

tions required to satisfy asymptotic theory in such models was many times that for

models such as MNL, and he only investigated `small problems' (e.g., three choice

alternatives and a few attributes).

We conclude this particular case study by noting that the results illustrate why it is

important to consider random component heterogeneity when modelling choice data

from any source. Chapter 13 presents more evidence of its pervasive role in preference

data.

10.3 Case study 2: choice set generation analysis

This case study addresses a most challenging issue in choice modelling, namely making

inferences about choice set structures. In chapter 9 (see discussions of expressions

(9.1)±(9.3)) we noted that consumers make a certain choice from a given choice set

Cn, and so we assumed that one knows Cn. In some situations it may be possible that

one can know the `true' choice set, but this is not the case in general. As pointed out by

Swait (1984), Swait and Ben-Akiva (1985, 1987a,b), inferences about preference (and,

by extension, variance) parameters will be biased if one misspeci®es the choice set for

the observation.

In the case of RP data, knowledge of Cn generally is not available, so many

researchers assume that (1) all alternatives in existence are available to all observa-

tions, or (2) that some deterministic criteria can be used to eliminate alternatives from

the universal set (e.g., autos are not choices for those who don't have cars or driving

licences). The ®rst option often is justi®ed by arguing that the `true set' is nested in the

universal set, so it's better to include alternatives that shouldn't be in the set than omit

alternatives that should be. Unfortunately, Swait and Ben-Akiva (1985) show that

including irrelevant alternatives in choice sets underestimates the impact of attribute

changes.

The issue of choice set generation probably is less likely to impact SP data because

choice sets are controlled, but choice set generation issues cannot be ruled out.

Speci®cally, SP tasks oÿer consumers arrays of options with certain characteristics,

but they may consider only a subset of the options oÿered. That is, SP tasks control

only the universal set of alternatives, not the individual's actual choice set.

Although choice set speci®cation is critical, little eÿort has been devoted to it

because modelling choice set generation is extremely complex owing to the potential
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size of the problem. For example, expression (9.3) shows that for a universal set with J

alternatives, �2J ÿ 1� possible choice sets must be taken into account. If J � 3, there

are only seven sets, but if J � 10, there are 1023 sets. If J � 20, there are 1,048,575

sets! Diÿerent approaches have been used to address this size issue (e.g., explicitly

omitting certain choice sets, say by size of set), but it is safe to say that the modelling of

choice set generation is still in its infancy and needs much more research attention.

This case study applies a particular model of choice set generation described below

to SP choice data collected from a convenience sample of undergraduate students at a

major North American university (see Erdem and Swait 1998 for more details). The SP

task was based on a simple brand/price design for brands of jeans that included ®ve

brands (Calvin Klein, Gap, Lee, Levi's and Wrangler). All brands were present in

every choice scenario, but their prices varied in each set (each brand had four price

levels). As well, all choice sets oÿered a `None of These' option so that respondents

could choose none of the brands oÿered. Figure 10.4 shows a typical choice set; each

of ninety-two respondents evaluated seventeen of these choice sets.

Respondents also rated each brand on a number of dimensions, and for our purposes

we note that some of these ratings were used to construct a perceived quality (PQ)

construct using LISREL (see Erdem and Swait 1998). We estimate a utility function

for brand i that includes an ASC, the perceived quality measure and the natural log-

arithm of price. The choice set generation component is based on Swait's (1984) inde-

pendent availability logit (IAL) model. That is, the probability of choosing brand i is

Pin �
X
C�ÿn

PinjCQnC; �10:1�

where C is a choice set, ÿn is the set of subsets of Cn, PinjC is the probability of

choosing i given set C, and QnC is the probability set C is observation n's choice

set. This model assumes that choice sets are latent, and the conditional choice

model is MNL:

PinjC � exp �þXin�X
j2C

exp �þXjn�
: �10:2�
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Now we’re going to present you with the opportunity to do some shopping. Suppose you’re
shopping for jeans and find the following brands offered at the stated prices. In each scenario
below, please indicate which one brand you would most prefer to buy, or if you like none of the
offers, indicate you’d buy none of these. Consider each scenario independently of all others.

Scenario Jeans
X CK Gap Lee Levi ’s Wranglers I’d choose

 $44.99  $34.99  $54.99  $24.99  $34.99 NONE
I would
choose

( only one): 1 2 3 4 5 6

Figure 10.4 Typical choice scenario for brand/price task



The probability that the true choice set is C � Cn is given by3

QnC �

Y
j2C

Ajn

Y
j2CnÿC

�1ÿ Ajn�

1ÿ
Y
j2Cn

�1ÿ Ajn�
; �10:3�

where the probability Ain of alternative i 2 Cn being `available' or in choice set C is

speci®ed by a parametrised logistic function, as follows:

Ain �
1

�1� exp �ÿÿZin��
: �10:4�
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3 The normalisation factor in this expression is to account for the possibility that all alternatives are

unavailable.

Table 10.5. MNL and IAL parameter estimates

MNL parameter IAL parameter
estimates estimates
(t-statistics in (t-statistics in

Parameters parentheses) parentheses)

Utility function

Calvin Klein 19.286(18.3) 27.656(11.7)
Gap 20.482(18.9) 26.942(11.8)
Lee 13.149(5.8) 18.069(5.0)

Levis 19.139(19.1) 25.396(12.4)
Wranglers 5.686(2.8) 15.359(3.0)
PQ(CK) 1.041(14.1) 1.493(10.3)

PQ(Gap) 1.000(13.2) 1.340(10.4)
PQ(Lee) 1.077(7.6) 1.548(7.0)
PQ(Levi's) 1.182(14.0) 1.580(10.8)

PQ(Wranglers) 1.350(9.8) 2.251(8.5)
ln(Price(CK)) ÿ5:209�ÿ17:6� ÿ7:549�ÿ11:5�
ln(Price(Gap)) ÿ5:547�ÿ18:3� ÿ7:431�ÿ11:5�
ln(Price(Lee)) ÿ4:367�ÿ6:5� ÿ5:953�ÿ5:7�
ln(Price(Levi's)) ÿ5:047�ÿ18:3� ÿ6:837�ÿ12:1�
ln(Price(Wranglers)) ÿ2:467�ÿ4:2� ÿ5:216�ÿ3:5�

Availability functions

Calvin Klein 0 1.636(6.6)
Gap 0 2.413(5.7)
Lee 0 0.618(0.8)

Levi's 0 2.493(6.0)
Wranglers 0 ÿ0:814�ÿ2:6�
None of these 0 0.920(2.3)

Summary statistics

Log likelihood (random choice) ÿ2734:22 ÿ2734:22
Log likelihood at convergence ÿ1398:57 ÿ1382:46
No of parameters 15 21



In this expression, ÿ is a parameter row vector and Zin is a column vector of co-

variates.

The IAL model assumes that alternatives (brands plus `None') are in or out of the

choice set independently. This clearly is a restrictive assumption because if Gap is in

a choice set Calvin Klein also is likely to be there. However, the independence

assumption does provide model tractability and permits an analysis of choice set

structure without an a priori arbitrary imposition of some criteria to de®ne choice set

generation.

Table 10.5 presents MNL and IAL models estimated from 9156 choices. The IAL

model only included ASCs in the availability functions (expression (10.4)). A test of

the hypothesis that these availability ASCs are simultaneously zero produces a chi-

squared statistic of 32.2 �� ÿ2�ÿ1398:57� 1382:46�; 6 d.f.). The critical value of �2 at

the � � 0:05 con®dence level is 12.59, which strongly rejects the hypothesis that all

individuals have a universal set of six alternatives as their choice set. (Note the caveat

that the choice set generation model assumes alternatives are independently available.)

A comparison of utility parameters in both models reveals that slopes in the IAL

model are greater in absolute value. This result is predicted by Swait and Ben-Akiva

(1985) because inclusion of non-considered alternatives dampens the measured impact

of attributes. In particular, the price sensitivity of Wranglers more than doubles in the

IAL model. In the surveyed population, Wranglers is infrequently considered (it's the

only brand with a negative coe�cient in the availability function), so when we estimate

price sensitivity without proper speci®cation of choice set structure, the price sensitiv-

ity of Wranglers seems lower than it actually is among individuals who consider it.

The choice set generation portion of the model can be used to calculate the pre-

dicted distribution of choice set size (®gure 10.5). The most likely sizes are four and

®ve alternatives (including `None'), and set sizes of one or two are unlikely (total

probability of about 0.03). The marketing implications of this result are that no brands
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in this sample have a `captive' segment; instead, it is more likely that each brand

competes with two or three others.

Figure 10.6 compares brands in terms of their likelihood of being in choice sets. For

example, over the possible sixty-three sets of alternatives, Calvin Klein has a prob-

ability of approximately 0.83 of being in some choice set, Gap and Levi's are the

brands most likely to be in all choice sets, Lee's inclusion probability is about 0.6

and Wranglers has a much lower inclusion probability of 0.3. `None' has a high

inclusion probability, indicating that consumers are ready to reject higher prices.

The most likely competitors for each brand can be estimated by calculating the

probability of occurrence of each possible choice set to determine which speci®c sets

are most likely. Nine choice sets jointly exhibit a total probability of 0.76 that the true

choice set is among them (arrayed in decreasing order of likelihood in table 10.6). The

most likely set is {CK, Gap, Levi's, None; probability � 0.23}, the next most likely set

adds Lee and Wranglers to the most likely set (probability � 0.12).

This result supports the observation that all brands seem to compete with several

other brands (if not all of them!). Thus, the probability of choice goes up for all brands

because their consideration probabilities are higher, but the executives of CK, Gap

and Levi's face the challenge that these brands need further diÿerentiation to increase

the likelihood of smaller choice sets! In fact, in this segment, it could be argued that

Lee and Wranglers fare better because they are being considered outside their tradi-

tional market. We risk making more of this result than the small sample size and

convenience sample justi®es, hence we conclude by noting that the results illustrate the

rich behavioural insights that choice set generation models can provide.

Additional information on the topic of choice set generation can be found in Swait

and Ben-Akiva (1987a,b), Roberts and Lattin (1991), Ben-Akiva and Boccara (1995),

Horowitz and Louviere (1995) and Andrews and Srinivasan (1995), among others.
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10.4 Summary

The purpose of this chapter was to illustrate how SP methods can be used to address

marketing issues such as product design, pricing, distribution, etc. Case study 1

showed that variance diÿerences may sometimes account for diÿerences between seg-

ments better than preference heterogeneity. Case study 2 demonstrated the importance

of correct speci®cation of choice sets, and the important strategic and behavioural

insights that can be obtained from models that incorporate better speci®cations of

choice sets.
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Table 10.6. Most likely choice sets

Probability
of

Choice sets occurrence

CK Gap Levi's None of these 0.228
CK Gap Lee Levi's Wranglers None of these 0.123

CK Gap Lee Levi's 0.101
CK Gap Levi's Wranglers None of these 0.091
CK Gap Levi's 0.055

Gap Lee Levi's None of these 0.049
CK Gap Lee Levi's Wranglers 0.044
Gap Levi's None of these 0.040

CK Gap Levi's Wranglers 0.024



11 Transportation case
studies

11.1 Introduction

Throughout this book we have used examples to help readers gain an appreciation of

the way in which analysts study choice behaviour. This chapter presents a number of

examples to illustrate how transport modellers might use stated choice and revealed

preference data. The applications are su�ciently varied to give an appreciation of the

ways to approach the study of traveller behaviour.

The ®rst study is an extension of the application used in chapter 6 for intercity non-

business travel between Sydney, Canberra and Melbourne. Revealed preference data is

enhanced with stated preference data to evaluate the demand for a new mode of

transport ± high speed rail. The second case study continues the same theme of

high-speed rail for the Sydney±Canberra corridor, but with a diÿerent choice experi-

ment. Case study 1 is based on an experiment in which all existing modes plus a new

alternative are included in the design of the stated choice experiment, but in case study

2 only the new alternative de®nes the attribute combinations in a fractional factorial

design. The high speed rail alternative oÿered to the market is compared to each

traveller's current mode and attribute levels in three choice scenarios in which the

decision is framed as a switching task.

Case study 3 illustrates how stated choice models are used to derive attribute

valuations. Behavioural values of travel time savings are obtained for car travel

by trading between a proposed toll road oÿering travel time savings and an

existing untolled route. Case study 3 uses a choice experiment in which

alternatives are unlabelled, and analysed as ranked alternatives. We use this

example to extend the idea of single value of travel time savings to a valuation

function in which the value of travel time savings is a function of the level of toll and

trip time.

The fourth case study brings together SP and RP data in the context of choice of

ticket type and mode for commuting in Sydney. Case study 4 reinforces the warning

that estimating and applying a stand-alone SP model when elasticities and predictions

are required is not to be recommended. Case study 4 provides a comparison of the
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elasticities associated with an HEV and MNL model for combined SP±RP data and

stand-alone SP data.

The emphasis in this chapter is on the way that stated choice data are used and not

on the details of how the choice experiments are designed per se.

11.2 Case study 1: introducing a new alternative: high
speed rail and the random effects HEV model in
an SPÐRP context

The data used to illustrate the application of the HEV model are drawn from a 1986

pre-feasibility market study associated with a Very Fast Train (VFT) project in

Australia. We extracted 197 surveys of non-business travel between Sydney,

Canberra and Melbourne for analysis. The revealed preference (RP) mode choice

set comprised four modes (plane, car, coach and conventional train). The stated pre-

ference (SP) choice set included the four RP modes plus a new high speed rail alter-

native. For their most recent intercity trip, each sampled decision maker provided

details of the travel time components (access, line-haul and egress), the cost, and

transfers (if public transport was used) of their chosen means of transport and each

of the modal alternatives. Hensher and Bradley (1993) used these same data to esti-

mate a joint ®xed eÿect RP/SP model with a constant scale factor ratio between the

RP and SP sources.

The SP experiment involved three three-level attributes (access plus egress time, in-

vehicle or line-haul time for the main mode and total cost) that were used to describe

®ve mode choice options (drive, ¯y, bus, current train and very fast train). There are

�33�5 possible choice sets that could be described by combinations of the attribute

levels, which are too many to be observed in any feasible sampling approach. We

constructed a subset of this larger design by using an orthogonal design to make 108

choice sets from a 315 factorial.

Each sampled respondent received four choice sets that included the four RP modes

plus a new high speed rail alternative. The task was individualised as follows: for their

most recent intercity trip, each respondent self-reported their travel time components

(access, line-haul and egress), cost and a transfer (if public transport was used for the

mode they actually chose) and provided the same information for each other mode

alternative. Respondents ranked the ®ve mode options in each choice set in order of

preference. The ®rst-preference rank was de®ned as the chosen mode in the current

example application.

MNL models with constant variance were estimated from the RP and SP data,

respectively (table 11.1). Examination and comparison of these models shows that the

sensitivity tomode attributes (travel time and cost) are of the same order ofmagnitude in

both data sources. However, as noted in previous chapters, direct comparisons of

choice model utility parameters from diÿerent data sources are not possible without

controlling for variance diÿerences because the estimated parameters confound scale

and utility.
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Table 11.1 also presents the HEV model on the pooled RP/SP data, which controls

for scale diÿerences between RP and SP, in this case at the mode-speci®c level (the

scale parameter for Car in the SP data set is normalised to one). In contrast, most

academic and commercial applications of data fusion have not controlled for scale

diÿerences at the alternative level (e.g., Adamowicz et al. 1997, Ben-Akiva and

Morikawa 1991, Hensher and Bradley 1993, Swait and Louviere 1993); instead,
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Table 11.1. Heteroscedastic extreme value model estimation

RP SP RP� SP
MNL model MNL model HEV model
estimated estimated estimated

parameters parameters parameters1

(t-stats in (t-stats in (t-stats in
Parameter parentheses) parentheses) parentheses)

Utility function (taste)
parameters

Alternative-speci®c constants
Plane±RP ÿ0:228�ÿ0:5� 1.981(2.8)
Train±RP 0:725��3:0� 1.983(3.1)

Coach±RP ÿ0:225�ÿ0:9� 1.897(2.1)
Car±RP 0 0
Plane±SP 0:502��0:4� 1.714(0.7)

VFT±SP 2:014��2:2� 2.019(2.6)
Train±SP ÿ0:546�ÿ1:2� 1.705(1.1)
Coach±SP ÿ0:736�ÿ2:2� 1.768(0.4)

Car±SP 0 0

Generic mode attributes
Cost ($) ÿ0:0259�ÿ3:9� 0:0317�ÿ2:0� ÿ0:00184�ÿ2:0�
Door-to-door time (min) ÿ0:0039�ÿ5:3� ÿ0:0027�ÿ1:8� ÿ0:00018�ÿ2:1�

Scale parameters
Plane±RP 1.00 0.167{8.37(1.1)}

Train±RP 1.00 0.179{7.77(1.4)}
Coach±RP 1.00 0.152{9.13(1.2)}
Car±RP 1.00 1.465{0.95(2.8)}
Plane±SP 1.00 0.182{7.65(1.7)}

VFT±SP 1.00 0.154{9.04(1.9)}
Train±SP 1.00 0.192{7.22(1.7)}
Coach±SP 1.00 0.150{9.26(1.7)}

Car±SP 1.00 1.392{1.00}

Goodness-of-®t
Log likelihood at convergence ÿ244:9 ÿ220:4 ÿ536:6
Rho-squared 0.096 0.301 0.373

Note: 1Parameters in f�g are estimated standard deviations of error terms, and corresponding t-values.



error terms have typically been assumed IID within data source, leading to a single

variance ratio to be estimated.

The HEV model in table 11.1 reveals some signi®cant scale parameters in the data,

suggesting interesting comparisons within and between data sources. For example,

note the similarity between the car scale parameters in the RP and SP data. This

observation seems to hold for all common mode pairs across the two data sources,

such that the ratio of the RP to SP scale factors for each mode is about unity. This

suggests that the SP experimental choice task was well designed in the sense that it

captured error variability levels comparable to those in the RP data; intuitively, this

should enhance our ability to pool these data.1

Another interesting insight provided by the mode-speci®c scale factors can be seen

by noting that the ratio of the scale factors of all modes in either data set to that of car

is quite small (on the order of one-eighth). Hence, these other modes have error

variances with an order of magnitude greater than that of car, both in the real market

place and in the SP choice task. This further suggests that consumers as a group

behave much less consistently (i.e., reliably) when evaluating non-car modes than

when evaluating the car mode. These rich behavioural insights are indicative of the

bene®ts of modelling heteroscedasticity in choice models, and are the basis for for-

mulating potentially rewarding avenues of research to explain the behavioural foun-

dations of the heteroscedastic errors (see appendix B6).

11.3 Case study 2: high speed rail and random effects
HEV in a switching context

In 1994 Speedrail Pty Ltd proposed a high speed rail system to link Sydney and

Canberra with a through train service of 75 minutes. Typical door-to-door travel

times of 120 minutes contrast with plane times of 140 minutes, car times of 200

minutes, coach times of 220 minutes and existing train times of 320 minutes.

Drawing on an extensive feasibility study in all markets, we illustrate the use of a

random eÿects HEV model by estimating switching mode choice models for the cur-

rent business air market, the second largest market in the corridor.

Seven attributes of strategic or policy interest were varied in the choice experiment.

They are travel time by HSR, frequency of service, a range of fares and discounts

available for a family/group. Attribute levels are summarised in table 11.2. Because the

primary interest centres on switching, the design problem involves the creation of HSR

pro®les that respondents will compare to their most recently chosen mode for a trip in

the corridor, and decide if they would stay with their last chosen mode or switch to the

new mode once it is available. There are seven attributes, and each is assigned three

levels. The complete factorial of possible HSR pro®les, therefore, is a 37 �� 2187

combinations). Because all attributes are numerical, and their preference directionality
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is known a priori, there is the possibility of dominant or dominated pro®les. In this

case, such pro®les were eliminated from the ®nal fractional factorial design because

they should provide no useful information (Hensher and Barnard 1990). However, it

should be noted that there is controversy over the eÿects of dominant/dominated

options because in many designs it is not clear whether they dominate or are domi-

nated by options such as `choose none'. Thus, one may wish to exercise caution in

eliminating such options from designs because they can have signi®cant impacts on the

statistical properties of the resulting designs. In the present case, we used a 37ÿ4

orthogonal fraction to create twenty-seven pro®les, which were further reduced to

eighteen pro®les after eliminating dominant/dominated pro®les.

The eighteen pro®les permitted us to estimate only the main eÿects of the attributes;

hence, the utility function in this case is strictly additive in the attribute eÿects. We

randomly assigned the eighteen pro®les to blocks of three, each of which constitutes a

`version' of the choice experiment survey. The blocks are shown below for pro®les

numbered 1 to 18 (table 11.3 contains pro®les corresponding to these numbers):

f17; 2; 18gf4; 13; 3gf16; 12; 5gf1; 15; 6gf7; 11; 9g and f8; 10; 14g:

A surveyed respondent was asked to evaluate one choice set at a time and to choose

between their current mode of travel and HSR; indicating which fare class they would

select if choosing HSR. This choice process was undertaken three times.

The example herein is limited to air business travel, although all current modes

(i.e., car, coach, conventional train and air) and trip purposes were investigated in

the larger study. A self-administered questionnaire was handed out as air passengers

boarded a ¯ight in Canberra or Sydney, completed on board the aircraft and handed

in at disembarkation. Flights were sampled over three days in 1994 and at various

times of the day to capture both the peak business market and oÿ-peak travellers.

Of 1400 questionnaires distributed, 56 per cent were returned. The stated choice data

were used to model the eÿects of the policy variables on switching between the mode

used on the most recent business air trip in the corridor and HSR in one of four fare

classes.
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Table 11.2. The attribute set and levels for HSR

Attributes Levels

Station to station travel time (minutes) 3: high, medium, low (3 hours, 2 hours, 1 hour)

Daily one-way service frequency/headway 3: high, medium, low (hourly, 2-hourly, 3-hourly)

First class fare (one-way) 3: high, medium, low ($115, $95, $75)

Full economy class fare (one-way) 3: high, medium, low ($70, $60, $50)

Discount economy fare (one-way) 3: high, medium, low ($45, $35, $25)

Oÿ-peak discount fare (one-way) 3: high, medium, low ($40, $30, $20)

Additional discount for a family 3: high, medium, low (50%, 30%, 10%)

(2 adults, at least 1 child < 16 yrs old)



Multinomial logit (MNL) and random eÿects HEV switching models (see

appendix B, chapter 6) were estimated following extensive exploratory analysis of

the data to ensure that the ®nal models were both behaviourally plausible and parsi-

monious in application. The set of attributes in¯uencing modal switching and fare

class choice includes travel time, travel cost and a household's ability to pay. The

business market currently served by air travel is de®ned by four classes of air travel

(®rst class, business class, full economy and discount economy). Average air fares

range from $212 for ®rst class to $99 for discount economy. Three of the four HSR

fare classes were analysed because the oÿ-peak HSR ticket was only chosen by two

people.

Table 11.4 contains the results for the MNL model with the constant variance (CV)

assumption and the HEV model with free variance. The HEV scale parameters are

the inverse of the standard deviation of the random component of the utility expres-

sions associated with each alternative. If the CV assumption holds, one expects all

variances to be statistically indistinguishable (i.e., � 1.0 on normalisation).

Constraining variance to 1.0 (HSY-dy) enables one to test deviation from unit

variance. We re-normalised the scale parameters to a base of 1.00 for HSY-dy to

compare scale parameters instead of standard deviations. The scale parameters for

Air-fc, Air-bc, and Air-dy are very similar; in contrast Air-fy is quite diÿerent, and

substantially higher. This provides evidence of signi®cantly diÿerent mean variance,

which in turn requires analysts to explicitly take this into account through diÿerent

Transportation case studies 303

Table 11.3. The ®nal set of choice sets for Speedrail for full Sydney±Canberra trip

First Full Discount Family/Group
Set Time Frequency class economy economy Oÿ-peak Discount

A01 3 hours 2 hourly 115 70 25 40 10
A02 1 hour 2 hourly 95 70 35 30 30
A03 3 hours 3 hourly 75 60 35 20 30

B01 2 hours hourly 95 60 35 40 10
B02 2 hours hourly 75 70 45 40 30
B03 1 hour 3 hourly 115 60 45 40 50

C01 3 hours hourly 95 50 45 30 50
C02 1 hour 3 hourly 95 70 45 20 10
C03 2 hours 2 hourly 115 50 45 20 30

D01 1 hour hourly 75 50 25 20 10
D02 2 hours 3 hourly 115 50 35 20 50
D03 2 hours 3 hourly 75 70 25 30 50

E01 3 hours hourly 115 70 35 20 50
E02 1 hour 2 hourly 75 50 35 40 50
E03 3 hours 3 hourly 95 50 25 40 30
F01 3 hours 2 hourly 75 60 45 30 10

F02 1 hour hourly 115 60 25 30 30
F03 2 hours 2 hourly 95 60 25 20 50



scales associated with each observed attribute. As previously discussed, this is one of

the attractive features of HEV.

The attributes that in¯uenced choice between fare classes and modes for the current

business air market were air and HSR fares, door-to-door travel times, personal

incomes and party sizes. HSR will minimise time spent at airports due to scheduling

and minimum check-in time, and is also considerably less expensive than air travel.

Relative to the discount economy fare class for both air and HSR, there was a statis-

tically signi®cant positive personal income eÿect, almost four and a half times greater

at the margin for ®rst and business class compared to full economy travel. Party size

had a statistically signi®cant positive in¯uence on the selection of a discount economy

ticket, as might be expected. Even within the business market, there often are groups

travelling on business who seek relatively low fares.
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Table 11.4. Empirical results for the current business air market

MNL HEV

Utility Utility

Variable Alternative parameter t-statistic parameter t-statistic

One-way adult cost ($) All ÿ0:0231 ÿ6:00 ÿ0:0127 ÿ2:10

One-way total time (mins) Air-fc,bc HSR-fc ÿ0:0222 ÿ10:63 ÿ0:0138 ÿ2:72

One-way total time (mins) Air-fy HSR-fy ÿ0:0229 ÿ12:11 ÿ0:0157 ÿ2:69

One-way total time (mins) Air-dy HSR-dy ÿ0:0138 ÿ5:78 ÿ0:0097 ÿ2:68

Personal income ($'000s) Air-fc,bc, HSR-fc 0.0308 7.76 0.0194 2.50

Personal income ($'000s) Air-fy HSR-fy 0.0071 1.89 0.0051 1.37

Party size Air-dy HSR-dy 0.1974 3.45 0.1408 1.92

First and business class constant Air-fc,bc 2.3861 2.95 1.8765 2.46

Full economy constant Air-fy 4.7944 7.29 3.8715 4.37

Discount economy constant Air-dy 1.6370 5.41 1.6529 3.41

First class constant HSR-fc 1.8460 3.12 1.5386 3.03

Full economy constant HSR-fy 3.1733 6.13 2.6220 5.74

Scale parameter air ®rst class Air-fc 1.5368 2.30

Scale parameter air business class Air-bc 1.4387 2.32

Scale parameter air full economy Air-fy 2.3930 2.04

Scale parameter air disc. economy Air-dy 1.4025 2.26

Scale parameter ®rst class HSR-fc 1.2785 2.51

Scale parameter full economy HSR-fy 1.1904 2.54

Scale parameter disc. economy HSR-dy 1.00 Ð

Log likelihood at convergence ÿ1348:01 ÿ1354:59

Adjusted pseudo-r2 0.207 0.203

Sample size 876 876

Door-to-door value of travel time

Savings ($/hour per adult)

First and busines class travel 58 65

Full economy travel 59 74

Discount economy travel 36 46



Behavioural values of travel time savings are reported in table 11.4. For the current

business air market, the mean estimates are relatively high ($36 per adult/hour to $74

per adult/hour), and represent a weighted mix of the components of travel time (in-

vehicle, walk, wait and transfer times). If we assume that access and egress time are

approximately valued at 1.5 times the main mode in-vehicle time (a generally accepted

ratio) then the approximate value of in-vehicle time savings for the business air market

ranges from $14.50 per adult hour for discount economy travellers to $29.50 per adult

hour for other fare classes. This result is similar to that of Bhat (1995, table 1); who

found that travel time savings for in-vehicle time across all modes in the Toronto±

Montreal corridor business market was $Aus18.80 per person hour (at an exchange

rate of $Aus1.0 � $US0.78).

A full matrix of direct and cross market share elasticities for fares derived from the

HEV model are summarised in table 11.5. The relatively high direct share elasticities in

the business market for air travel in the presence of HSR for ®rst class and full

economy fares is to be expected because HSR fares are much lower than their air

fare class counterpart, and HSR door-to-door travel times are also faster for most

origin±destination pairs.

The MNL model cross-elasticities are not informative because the constant variance

assumption restricts them to be invariant across all pairs of alternatives. The direct

elasticities from the MNL model are in parentheses to illustrate the diÿerence between

MNL and HEV due to the constant variance assumption. For example, the MNL

direct share elasticities diÿer signi®cantly from HEV for ®ve of the seven air market
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Table 11.5. Direct and cross share fare elasticities for Air±HSR business market

Air-fc Air-bc Air-fy Air-dy HSR-fc HSR-fy HSR-dy

Air-fc ÿ4:884 0.262 1.173 0.264 0.343 0.302 0.040
�ÿ4:750�

Air-bc 0.127 ÿ3:093 1.009 0.201 0.261 0.215 0.030
�ÿ3:804�

Air-fy 0.205 0.358 ÿ2:454 0.307 0.401 0.314 0.042
�ÿ2:339�

Air-dy 0.125 0.222 0.981 ÿ1:590 0.253 0.202 0.028

�ÿ2:008�
HSR-fc 0.114 0.204 0.892 0.182 ÿ1:295 0.184 0.026

�ÿ1:782�
HSR-fy 0.106 0.189 0.805 0.165 0.212 ÿ0:704 0.025

�ÿ1:026�
HSR-dy 0.086 0.156 0.617 0.136 0.175 0.146 ÿ0:402

�ÿ0:748�

Note: Interpret this table by column. For example, a 1 per cent increase in HSR ®rst class fares will

reduce the probability of choosing HSR-fc by 1.295 per cent. This 1 percent increase in ®rst class fares

on HSR will increase the probability of choosing a discount economy air fare by 0.253 per cent, ceteris

paribus. (Direct share elasticities from MNL model are in parentheses.)



alternatives. Unlike MNL's constant cross share, HEV cross share elasticities reveal

degrees of modal substitution. For example, the fares policy of an airline competing

with HSR may lead to substitution within air classes/fares owing to changing relative

air fares, but when HSR is introduced the greatest substitution potential in the ®rst

class market is full economy air and in HSR-full economy there is potential from both

®rst class and full economy.

11.4 Case study 3: valuation of travel time savings and
urban route choice with tolled options in an SP
context

The most important user bene®t of transport project appraisal is travel time savings.

Social bene®t±cost studies require dollar valuations of time savings (VTTS) as input

into the determination of aggregate user bene®ts. Valuing travel time savings is com-

plex and controversial, given the diverse set of circumstances in which travel time can

be saved. In addition, the value of travel time savings may itself be a function of the

size of the time savings and the total time committed to an activity.

Increasingly stated choice methods are being used to investigate empirical values of

travel time savings, since, unlike in revealed preference methods, one can expose

individuals to a richer array of variations in the amount of time saved, trip lengths

and prices of travel. (Hensher et al. 1989, Fowkes and Wardman 1988, Bradley and

Gunn 1990, Hensher et al. (1994, 1998a). The possibility that a valuation function, as

distinct from a unique value of travel time savings within a market segment, would be

more realistic than a point estimate has been raised in the past (see Hensher and

Truong 1984, Bradley and Gunn 1990), although little consideration has been given

to this idea. Stated-choice data provide a suitable empirical paradigm within which to

estimate a valuation function as a function of levels of travel time, trip cost, income

and any other characteristics thought to in¯uence valuation variability. We present

some empirical results based on a stated choice study undertaken in Sydney in 1994

(Hensher 1998a), in which a sample of car users were given a series of travel-time/toll-

cost tradeoÿ experiments and asked to select an alternative route, given the levels of

each attribute.

11.4.1 Establishing sources of variability in VTTS

To begin our analysis we need a general expression for the VTTS, which we now

derive. Assume that the indirect utility expression associated with an alternative i is

de®ned in terms of travel cost �Ci� and travel time �Ti� given by equation (11.1)

Vi � �i ÿ �Ci ÿ �iTi �11:1�
and that �i is a function of Ci and Ti such that

Ki � ��Ti;Ci�: �11:2�
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A Taylor series expansion of (11.2) around the mean levels �T and �C for each alter-

native i (neglecting second-order terms) results in equation (11.3):

�i � ��� �@�=@T�i�Ti ÿ �T� � �@�=@C�i�Ci ÿ �C�: �11:3�
Substitution of (11.3) into (11.1) and some rearrangement of terms gives

V � �i ÿ �Ci ÿ ��Ti � �þT2
i � ÿCiTi � !�; �11:4�

where þ � �@�=@T�i, ÿ � �@�=@C�i, and ! � ÿþ �T ÿ ÿ �C.

We neglect second-order terms in (11.4), which implies that @�=T and @�=@C are

constants, independent of alternative I , hence parameters !, þ and ÿ are unsub-

scripted. The VTTS can now be derived from (11.4) as follows (Hensher and

Truong 1984):

VTTS � @V=@T

@V=@Ci

ÿÿÿÿVi � constant

� ÿ��� ÿCi � 2þTi

ÿ�� ÿTi

: �11:5�

Thus, VTTS depends on the levels of travel time and cost and (11.5) can be general-

ised to account for the disaggregation of travel time such as the distinction between

free ¯ow travel time and delay time. Furthermore, one can include interactions

between each travel time component and between travel time and other attributes

of alternatives and individuals.

Naturally, the latter ability to enrich the valuation function and test richer speci®-

cations is limited by the quality of data. In particular, RP data are somewhat limited in

their ability to provide su�cient richness in variability and correlation structure to

enable each potential in¯uence to be included without confoundment. However, data

from stated choice experiments provide more opportunity to account for the indepen-

dent (i.e., additive) contribution of each source of variability in the valuation function.

The latter reason (amongst others) has encouraged the use of SP methods as important

features of a preferred empirical way to obtain behavioural values of travel time

savings.

11.4.2 Developing an empirical valuation function for urban route choice

As part of the development of a system of privately ®nanced toll roads and tunnels

within the Sydney Metropolitan Area, in 1994 the New South Wales Roads and

Tra�c Authority (RTA) evaluated the costs and bene®ts of a tunnel under one of

Sydney's busiest tra�c intersections. The Taylor Square intersection is a bottleneck

for north±south tra�c which otherwise would enjoy more fully the bene®ts of a recent

freeway system upgrade except for the few kilometres of road through Taylor Square.

An SP experiment was designed to determine how travellers' route choice would be

in¯uenced by diÿerent toll/travel-time regimes, and identify the sensitivity of the

relevant travelling population to alternative levels of tolls as a function of diÿerent

potential savings in travel time.
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This case involves a route choice decision in which a sample of travellers made

choices between toll and free routes. Toll and free route options were described by

a total of four attributes, and each attribute was varied over three levels. The choice

experiment involved asking each sampled traveller to choose a toll or free route

from two routes oÿered. Toll routes were de®ned by toll and total travel time (total

travel time � delay� free moving time) that were varied over three levels (toll

levels � $0.50, $1, $1.50; travel time levels � 1.5 mins, 3 mins, 4.5 mins) and delay

time was ®xed at zero. Free routes were de®ned by zero toll, total travel time varied

over three levels (levels � 6 mins, 9 mins and 12 mins) and delay travel time varied

over three levels (2 mins, 3 mins and 4 mins). All possible choice sets that can be

constructed from these attributes and choice options are given by a 34 factorial. We

used a 34ÿ2 orthogonal fraction to make nine choice sets, which is the minimum

number of choice sets with acceptable statistical properties (Louviere 1988a,

Hensher 1994). The resulting nine choice sets are shown in table 11.6. Each respondent

was randomly assigned three of the nine choice sets as shown in table 11.7.

Surveys were distributed to 3900 southbound motorists as they were stopped at the

tra�c lights at Taylor Square during the period 24±29 March 1994. The sampling

plan took into account diÿerences by days of week and time of day to represent the
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Table 11.6. Route choice alternatives

Route Tolled route: Tolled route: Free route: Free route:
choice set toll total time total time delay time

A $0.50 1.5 mins 9 mins 3 mins
B $0.50 3 mins 6 mins 4 mins
C $0.50 4.5 mins 12 mins 2 mins

D $1.00 1.5 mins 6 mins 2 mins
E $1.00 3 mins 12 mins 3 mins
F $1.00 4.5 mins 9 mins 4 mins

G $1.50 1.5 mins 12 mins 4 mins
H $1.50 3 mins 9 mins 2 mins
I $1.50 4.5 mins 6 mins 3 mins

Table 11.7. The set of choice sets

Route choice sets

Grouped choices A B C D E F G H I

1 ~ ~ ~
2 ~ ~ ~
3 ~ ~ ~

Note: ~ to table: means present in the grouped choices



distribution of trip purposes of motorists travelling on that route. The survey asked

questions about characteristics of the motorist's trip being undertaken when they

received the questionnaire, three choice sets that oÿered toll and free routes, and

some socioeconomic characteristics of motorists. Respondents returned their com-

pleted surveys by mail in a pre-addressed reply-paid envelope, with 958 questionnaires

received within two weeks of the end of the distribution of the surveys (a response rate

of 25 per cent). After editing the data, 848 responses were used to estimate the model

in the case study (a useable response rate of 22 per cent). Six trip purposes were

identi®ed in the survey and aggregated into ®ve trip purposes for model segmentation:

� private commuter (PC), de®ned as a trip to work by driving a privately registered

household vehicle;

� business commuter (BC), de®ned as a trip to work driving a company-supplied

vehicle;

� travel as part of work (PW), which includes trips such as driving a car to the

airport to travel by air on a business trip, and travel in the Sydney Metropolitan

Area associated with earning a living, such as travel by a salesperson;

� non-work related travel, which includes social and recreation trips (SR), shopping

trips, travel to the airport for a personal trip; and

� other personal business (OB).

The route choice models were MNL models which provide estimates of the eÿects of

tolls, travel time and other in¯uences (e.g., personal income, other socioeconomic

variables). These models were used to derive trip-purpose speci®c time values, and

(if necessary) probabilistic switching curves for a range of time savings and levels of toll.

11.4.3 Developing a valuation function

To identify the underlying structure of the choice experiment and understand how the

valuation function is derived from the information in this experiment, we begin by

de®ning the information potential of each attribute. Recall that each attribute in the

route choice experiment had three levels, hence each can be represented as coded

values (ÿ1, 0, 1) or as actual levels (e.g., $0.5, $1 and $1.5). Attribute non-linearity

can be captured by specifying a polynomial of degree two (quadratics) because all the

attributes have three levels. Linear and quadratic terms were represented by orthogo-

nal polynomials (table 11.8), as described in section 9.3.6, table 9.4a.
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Table 11.8. The construction of a quadratic polynomial

Linear attribute Quadratic attribute v (attribute)

ÿ1 1 v1
0 ÿ2 v2
1 1 v3



Let v�X� denote the marginal utility arising from attribute X alone (e.g., travel time

or cost). If v�X� is non-linear in X , a second-order polynomial approximation for v�X�
can be written as equation (11.6):

v�X� � �X � þX2: �11:6�

Information in table 11.8 allows one to derive relationships between v�X� and X to

illustrate the role of quadratic terms and why it is important to be able to test for non-

linearity by separating out the independent contribution of X and X2. The latter

allows one to determine if both X and X2 are required to capture the full eÿect of

attribute X (which is limited to quadratic in this case because all attributes have three

levels). That is, consider the two slopes in (11.6):

� � �v3 ÿ v2�=2; �11:7�
þ � ��v3 ÿ v2� ÿ �v2 ÿ v1��=6; �11:8�

where � measures the mean slope between X � 0 and X � 1, and þ measures the

change in slope between �X � ÿ1;X � 0� and �X � 0;X � 1� (see ®gure 11.1).

In addition to the non-linearity of each attribute's in¯uence on the value of travel

time savings, the possibility of two-way interactions between pairs of attributes needs

to be considered. In fractional factorial designs the number of two-way interactions

which are independent (i.e., orthogonal) of main eÿects (i.e., X and X2) are determined

by the fraction selected and the degrees of freedom of the design (see chapters 4 and 5).

We are particularly interested in the interaction between toll and travel time, and

hence will require a design that permits (at least) one independent two-way interaction.

The quadratic term in the main eÿect of travel time and the interaction of toll and time

allows us to evaluate the empirical form of the valuation function. As can be seen from
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Figure 11.1 The role of the quadratic term



equation (11.4), a valuation function (as distinct from a single value) arises from a

speci®cation that includes quadratic and/or interaction terms. In addition to the rela-

tionships established amongst the attributes of the stated choice experiment, it is

possible to interact other variables, such as socioeconomic characteristics, with the

design attributes to enable further segmentation within the valuation function. The full

design is in table 11.9 (for attributes shown in table 11.6).

The quadratic of an orthogonally coded attribute is not equivalent to the

quadratic of the actual value of that attribute (i.e., (actual cost�2 6� �orthogonal
value)2); hence a mapping from one metric to the other is required. The MNL

model was estimated with the orthogonal codes, but we need to determine the value

of travel time savings based on the actual levels of the attributes shown to the sampled

population.

To do this, de®ne the orthogonal level as N and the actual level as A. Then for a

three-level attribute, we can de®ne

N � �0 � �1A; �11:9�

N2 � �0 � �1A� �2A
2: �11:10�

Denote the three levels for A as low (L), medium (M) and high (H) and L2,M2 andH2

for A2. Given the orthogonal codes for N �ÿ1; 0; 1� and N2 �1;ÿ2; 1�, substitution into

equations (11.9) and (11.10) gives the following transformation functions:

ÿ1 � �0 � �1L; �11:11�
0 � �0 � �1M; �11:12�
1 � �0 � �1H; �11:13�
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Table 11.9. The orthogonal design for the route choice experiment

Total Move Delay
time time time
toll free free

Toll route route route
(C) (T1) (T2) (T3) T2

1 T2
2 T2

3 CT1

ÿ1 ÿ1 0 0 1 ÿ2 ÿ2 1
ÿ1 0 ÿ1 1 ÿ2 1 1 0
ÿ1 1 1 ÿ1 1 1 1 ÿ1

0 ÿ1 ÿ1 ÿ1 1 1 1 0
0 0 1 0 ÿ2 1 ÿ2 0
0 1 0 1 1 ÿ2 1 0

1 ÿ1 1 1 1 1 1 ÿ1
1 0 0 ÿ1 ÿ2 ÿ2 1 0
1 1 ÿ1 0 1 1 ÿ2 1



where �1 � 1=�i, �0 � ÿM=�i, and �i � M ÿ L � H ÿM (assuming equal spacing

for attribute i), and

1 � �0 � �1L� �2L
2 �11:14�

ÿ2 � �0 � �1M � �2M
2 �11:15�

1 � �0 � �1H � �2H
2 �11:16�

and �2 � 3=�2
i , �1 � ÿ6M=�2

i , and �0 � ÿ2� 3M2=�2
i .

The utility expressions associated with the tolled and free routes as estimated using

orthogonal coded attribute levels can now be speci®ed:

Vtoll � � � �1C � �2T � �3T
2 � �4CT ; �11:17�

Vfree � �5MT � �6MT2 � �7DT � �8DT2; �11:18�
and translated from orthogonally coded to actual levels of attributes as follows:

Vtoll � !� !1c� !2t� !3t
2 � !4ct; �11:19�

Vfree � !5mt� !6mt2 � !7dt� !8dt
2: �11:20�

De®ning Mi as the actual mean level of attribute i and �i as the step change in the

level of attribute i, we derive the following conversion relationships:

!1 � ��1�c ÿMt�4=��c�t��
!2 � ��2=�t ÿ 6Mt�3=�

2
t ÿMc�4=��c�t��

!3 � �3�3=�2
t �

!4 � ��4=�c�t�
!5 � ��5=�mt ÿ 6Mmt�6=�

2
mt�

!6 � �3�6=�2
mt�

!7 � ��7=�dt ÿ 6Mdt�8=�
2
dt�

!8 � �3�8=�2
dt�;

where

Mc � medium level of toll �1�
�c � $0:50

�t � 1:5 minutes

�dt � 1 minutes

�mt � 2 minutes

Mt � medium level of time on toll road �3 mins�
Mmt � medium level of move time �6 mins�; and

Mdt � medium level of delay time �3 mins�:
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Table 11.10 highlights the confoundment associated with utility parameter estima-

tion if the attributes are not orthogonally coded. For the free route, the partial corre-

lations vary from 0.995 for time and time-squared to ÿ0:295 for all of the other

combinations of attributes. For the tolled route the range is 0.991 to ÿ0:00001.

Once we identify the values of �i, i � 1; . . . ; 8, values of !i, i � 1; . . . ; 8, can be

derived and the values of travel time savings calculated given actual values of travel

times and toll. The behavioural values of travel time savings for each travel time (i.e.,

time of toll road, move time of free route and delay time of free route) can be obtained

by substitution into equation (11.5). That expression assumes statistically signi®cant

parameter estimates for linear and quadratic time and the two-way interaction

between toll and tollroad travel time. A distribution of values of travel time savings

can be obtained by application of a range of tolls and travel times, and means, modes

and medians can be estimated from the distribution. We now turn to the model

estimation and derived results.

11.4.4 Empirical evidence

The ®nal models for each of the ®ve trip purpose segments are summarised in table

11.11. Each model has an interaction term between travel time and toll, but the

quadratic term for time squared was not statistically signi®cant in any model and so

was eliminated. The behavioural values of travel time savings as a function of the level

of toll and trip length (in minutes), expressed in dollars per person hour (see equation

11.5), are reported in table 11.12 for a reasonable range of tolls ($1 to $2) and trip

lengths for the tolled section of the trip (5 to 10 minutes).

For each trip purpose segment VTTS increases for a given travel time as the toll

level increases, and decreases for a given toll level as travel time increases; hence VTTS

is inversely related to trip length. So, for a given toll individuals are willing to outlay
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Table 11.10. The partial correlation structure of actual attribute levels

Free route dt dtsq mt mtsq

delay time (dt) 1.0
delay time squared (dtsq) ÿ0:995 1.0
move time (mt) ÿ0:298 ÿ0:295 1.0
move time squared (mtsq) ÿ0:299 ÿ0:295 0.982 1.0

Toll route tl tlsq tm tmsq tltm

toll (tl) 1.0
toll squared (tlsq) 0.990 1.0

time (tm) ÿ0:00068 ÿ0:0099 1.0
time squared (tmsq) ÿ0:00001 ÿ0:0090 0.990 1.0
toll by time (tltm) 0.664 0.650 0.692 0.686 1.0



less money to save a unit of time for longer trips compared to shorter trips, a

®nding consistent with the results reported by Hensher (1976). As might be expected,

the variation in VTTS is relatively ¯at in models where the two-way interaction between

toll and travel time is not statistically signi®cant (i.e., social-recreation travel).

To assess the empirical implications of deriving a valuation function and hence a

distribution of VTTS from a model estimated on the actual attribute levels from

revealed preference data, we re-estimate the private commuter model. The VTTS in

brackets in table 11.12 derived from this model are consistently smaller and noticeably

¯at. The lack of variability and reduced values can be attributed to the amount of

correlation in the model, which is revealed in table 11.10 (i.e., partial correlations

between each main eÿect such as toll and travel time, and the two-way interaction

is, respectively, 0.664 and 0.692). Lack of independence aÿects the mean parameter

estimates for all three relevant attributes, and provides a strong cautionary about

using actual levels of attributes to estimate valuation functions.

If we use the mean travel time and toll in the choice experiment for the toll route, we

®nd that the VTTS is close to the ®gures in bold in table 11.12 for each trip purpose

segment. It is worth noting that the travel time parameter in the free route alternative

table 11.11, is more negative than the toll route parameters when statistically signi®-

cant. The diÿerence in travel time between the two routes is described by the compo-

nent of travel time called 'delay time' in free routes. Consequently, the diÿerence in the

size of the parameters indicates the amount of congestion and possibly the degree of

reliability associated with travel time on free routes compared to toll routes. Thus, the
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Table 11.11. The route choice model results and time values

PC BC PW SR OB

Number of observations 1292 538 796 1034 1058
Toll-speci®c constant ÿ0:769 ÿ0:279 0.599 0.050 0.410

(ÿ4:03) (ÿ0:95) (2.48) (2.26) (1.58)
Toll ÿ1:0661 ÿ0:984 ÿ0:858 ÿ0:997 ÿ0:631

(ÿ8:34) (ÿ5:50) (ÿ5:89) (ÿ7:29) (ÿ3:47)
Travel time (toll route) ÿ0:311 ÿ0:274 ÿ0:303 ÿ0:435

(ÿ2:98) (ÿ6:00) (ÿ2:21) (ÿ2:30)
Travel time (free route) ÿ0:532 ÿ0:732 ÿ0:304

(ÿ3:70) (ÿ4:53) (ÿ1:43)
Travel time (both routes) ÿ0:325

(ÿ2:68)
Toll� travel time ÿ0:274 ÿ0:458 ÿ0:418 ÿ0:054 ÿ0:310
(toll route) (ÿ1:60) (ÿ1:82) (ÿ1:78) (ÿ0:24) (ÿ1:06)

Personal income ÿ0:020 ÿ0:018 ÿ0:013 ÿ0:017 ÿ0:013
(free route) ($ pa) (ÿ4:59) (ÿ3:34) (ÿ2:69) (ÿ3:76) (ÿ2:22)
Likelihood ratio index 0.15 0.21 0.29 0.24 0.20

Note: t-statistics in brackets.



approach to the design of the stated choice experiment was useful for establishing the

in¯uence that trip reliability has on route choice.

11.5 Case study 4: establishing a fare elasticity regime
for urban passenger transport: non-concession
commuters with SPÐRP and HEV

11.5.1 Background

Public transport operators increasingly use revenue optimising techniques in establish-

ing mixtures of ticket types and fare levels. In predicting the response of the market to

speci®c fare classes and levels (e.g., weekly tickets), a knowledge of how various
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Table 11.12. Behavioural VTTS derived from a valuation function

Toll Time � 5 mins Time � 7:5 mins Time � 10 mins

Private commute
Pinc � $19.81/hr
$1 4.35 (2.07) 3.29 (2.01) 2.65 (1.96)
$1.5 8.18 (2.44) 6.20 (2.33) 4.99 (2.30)

$2 12.01 (2.81) 9.10 (2.73) 7.33 (2.65)
Business commute
Pinc � $26.17/hr

$1 7.07 4.78 3.61
$1.5 12.81 8.66 6.54
$2 18.55 12.55 9.48

Travel as part of work
Pinc � $23/hr
$1 4.59 3.08 2.31

$1.5 10.50 7.04 5.29
$2 16.41 11.00 8.27

Social-recreation travel
Pinc � $18.4/hr

$1 5.68 5.23 4.85
$1.5 6.70 6.17 5.72
$2 7.73 7.12 6.60

Other personal business
Pinc � $18.86/hr
$1 8.33 5.57 4.19

$1.5 14.27 9.55 7.17
$2 20.21 13.52 10.16

Notes: Pinc � average hourly personal wage rate; Time refers to the trip length for the part of the trip

where a toll would be incurred (and to the door-to-door trip time). Each VTTS (e.g., 4.35) is expressed

in dollars per person hour. VTTS in brackets for private commute are derived from a model estimated

on actual levels of attributes.



market segments respond to both the choice of ticket type within a public transport

mode and the choice between modes is crucial to the outcome. In some circumstances

interest lies in evaluating the patronage and revenue implications of variations in

oÿered prices for the existing regime of fare classes; in other circumstances interest

lies in changes in fare class oÿerings via deletions and/or additions of classes.

A missing ingredient in many operational studies is a matrix of appropriate direct

and cross fare elasticities that relate to speci®c fare classes within a choice set of fare

class opportunities. Surprisingly, the research literature contains little empirical evi-

dence detailed enough to distinguish sensitivities to particular fare class oÿerings

within a prede®ned choice set of oÿerings. There is a plethora of empirical evidence

on direct elasticities (Oum et al. 1992, Goodwin 1992), primarily treated as unweighted

or weighted average fares within each public transport mode, but Mayworm, Lago

and McEnroe (1980) and Oum et al. (1992) note that there is only limited evidence on

cross-elasticities.

This case study does not rely on average fares, and distinguishes between fare

classes for two public transport modes (train, bus) and the automobile for commuting

in the Sydney Metropolitan area. Full matrices of direct and cross-share elasticities are

derived for three train fare classes, three bus fare classes and car travel for commuters

on non-concessionary tickets. We combined SP data with a knowledge of current

modal attributes from RP data to assess travellers' ticket and mode choice decisions.

This allowed us to evaluate sizeable variations in the levels of fares in each ticket class

so that operators could extend policy intelligence beyond market experience.

11.5.2 Microeconomic specification of the indirect utility function for choice
alternatives

The functional form of the conditional indirect utility expression de®ning the set of

attributes that underlie the probability of mode choice is typically assumed in RP

models to be linear and additive, although logarithmic or Box±Cox transformations

sometimes are used to improve statistical `®ts' (e.g., Gaudry, Jara-Diaz and de Dios

Ortuzar 1988), or quadratic terms are used in SP models with mean centred or ortho-

gonal codes for each attribute (see previous case study, for example). Derivation of

functional forms from microeconomic theory are exceptional in most transportation

modal choice applications, although many more examples exist in other transport

applications (especially automobile choice, see Hensher et al. 1992, Mannering and

Winston 1985, Train 1986).

One exception in mode choice is Jara-Diaz and Videla (1989), who derived an

appropriate functional form for the indirect utility expression for a discrete mode

choice model from microeconomic principles, showing that the inclusion of the income

eÿect is accommodated by the inclusion of a quadratic term in cost and segmentation

of the sample by income. It has been known for some time (but often ignored) that the

inclusion of income as a separate explanatory variable serves only as a proxy for

unobserved attributes of alternatives such as comfort and convenience or other dimen-

sions of preference, not captured by the utility parameters (e.g., Hensher 1984). One
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can interact cost and income by dividing modal cost by the wage rate (e.g., Train and

McFadden 1978) and implicitly treat income as an endogenous variable that depends

on the number of hours worked at a given wage rate, in contrast to its role as an

exogenous variable in an individual's budget constraint.

In fact, if one estimates SP models with higher-order cost terms (e.g., quadratics),

one consciously or unconsciously tests the presence/absence of the income eÿect.

Unfortunately, all too often analysts also use income as an additive explanatory vari-

able in J ÿ 1 alternatives and interpret its utility parameter as a measure of the

marginal utility of income. In fact, the marginal utility of income is a derivative of

the cost variables, as shown by Jara-Diaz and Videla (1989); hence, an income eÿect

must be included in the indirect utility expressions for all alternatives.

Formally, after Jara-Diaz and Videla (1989) and Hensher (1997b), for a sampled

individual with a set of utility parameters and income I , de®ne a vector of non-modal

trip goods X and a vector of associated prices P. The attributes of available modes,

including trip cost �cj�, are given by a vector Aj. These are the observed and unob-

served sources of utility, introduced into an indirect utility function evaluated by a

decision maker to arrive at a choice. Imposing the separability condition on the

numeraire non-trip goods, and given modal alternatives de®ned by a set of utility-

weighted modal attributes, individuals are assumed to behave as if they are maximis-

ing utility by comparing the set of modal alternatives, subject to the separability

assumption for X and each of Aj, j � 1; 2; . . . ;M modes. That is,

maxfmax�U1�X� �U2�Aj��jPX 0 � cj 4 Ig; j 2 f1; . . . ;Mg; X 2 x:

�11:21�
A conditional indirect utility function can be derived from (11.21) by the application

of Roy's identity (a well-known relationship in economics between indirect utility,

prices, income and demand for goods), to yield equation (11.22):

V�P; I ÿ cj;Aj� � V1�P; I ÿ cj� �U2�Qj�; �11:22�
where the maximum conditional indirect utility is attributed to the chosen alternative

from a mutually exclusive set of alternatives. Jara-Diaz and Videla (1989) demonstrate

that if one takes a higher-order Taylor series expansion this implies solving equation

(11.23), re-expressed as equation (11.24):

max
j

V1�P; I� �
Xnÿ1

i�1

1

i!
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1�P; I��ÿcj�i �
1
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1 �P; I��ÿcj�n �U2�Aj�
" #

�11:23�

max
j

Xnÿ1

i�1

1

i!
Vi

1�P; I��ÿcj�i �
1

n!
Vn

1 �P; I��ÿcj�n �U2�Aj�
" #

: �11:24�

Equation (11.24) provides an empirical opportunity to evaluate the dependency of

mode choice on income. That is, if we include (at least) a quadratic term for cost

(equation (11.25)), we establish the potential for income dependency:

Vi � �0i � þc1ic1i � þc2ic
2
2i �U2�Ai�: �11:25�
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In the words of Jara-Diaz and Videla (1989, 396):

if a single model with utility in ci, c
2
i , and Ai were run for the whole popula-

tion, a null coe�cient of c2i would be consistent with a single coe�cient for

ci; . . . ; but a signi®cant coe�cient of c2i would be contradictory with the

model, since Vi
l should be a function of I . Note that I is not explicitly

included in V , but signi®cant c2i terms for each segment would suggest the

existence of a more general . . . V�ci; ti; I� function.
Thus, if þc2i is positive and statistically signi®cant, an income eÿect exists and one

must segment by income so that income aÿects all alternatives in the choice set, or

include income in all indirect utility expressions. If one establishes that there is an

income eÿect, in the interest of maintaining a single discrete-choice model, one needs

to introduce income into all indirect utility expressions in a way that is consistent with

microeconomic theory. One appealing way is to adopt the approach promoted by

Train and McFadden (1978), Hensher et al. (1992), Jara-Diaz and de Dios Ortuzar

(1988), Jara-Diaz and Videla (1989) and Jara-Diaz (1998): a ®rst-order expansion of

indirect utility yields a model in which money cost is divided by the expenditure rate,

the latter de®ned as the ratio of household income to leisure (or non-work) time. This

speci®cation represents income as purchasing power. The marginal utility of income is

given by:

@Vi

@I
� þc1i � 2þc2ic2i: �11:26�

When embedded in a discrete-choice model the cross-elasticities derived from equa-

tion (11.25) are choice elasticities. This case study concentrates on establishing a full

matrix of direct- and cross-choice (or share) fare elasticities using more behaviourally

appealing econometric methods and RP data combined with SP data. These estimates

become important inputs into a subsequent optimisation procedure proposed and

implemented by Taplin, Hensher and Smith (1999) to derive a matrix of ordinary

demand elasticities.

11.5.3 The empirical context

A sample of commuters and non-commuters was surveyed in the Sydney Metropolitan

Area in 1995 as part of a study of the mix and level of public transport fares. Within

each market segment patterns of modal and ticket use behaviour were captured to

identify both current behaviour and potentials to switch to alternative mode and ticket

uses under a range of alternative fare policies for the public bus, ferry and train

systems (Hensher and Raimond 1995). The choice of mode and ticket type is estimated

using a mixture of RP and SP data.

Respondents in the survey were asked to think about the last commuter trip they

made, where they went, how they travelled, how much it cost, etc. They were also

asked to describe another way that they could have made that trip if their current

mode had not been available. Their current behaviour constitutes the RP data.
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This SP case involves a mode choice experiment in which public transport fares of

current and alternative methods of travel were varied under a series of diÿerent pricing

scenarios. The choice set was determined exogenously based on the physical avail-

ability of each alternative (including the availability of a car as a driver or passenger)

for the journey to work. Fare (ticket) prices were varied over three levels (�50 per cent

of current, current, ÿ50 per cent of current). We developed separate fractional factor-

ial designs for bus vs. train (eight ticket types), bus vs. car (four ticket types and car),

and train vs. car (four ticket types and car). Respondents were asked to choose a mode

of transport and, if they chose public transport, they also selected a fare. Automobile

operating cost was ®xed at the marginal perceived cost of 9 cents/km. Each respondent

was randomly assigned four choice sets from the ultimate design. Table 11.13 contains

an example of one choice set in the bus vs. train experiment.

A special challenge in this SP case is the need to present all individuals with realistic

scenarios. People use diÿerent modes and travel over many diÿerent distances, hence

one must develop a range of choice sets that contain diÿerent mode choice combina-

tions and travel distances. The experiment is individualised in the sense that inter-

viewers questioned respondents before the choice experiment was administered to

determine which modes and levels of travel time/distance were appropriate for

which respondents.

In order to accomplish the individualisation, the choice experiment was tailored to

each individual's self-reported commuting trip attribute levels for their main mode

(car, train, bus). Depending on their self-reporting of lengths of time spent in their

main mode only (i.e., not access, egress or waiting times), they were assigned to

experimental conditions for short trips (less than 15 minutes), medium trips (15±30
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Table 11.13. Illustrative set of show cards for the SP
experiment 1: bus or train for a short trip

BUS FARES TRAIN FARES

Single $0.60 Single $0.80
Travel ten $4.00 Oÿ peak return $0.90
(10 single trips) (purchase after 9am)

Travel pass $8.60 Weekly $6.80
(7 days bus/ferry) (7 days train only)
Travel pass $10.00 Travel pass $10.00

(7 days bus/ferry/train) (7 days bus/ferry/train)

Note: The experiment is based on answers to the following:

`You have told us that you could use either a Bus or Train as

the main form of transport to travel to the destination that we

have discussed. If public transport fares changed and were

priced as shown, would you have used Bus or Train as the

main form of transport for your trip? Which ticket type would

you choose?'



minutes) or long trips (over 30 minutes).2 An experimental design was developed based

on one car choice option, four train ticket options (single, oÿ-peak, weekly and travel

pass) and four bus ticket options (single, travel ten, combined bus±ferry travel pass,

and combined bus±ferry±train travel pass). Thus, as many as nine alternatives were

possible for any respondent. The range of fares varied in the choice experiment is

summarised in table 11.14.

11.5.4 Developing the stated choice experiment

The experimental designs were created as follows:

1. Car versus bus or ferry. Buses or ferries each had four ticket types, and the fares

for each ticket type were varied over three levels (table 11.14). Thus the total
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Table 11.14. The stated choice experiment fare categories and levels

Low Fare Current Fare High Fare

Train: single (Oÿ peak return)
Short $0.80 ($0.90) $1.60 ($1.80) $2.40 ($2.60)
Medium $1.30 ($1.40) $2.60 ($2.80) $3.90 ($4.20)
Long $1.80 ($2.00) $3.60 ($4.00) $5.40 ($6.00)

Train: Weekly
Short $6.80 $11.50 $18.30
Medium $9.70 $19.40 $29.00

Long $13.20 $26.00 $40.00
Train: Travel pass
Short $10.00 $20.00 $30.00

Medium $14.00 $28.00 $42.00
Long $20.00 $39.00 $59.00

Bus: Single

Short $0.60 $1.20 $1.80
Medium $1.30 $2.50 $3.80
Long $2.00 $3.90 $5.90

Bus: Travel ten

Short $4.00 $8.00 $12.00
Medium $8.00 $16.00 $24.00
Long $16.00 $32.00 $48.00

Bus:Travel pass (Bus/Ferry)
Short $8.60 $17.10 $26.00
Medium $11.70 $23.00 $35.00

Long $17.20 $34.00 $52.00
Bus: Travel pass (Bus/Ferry/Train)
Short $10.00 $20.00 $30.00
Medium $14.00 $28.00 $42.00

Long $19.50 $39.00 $59.00

2 Note that this application is ideal for computerized interviewing, as discussed in chapter 9.



number of possible ticket types for each choice experiment is a 34, from which we

selected nine on the basis of an orthogonal 34ÿ2 fraction.

2. Bus versus train. As before, bus has four ticket types, and train has three. Each

ticket type was assigned three fare levels (table 11.14), which means that there are

37 possible combinations of bus and train ticket options. We used an orthogonal

main eÿects design based on the 6� 36 factorial available in Hahn and Shapiro

(1966) to make eighteen choice sets.

3. Car versus train. This design problem is the same as car versus bus or ferry, except

that train has one less ticket type, so the number of combinations is 33. We used an

orthogonal 33ÿ1 fraction to make nine choice sets.

4. Bus versus ferry. This design is identical to bus versus train, with the additional

complication that both bus and ferry have four ticket types, and hence the number

of possible choice sets is given by a 38 factorial. Thus, the design for this problem

is larger than the design for bus versus train because the 6� 36 is too small, so we

used a 38ÿ5 fraction to generate twenty-seven choice sets for this experiment.

For each of the four modal choice contexts, a sampled individual was randomly

assigned four choice sets. Face-to-face home interviews were conducted in households

sampled by randomly choosing postcodes within each Local Statistical Area in

Sydney, and within each postcode randomly by choosing a street to be cluster

sampled. The sampling unit was the mode, to ensure enough sampled individuals

currently choosing each alternative mode.

11.5.5 Empirical results

The RP choice set was choice-based, so correction of the RP subset of alternatives in

the joint SP±RP model was undertaken by weighting that part of the likelihood func-

tion via the application of weights to the RP alternatives, de®ned by the ratio of the

sample shares to the known population shares. This guarantees the reproduction of

the base market shares at the ticket type level for the RP choice set. Additionally, all

observations were exogenously weighted by the distribution of personal income for

commuter demand as revealed in the 1991 Sydney Travel Survey. Although the survey

included ferry and jet cat options, we excluded them from the analysis because most

cities have only trains and buses available as public transport competing with the

automobile. We also excluded taxis from the commuter sample.

The eÿective response rate was 37 per cent, which is about average for surveys of

equivalent length (Richardson, Ampt and Meyburg 1995). While the full sample col-

lected was 649 cases, not all cases had su�cient data to be suitable for modelling. The

sample is a fairly broad representation of the Sydney population, though males and

the elderly are slightly under-represented (see Hensher and Raimond 1995 for further

details).

A ®nal HEV model jointly estimated with seven SP and seven RP alternatives is

given in table 11.16 (HEV) (summary statistics are in table 11.15). A joint SP±RP

MNL model was estimated in which the scale parameter was ®xed at 1.0 for the RP
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Table 11.15. Summary statistics of estimation sample

Out of Door to Captive to Car
Stated preference pocket door PT available Sample
sub sample cost ($) time (mins) (proportion) (proportion) size

Total sample
Train single 2.89 (1.50) 69.4 (29.6) 0.081 ± 540

Train weekly 2.11 (1.90) 69.4 (29.6) 0.081 ± 540
Train travel pass 3.18 (1.61) 69.4 (29.6) 0.081 ± 540
Bus single 2.34 (1.49) 53.6 (26.5) 0.119 ± 472

Bus travel ten 1.67 (1.23) 53.6 (26.5) 0.119 ± 472
Bus travel pass 1.54 (0.83) 53.6 (26.4) 0.119 ± 472
Car 2.88 (2.63) 44.9 (33.3) - 0.80 812

Sample who chose
that alternative
Train single 2.09 (1.18) 57.18 (31.3) 0.112 ± 98

Train weekly 1.90 (0.92) 74.09 (28.3) 0.127 ± 150
Train travel pass 2.31 (1.28) 71.58 (31.3) 0.083 ± 60
Bus single 1.36 (0.63) 37.55 (21.4) 0.182 ± 55
Bus travel ten 1.15 (0.74) 42.21 (21.3) 0.208 ± 77

Bus travel pass 1.55 (1.16) 48.56 (21.2) 0.365 ± 52
Car 2.14 (2.07) 34.17 (23.8) ± 1.0 420
Revealed preference

sub sample

Total sample
Train single 1.64 (1.19) 64.29 (31.1) 0.044 ± 272

Train weekly 2.46 (0.85) 72.58 (28.6) 0.317 ± 248
Train travel pass 1.28 (1.32) 79.60 (27.8) 0.200 ± 45
Bus single 2.37 (1.29) 51.26 (24.5) 0.074 ± 324
Bus travel ten 1.17 (0.67) 60.60 (32.8) 0.160 ± 100

Bus travel pass 1.94 (0.31) 46.25 (20.7) 0.333 ± 48
Car 2.12 (2.04) 44.88 (33.3) ± 0.80 812
Sample who chose

that alternative
Train single 2.15 (1.21) 59.91 (30.7) 0.088 136
Train weekly 2.59 (0.79) 74.82 (27.8) 0.130 216

Train travel pass 2.40 (1.50) 82.50 (40.1) 0.500 32
Bus single 2.05 (1.19) 38.33 (19.0) 0.250 96
Bus travel ten 1.08 (0.54) 37.08 (21.7) 0.333 48

Bus travel pass 1.99 (0.30) 47.78 (20.9) 0.444 36
Car 1.39 (1.03) 33.23 (23.3) ± 1.00 372

Note: Standard deviations are in parentheses.
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Table 11.16. HEV model: joint estimation of SP and RP choices to evaluate the presence of
an income eÿect

SP RP

parameter parameter

Attribute Units Alternative estimates t-value estimates t-value

One-way trip cost (or fare) Dollars All ÿ0:3496 ÿ4:15 ÿ0:3496 ÿ4:15
Trip cost squared Dollars All 0.0036 0.79 0.0036 0.79

Door-to-door time Minutes Train ÿ0:0186 ÿ4:44 ÿ0:0186 ÿ4:44

Door-to-door time Minutes Bus ÿ0:0265 ÿ4:95 ÿ0:0265 ÿ4:95
Door-to-door time Minutes Car ÿ0:0251 ÿ5:86 ÿ0:0251 ÿ5:86

Train single constant Train 7.8198 3.84 8.7959 3.98

Train weekly constant Train 8.2091 3.93 10.319 4.17

Train travel pass constant Train 8.0665 3.90 9.2150 3.31

Bus single constant Bus 8.3482 4.00 9.4006 4.13

Bus travel ten constant Bus 8.2200 3.95 9.6701 4.08

Bus travel pass constant Bus 8.1234 3.94 9.7870 3.34

Car constant Car ± ± ± ±

Captive to train dummy 1.0 Train 1.0657 2.42 1.0657 2.42

Captive to bus dummy 1.0 Bus 1.4792 3.44 1.4792 3.44

Car availability dummy 1.0 Car 9.2935 4.09 9.2935 4.09

Scale parameters

Train single Train 0.962 3.58 1.515 3.73

(1.3336) (0.8467)

Train weekly Train 0.527 2.46 0.340 1.33

(2.4358) (3.7723)

Train travel pass Train 0.559 3.57 0.557 1.11

(2.2941) (2.3045)

Bus single Bus 0.510 3.14 0.307 1.16

(2.5139) (4.1828)

Bus travel ten Bus 0.780 3.51 0.353 1.18

(1.6448) (3.6309)

Bus travel pass Bus 0.515 3.01 0.615 1.82

(2.4926) (2.0844)

Car Car 3.338 4.25 1.283 Fixed

(0.3842) (1.0000)

Value of travel time savings

Train $/hour 3.36

Bus $/hour 4.75

Car $/hour 4.60

Sample size 1824

Log likelihood at convergence ÿ1547:64
Pseudo R2 0.730

Notes: Value of travel time savings is calculated per one-way trip based on average number of one-way

trips per ticket; the scale parameter is derived from the standard deviation estimate, the latter being set

equal to 1.0 for the car alternative in the SP choice set. Given that , it follows that �2iq � �2=6�2 will not

be based on 1.0; standard deviations are in parentheses.



choice set but estimated as a free (but ®xed) parameter for all SP choice sets as

summarised in table 11.17. The mean of cost for multi-trip tickets is derived from

the ticket price divided by the number of one-way trips actually undertaken by each

commuter, allowing for the use of the ticket for non-commuting travel (often over-

looked in valuation). The oÿ-peak train single trip option was deleted because few

commuters chose it; and we had to combine the two bus travel passes (bus/ferry and

bus/ferry/train) to ensure that enough commuters choose one of those ticket types.

McFadden (1984: p. 1442) has stated that, `As a rule of thumb, sample sizes which

yield less than thirty responses per alternative produce estimators which cannot be

analysed reliably by asymptotic methods.'
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Table 11.17. MNL model: joint estimation of SP and RP choices

SP RP

parameter parameter

Attribute Units Alternative estimates t-value estimates t-value

One-way trip cost Dollars All ÿ0:4532 ÿ9:74 ÿ0:4532 ÿ9:74

Door-to-door time Minutes Train ÿ0:0407 ÿ10:49 ÿ0:0407 ÿ10:49

Door-to-door time Minutes Bus ÿ0:0469 ÿ10:07 ÿ0:0469 ÿ10:07

Door-to-door time Minutes Car ÿ0:0363 ÿ10:67 ÿ0:0363 ÿ10:67

Train single constatn Train 1.8519 5.90 3.2493 8.36

Train weekly constant Trai 2.1117 6.45 4.7789 12.03

Train travel pass cosntant Train 1.5604 4.90 3.3961 5.16

Bus single constant Bus 1.7664 5.65 3.1103 7.28

Bus travel ten constant Bus 2.0134 6.36 3.6646 6.87

Bus travel pass constant Bus 1.4553 4.50 4.2722 7.25

Car constant Car ± ± ± ±

Captive to train dummy 1.0 Train 1.5632 4.21 1.5632 4.21

Captive to bus dummy 1.0 Bus 2.0861 4.73 2.0861 4.73

Car availability dummy 1.0 Car 2.9438 9.10 2.9438 9.10

Scale parameters

Train single Train 0.954 10.47 1.0

Train weekly Train 0.954 10.47 1.0

Train travel pass Train 0.954 10.47 1.0

Bus single Bus 0.954 10.47 1.0

Bus travel ten Bus 0.954 10.47 1.0

Bus travel pass Bus 0.954 10.47 1.0

Car Car 0.954 10.47 1.0

Value of travel time savings

Train $/hour 5.41

Bus $/hour 6.22

Car $/hour 4.81

Sample size 1824

Loglikelihood at convergence ÿ2322:43

Pseudo R2 0.774



The distribution of SP costs encompasses the RP cost levels, although the composi-

tion of the sample in terms of captivity to public transport given a ticket type diÿers

quite markedly. This is expected because all SP fare options within a mode were

oÿered to each respondent, but the RP data de®ned only the chosen ticket (or

mode) and the one (self-reported) viable alternative. One notable diÿerence was

multi-use tickets (e.g., train weekly, travel pass and bus travel ten), in which the higher

incidence of RP captivity to public transport re¯ects reality much better than the SP

pro®le. Including captivity and car availability in both SP and RP choice sets, how-

ever, is a valid application of contextual impacts on choices because one expects

greater substitution between fare classes than between modes as a result of higher

incidences of public transport captivity (all else equal). Importantly, this eÿect can be

observed and modelled if ticket types are treated endogenously. Previous studies that

used average fares or a single fare type per commuter to evaluate modal choice

could not represent the amount of movement between ticket types as a contributing

response to price changes. Thus mode choice models that ignore the reality of

ticket-type switching may forecast some switching between modes that actually

would be ticket switching within modes; hence there is a potential for overestimating

the impact of fare policies on modal choice, unless within-mode cross elasticities

approach zero.

Fare or cost was included initially as a non-linear eÿect estimated by linear and

quadratic terms (equation (11.25)). The quadratic eÿect of cost was positive but not

statistically signi®cant (table 11.16) in the HEV model. Cost and cost-squared were

mean centred to ensure that they were not highly correlated, which reduced their

partial correlations from 0.95 to 0.33. Interestingly, the quadratic of cost was highly

signi®cant (t-value of 9.06) in the MNL model, suggesting confoundment of scale and

utility parameters, which can be identi®ed separately in HEV models. Previous studies

that investigated income eÿects (e.g., Jara-Diaz and de Dios Ortuzar 1988, Jara-Diaz

and Videla 1989 with a universal choice set of nine alternatives) may have incorrectly

interpreted the presence/absence of income eÿects because they relied on simple MNL,

which constrains the unobserved variance to be equal across alternatives.

Consequently, based on HEV, we conclude that there is no income eÿect, which

may be intuitively plausible in this case in which only a small amount of an indivi-

dual's budget goes to commuting-use-related marginal costs.

The level-of-service attributes represented by mode-speci®c door-to-door travel time

were statistically signi®cant, producing behavioural values of travel time savings at the

sample mean of fare or cost that were $3.36 per person hour for train, $4.60 per person

hour for car, and $4.75 per person hour for bus. Public transport values were sub-

stantially lower than those derived from MNL ($5.41 for train and $6.22 for bus), but

the value for car was only slightly lower (MNL value of $4.81). The HEV and MNL

car values were comparable to the $4.35 per person hour value found in another recent

Sydney route choice study (Hensher 1997b), and similar to ®ndings of a recent com-

muter mode choice study for six capital cities in Australia (Hensher 1998a). Although

somewhat premature, one might be tempted to suggest that relaxing the constant

variance assumption redistributes the potential time bene®ts of modes in favour of
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the automobile, away from the relatively in¯ated behavioural values of travel time

savings for public transport:

in the basic logit model . . . [is] . . . the result of failure to account for some

unobserved in¯uences on relative utility which are suppressed through the

constant variance assumption and consequently 'distributed' to the observed

eÿects. (Hensher 1998b: 239).

If one identi®es an income eÿect, personal income should be introduced into the

utility expression for every alternative, in line with the theoretical requirement set out

in section 11.5.2. We estimated a model in which cost was divided by the expenditure

rate, but we do not discuss them because only one eÿect diÿered. None the less, it is

worth noting that a likelihood ratio test yields a chi-square value of 52.06 with one

degree of freedom which suggests that the two models diÿer signi®cantly in goodness

of ®t, such that the zero income eÿect model has greater explanatory power than the

income eÿect model.

When scale diÿerences across all alternatives in both the SP and RP data are taken

into account, parameter estimates for each attribute common to alternatives that

appear in both SP and RP data sets should be generic (see chapter 8). There is no

microeconomic theoretical reason (except for measurement diÿerences) to treat them

as data set speci®c, which traditionally has been the assumption in sequential and joint

estimation of SP±RP models that link a single scale parameter to all alternatives in a

speci®c data set (e.g., Morikawa 1989, Hensher and Bradley 1993).

11.5.6 Fare type and car cost direct and cross share elasticities

The ®nal set of direct and cross-elasticities are reported in table 11.18. The reported

results are probability weighted average estimates, derived from estimates for each

individual in the sample. Each column provides one direct share elasticity and six cross

share elasticities. These direct or cross elasticities represent the relationship between a

percentage change in fare level and a percentage change in the proportion of daily one-

way trips by the particular mode and ticket type.

For example, the column headed TS tells us that a 1 per cent increase in the train

single trip fare leads to a 0.218 per cent reduction in the proportion of daily one-way

trips by train on a single fare. In addition, this 1 per cent single fare increase leads to a

0.001 per cent higher proportion of one-way trips on a train travel pass and 0.001 per

cent increase in one-way trips on a train weekly ticket.

The set of fare elasticities associated with a joint SP±RP model are based on the SP

parameter estimates of fare and cost, rescaled to the RP model to provide the choice

probabilities and fare (or car cost) attribute levels. The HEV model is not a closed

form expression, hence its elasticity formula is complex (see appendix B to chapter 6).

For completeness and comparison, table 11.18 contains direct and cross elasticities

from the SP partition of the joint SP±RP HEV model, the joint SP±RP MNL model

and the stand-alone SP-MNL and RP-MNL model. The cross elasticities for a joint

and stand-alone MNL model are uninformative.
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Table 11.18. Direct and cross share elasticities

TS TW TP BS BT BP Car

Train weekly ÿ0:218 �ÿ0:702� 0.001 (0.289) 0.001 (0.1490 0.057 (0.012) 0.005 (0.015) 0.005 (0.009) 0.196 (0.194)
(TS) �ÿ0:161;ÿ0:517� [0.146, 0.110] [0.031, 0.067] [0.052, 0.035] [0.025, 0.041] [0.021, 0.024] [0.427, 0.601]

{ÿ0:057;ÿ0:317} {0.134, 0.073} {0.004, 0.039} {0.048, 0.023} {0.012, 0.029} {0.018, 0.018} {0.134, 0.199}

Train weekly 0.001 (0.213) ÿ0:093 �ÿ0:635� 0.001 (0.358) 0.001 (0.025) 0.001 (0.024) 0.006 (0.019) 0.092 (0.229)
(TW) [0.062, 0.087] [ÿ0:057;ÿ0:313] [0.031, 0.067] [0.052, 0.035] [0.025, 0.041] [0.021, 0.024] [0.427, 0.601]

{0.054, 0.053} {ÿ0:018;ÿ0:197} {0.004, 0.039} {0.048, 0.023} {0.012, 0.029} {0.018, 0.018} {0.134, 0.199}

Train travel 0.001 (0.210) 0.001 (0.653) ÿ0:196 �ÿ1:23� 0.001 (0.023) 0.012 (0.022) 0.001 (0.017) 0.335 (0.218)
pass (TP) [0.062, 0.087] [0.146, 0.110] [ÿ0:111;ÿ0:597] [0.052, 0.035] [0.025, 0.041] [0.021, 0.024] [0.427, 0.601]

{0.054, 0.053} {0.134, 0.073} {ÿ0:002;ÿ0:368} {0.048, 0.023} {0.012, 0.029} {0.018, 0.018} {0.134, 0.199}

Bus single 0.067 (0.023) 0.001 (0.053) 0.001 (0.031) ÿ0:357 �ÿ0:914� 0.001 (0.248) 0.001 (0.286) 0.116 (0.096)
(BS) [0.062, 0.087] [0.146, 0.110] [0.031, 0.067] [ÿ0:217;ÿ0:418] [0.025, 0.041] [0.021, 0.024] [0.427,0.601]

{0.054, 0.053} {0.134, 0.073} {0.004, 0.039} {ÿ0:141;ÿ0:239} {0.012, 0.029} {0.018, 0.018} {0.134, 0.199}
Bus travel 0.020 (0.020) 0.004 (0.037) 0.002 (0.023) 0.001 (0.206) ÿ0:160 �ÿ0:462� 0.001 (0.163) 0.121 (0.090)
ten (BT) [0.062, 0.087] [0.146, 0.110] [0.031, 0.067] [0.052, 0.035] [ÿ0:083;ÿ0:268] [0.021, 0.024] [0.427, 0.601]

{0.054, 0.053} {0.134, 0.073} {0.004, 0.039} {0.048, 0.023} {ÿ0:017;ÿ0:159} {0.018, 0.018} {0.134, 0.199}
Bus travel 0.007 (0.025) 0.036 (0.063) 0.001 (0.034) 0.001 (0.395) 0.001 (0.290) ÿ0:098 �ÿ0:700� 0.020 (0.103)
pass (BP) [0.062, 0.087] [0.146, 0.110] [0.031, 0.067] [0.052, 0.035] [0.025, 0.041] [ÿ0:072;ÿ0:293] [0.427, 0.601]

{0.054, 0.053} {0.134, 0.073} {0.004, 0.039} {0.048, 0.023} {0.012, 0.029} {ÿ0:005;ÿ0:154} {0.134,0.199}

Car (C1) 0.053 (0.014) 0.042 (0.023) 0.003 (0.013) 0.066 (0.009) 0.016 (0.011) 0.003 (0.066) ÿ0:197 �ÿ0:138�
[0.062, 0.087] [0.146, 0.110] [0.031, 0.067] [0.052, 0.035] [0.025, 0.041] [0.021, 0.024] [ÿ0:130;ÿ0:200]
{0.054, 0.053} {0.134, 0.073} {0.004, 0.039} {0.048, 0.023} {0.012, 0.029} {0.018, 0.018} {ÿ0:265;ÿ0:361}

Note: Elasticities relate to the price per one-way trip. The RP elasticity precedes the SP elasticity in any pair. SP direct and cross elasticities from the HEV model

(table 11.16) are in parentheses ( ). The direct elasticities from the stand-alone RP- and SP-MNL models are in square brackets [ ]. Cross elasticities for the stand-

alone SP-MNL model and the stand-alone RP-MNL model are given in [ ]. The MNL RP and SP direct and cross elasticities are in braces { } from the joint SP±

RP MNL model in table 11.17. The interpretation for a speci®c fare class is obtained under each column heading.



A comparison of the HEV and MNL RP elasticities shows a systematically lower set

of direct elasticity estimates for all public transport alternatives in the MNL model

(and vice versa for car). We might conclude that an SP model tends to produce lower

elasticities than its RP counterpart when the SP choice probabilities are higher than

the RP probabilities (which is the situation here). The MNL direct elasticity estimates

for public transport alternatives tend to be lower than their HEV counterparts in both

RP and SP models (and vice versa for car). The implication, if generalisable (given the

observation that the less-chosen modes in an RP setting are chosen more often in an

SP setting), is that previous studies that used an MNL and/or a stand-alone SP model

speci®cation may have sizeable errors in estimation of direct share elasticities.

11.5.7 Conclusions

The results for case study 4 are based on estimation of MNL and HEV models using a

mixture of SP and RP data. The utility parameters associated with trip fares in the SP

model were rescaled by the ratio of the variances associated with fare for a particular

alternative across the two data sources, so that the richness of the fare data in the SP

experiment could enrich the RP model. The resulting matrix of direct and cross

elasticities re¯ects the market environment in which commuters make actual choices,

while bene®ting by an enhanced understanding of how travellers respond to fare

pro®les not always observed in real markets, but including fare pro®les which are of

interest as potential alternatives to the current market oÿerings.

A better understanding of market sensitivity to classes of tickets is promoted as part

of the improvement in management practices designed to improve fare yields. In this

®nal case study we have examined a number of approaches to estimating a matrix of

direct and cross price share elasticities, and provide for the ®rst time a complete

asymmetric matrix.

11.6 Conclusions to chapter

The case studies presented in this chapter present a broad perspective on how trans-

portation analysts have used and can use SP methods to predict demand and market

share as well as derive marginal rates of substitution between attributes that in¯uence

choices. The number of applied studies is expanding rapidly as the bene®ts of combin-

ing revealed preference and stated choices are realised. The reader should have enough

background from earlier chapters to be able to use the methods discussed in a wide

range of transport applications in both passenger and freight sectors.
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12 Environmental valuation
case studies

12.1 Introduction

During the past thirty years the valuation of environmental goods and services has

become one of the most heavily researched areas within environmental economics.

Several techniques for valuing goods and services that do not ordinarily enter the

market system have been devised. One of the emerging areas in valuation is the use

of SP theory and methods in the valuation of environmental goods and services. SP

techniques oÿer many advantages in this area, and their consistency with random

utility theory allows them to be used to generate economic measures of bene®ts (or

costs) associated with changes in environmental service ¯ows.

This chapter reviews the general topic of environmental valuation, and more spe-

ci®cally, the use of SP techniques in valuation. This is followed by an examination of

two case studies. The ®rst case study illustrates the use of SP in measuring the value of

recreation, in which SP is used as a stand-alone tool for valuation and combined with

RP data for the same activity. The second case study examines the use of SP in the

valuation of an endangered-species conservation programme, in which SP is used to

elicit consumer preferences over environmental goods and services where there is no

behavioural trail (i.e., no market in which to compare SP and RP data). Finally,

advanced issues in the use of SP for environmental valuation are discussed, including

the relationship between SP and the most common direct environmental valuation

technique: contingent valuation.

12.2 Environmental valuation: theory and practice

Many aspects of the natural environment are `valuable' to people but their value may

not be re¯ected in the market system. People value such activities as hiking and

camping, but prices paid for these activities tend to be set administratively, and are
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often quite low (or even zero). The public values clean air, but cannot easily buy it in a

market-like setting. The economic value of these activities, if priced and oÿered in

market-like settings, would result from the interaction of supply and demand.1

However, for a variety of reasons, environmental goods and services have not been

incorporated into the market system, and hence their economic values are largely

unknown and often under-represented in economic analysis.2 In the past thirty

years economists (and others) have devised methods to determine the value of en-

vironmental goods and services and express them in monetary terms. Thus, the process

of environmental valuation represents an attempt to place environmental goods on a

par with market goods so that they can be evaluated using the same money metric.

Environmental values include values for recreation, scenery, aesthetics and health.

Linkages between the environment and water quality, air quality and other aspects of

environmental quality also can be viewed as environmental values. Some environmen-

tal goods may have administrative fees that re¯ect a portion of their value (e.g., licence

fees for hunting), but others have no apparent market or price (e.g., scenery). As with

the assessment of any other economic value, environmental values are measured as the

amount an individual would be willing to pay for an increase in the quality or quantity

of a good or service, or the amount they would be willing to accept in compensation

for a decrease in the quality or quantity.

There are two types of environmental values, namely use values and passive use

values. Use values are values related to some use, activity or traceable economic

behavioural trail. Outdoor recreation consumption (of any form) typically requires

expenditures on travel and other goods, and despite the fact that recreation may not be

priced in a market, expenditures on recreation-related items provide a behavioural

trail that can be used to develop a value of the environmental good. Eÿects of changes

in scenery or aesthetic attributes of forest environments on real estate values also can

be viewed as use values. Passive use values, on the other hand, have no clear beha-

vioural trail. These values include existence values, bequest values and other values not

typically expressed directly or indirectly through any market.

In the past, use values have been measured by a number of techniques, depending

on the issue at hand and the data available. Techniques for measuring use values can

be characterised either as direct (i.e., they use conversational or hypothetical question

approaches) or indirect (i.e., they use existing use data to develop models of behaviour

in the face of environmental change). Direct methods include contingent valuation3
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1 Economic value is often de®ned as the amount one is willing to pay or willing to accept for a good or

service. However, there are signi®cant technical complexities in the actual determination of such

values, even for market goods (see Freeman 1993).
2 Environmental goods and services are often not incorporated into the economic system because they

possess `public goods' characteristics. That is, one person's consumption of clean air does not come

at the expense of another person's consumption, and one person cannot generally exclude another

person from consuming `their' clean air. These characteristics make it di�cult to construct market-

like systems for environmental goods.
3 Contingent valuation is a direct questioning technique that asks individuals what they would be

willing to pay for a change, contingent on there being a market for the good. This technique will be

discussed and compared to SP methods later in the chapter.



(Mitchell and Carson 1989; Freeman 1993) and SP methods, while indirect techniques

include travel cost models commonly used in recreation demand (Freeman 1993,

Bockstael et al. 1991), hedonic price models used in property value analysis

(Freeman 1993) and a host of production function methods that examine the impact

of environmental change on outputs or expenditures (Freeman 1993; Braden and

Kolstad 1991).

Passive use value is de®ned as an individual's willingness to pay for an environ-

mental good, even though he or she may never intend to make (or may be barred from

making) any active use of it. That is, the individual derives satisfaction from the mere

existence of the good. There is no behavioural trail, hence only direct methods such as

contingent valuation can be used to elicit passive use values. It is worth noting that

there is still some controversy about the existence of passive use values (not just their

measurement), and whether they are an economic phenomenon (Diamond and

Hausman 1994). Passive use values (assuming they exist and are relevant) are asso-

ciated with public goods or quasi-public goods. Wilderness areas, wildlife habitat,

protected areas and other such environmental goods may have passive use values

associated with them.

Because they elicit preferences or trade-oÿs for attributes of goods or services that

may or may not currently exist, SP techniques can be used to measure use or passive

use values. It also is easy to combine SP techniques with RP methods to develop

improved choice models. We now turn to an analysis of the use of SP in the context

of measuring the value of outdoor recreation, one of the most heavily researched non-

market activities.

12.3 Case study 1: use values ± recreational hunting
site choices

The demand for recreation has been heavily researched in the environmental econom-

ics literature. This is partly because recreation forms a natural link between market

activities (travel, expenditures on campsites, etc.) and the environment (scenery, wild-

life, etc.). Environmental changes often aÿect recreationists, and through these

changes in demand, economic activities in regions located near recreation sites are

aÿected. During the early 1960s advances in bene®t±cost analysis and eÿorts to

improve the use of non-market bene®ts in bene®t±cost analysis focused on incorpor-

ating recreation values (and changes therein) in bene®t±cost calculations.

In the case study that follows we examine the links between recreation and indus-

trial forestry in western Canada. Industrial forestry activities change landscapes and

aÿect wildlife populations, and change access to forest areas because roads are con-

structed as part of forestry activities. Thus, forestry impacts on recreation are not

necessarily positive or negative. For example, certain wildlife populations may

improve after forestry activity and access may also be enhanced. Yet, if forest harvest-

ing activity takes place in certain ways, wildlife populations may decline partly from

changes in habitat and also from too many additional recreationists.
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This case study examines recreational hunting site choice in the north-western

region of Alberta, Canada.4 Recreational hunting is an important regional activity

that generates a signi®cant amount of economic impacts. Forestry activity also is

sizeable, and has a major in¯uence on the landscape. The research question is

`What are the likely eÿects of forest harvesting (and associated access changes) on

recreational hunting site choices and values?' Thus, our objective is to understand the

impact of changes in environmental attributes (access, landscape, wildlife populations,

etc.) on the recreational hunting population and to translate these changes into eco-

nomic values. The measures of economic values ultimately are used to help design

forest harvesting activities that maximise the sum of forestry and recreation values by

choosing appropriate levels and areas for forest harvesting.

12.3.1 Study objectives

The objectives of the study were to develop a decision support tool that could be used

to predict recreational hunting site choice5 in the face of changes to the landscape

brought about by forestry activities and other forces. This decision support tool was

intended to provide industry with a way to evaluate the non-market value of recrea-

tion along with the market values of forest harvesting as input to decisions about

where and when to harvest. Thus, the SP study objective was to design a task (SP

survey) for recreationists that would reveal how their site choice behaviour would be

likely to change in response to changing environmental characteristics. Secondary

objectives were to collect RP data on actual choice so that these data could be com-

bined with SP data (or used on their own) and obtain information on perceptions of

environmental quality attributes at the hunting sites.

It is worth noting that RP data alone could be used to answer some of the questions

described above. However, as described in chapter 8, RP data often suÿer from the

fact that attributes are very collinear and/or their range of values is limited and may

not include levels important to policy analysts. In this study there was little variation

in some RP attributes, such as level of access to recreation sites and degree of con-

gestion at sites. Thus SP data were required to accurately assess changes in these types

of attributes. Furthermore, one easily can imagine situations in which congestion

levels could rise to levels not previously experienced. Responses to this type of change

require SP data because RP data contain no such information. Such examples often

arise in environmental economic analysis. For instance, in a recent case in the north-

western United States, changes to river and reservoir levels were proposed in an

attempt to restore salmon populations to viable levels (see Cameron et al. 1996 for

details). Recreationists (boaters, water skiers, swimmers, etc.) had not previously

experienced these water level change magnitudes; hence, it is unlikely that RP data
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could predict responses to changes. Moreover, water quality and recreation facility

attributes tend to be quite correlated because areas with good water quality and high

scenic quality also tend to have developed beach facilities. Thus, SP analysis is

required to separate the eÿects of water quality from the eÿects of development and

facilities.

12.3.2 Qualitative study

Focus groups with hunters were used to provide qualitative input to the study (see

chapter 9 for a discussion of the use of focus groups in SP choice studies). Sessions

were held in a central facility and tape recorded so the discussions could be more fully

analysed subsequently. The main purpose of the focus groups was to identify and

re®ne the site attributes that were important to the group. Also, focus groups are

useful for understanding the words and phrases (or more generally `language') that

individuals use to describe and discuss the attributes. For example, moose hunters are

interested in harvesting animals. Thus one assumes that moose populations in a region

would be an important attribute in site choice. Yet, listing the `number of moose per

square kilometre' meant little to the focus group participants. Instead, they were more

comfortable with such descriptions like as `seeing or hearing moose' or `seeing signs of

1 or 2 moose per day'. Similarly, for such attributes as degree of site congestion, the

absolute number of people encountered was not relevant; instead, hunters wanted to

know if they would encounter people on foot or people in vehicles.

The focus groups allowed us to identify the attributes in table 12.1, which are

actually quite small in number. The focus groups also provided information relevant

to describe the attributes in the SP task. We experimented with written site descrip-

tions and artists' renderings of site characteristics, but the focus groups demonstrated

the superiority of written descriptions.

12.3.3 Data collection, instrument design and sampling frame

Surveys were administered to samples of hunters selected from Alberta Fish and

Wildlife Services licence records. The hunters were sampled from ®ve locations, four

located within the study area plus Edmonton, a large metropolitan centre located

about 200 km outside the area. Each hunter was sent a letter notifying them that a

study was being conducted and that they would be phoned to ask them to participate.

Next, hunters were phoned and asked to attend a group in their town or city. Hunters

were provided with incentives to attend the groups (commemorative pins containing

the likeness of a moose were given to each participant at the meetings, a cash prize was

drawn at each meeting and one large cash prize was awarded after all meetings were

completed). A total of 422 hunters were phoned, 312 of which con®rmed that they

would attend the groups, and of these, 271 (87 per cent of recruitments) actually

attended. There were eight central facility group sessions held in various locations

in the study area, with group sizes ranging from twenty to ®fty-®ve hunters. Sessions

were tape recorded (there was discussion during the completion of survey tasks), and a
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representative of the Provincial Fish and Wildlife Agency was at each meeting to

answer general questions about hunting issues.

Each hunter completed ®ve survey components: (1) demographics, (2) SP task, (3) a

record of moose hunting trips (RP information), (4) a contingent valuation question6

and (5) site-by-site estimates of perceptions of hunting site quality. The order of the

last four components was randomised to test for section-order bias. Further details of

the survey design and data collection process can be found in McLeod et al. (1993).

The SP task consisted of a series of SP choice sets (hunting site scenarios) with two

hunting site options and a third option of not going hunting. The situation was

presented as `. . . If these were the only sites available on your next trip ± which alter-

native would you choose?' Hunters are familiar with situations in which sites (Wildlife

Management Units or WMUs) are closed for all or part of the season, hence, it was

credible for them to consider choosing between only two alternatives or not going at

all. The set of attributes and levels presented in table 12.1 were used to create choice

sets using a (44 � 22� � �44 � 22) orthogonal main eÿects design, which produced

thirty-two choice sets that were blocked into two versions of sixteen choice sets
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Table 12.1. Attributes used in the moose hunting stated preference
experiment

Attribute Level

Moose populations Evidence of <1 moose per day
Evidence of 1±2 moose per day
Evidence of 3±4 moose per day

Evidence of more than 4 moose per day
Hunter congestion Encounters with no other hunters

Encounters with other hunters on foot

Encounters with other hunters in ATV
Encounters with other hunters in trucks

Hunter access No trails, cutlines, or seismic lines

Old trails passable with ATV
Newer trails, passable with 4WD vehicle
Newer trails, passable with 2WD vehicle

Forestry activity Evidence of recent forest activity
No evidence of forestry activity

Road quality Mostly paved, some gravel or dirt
Mostly gravel or dirt, some paved sections

Distance to site 50 km
150 km
250 km

350 km

Note: ATV � All terrain vehicle; 2(4)WD � 2�4� wheel drive.

6 A discrete-choice contingent valuation question was included to compare the results of this approach

with the SP task. These results are reported in Boxall et al. 1996.



each. Each respondent was randomly assigned to one version. Each therefore evalu-

ated sixteen pairs of descriptions of moose hunting sites plus the option of choosing

neither site (hence, not going moose hunting). An example of one of the choice sets is

presented in table 12.2.

12.3.4 Model estimation

A variety of models can be estimated using the data collected in this study.7 The SP

data alone can be used to estimate models, the RP data about choices plus data on the

`objective measures'8 attributes of the actual sites could be used, and/or RP data plus

data on the perceptions of attributes of the actual sites can be used. Of course all three
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Table 12.2. Example choice set from the moose hunting site task

Features of hunting area Site A Site B

Distance from home to 50 kilometres 50 kilometres

hunting area

Quality of road from Mostly gravel or dirt, Mostly paved, some

home to hunting area some paved gravel or dirt

Access within hunting area Newer trails, cutlines Newer trails, cutlines

or seismic lines, or seismic lines

passable with a passable with a

2WD vehicle 4WD truck

Encounters with other No hunters, other Other hunters, on

hunters than those in my ATVs, are

hunting party, encountered

are encountered

Forestry activity Some evidence of No evidence of

recent logging logging

found in the area

Moose population Evidence of less than Evidence of less than

1 moose per day 1 moose per day

Tick ONE box only: & A & B & Neither

7 The estimation results reported here are based on Adamowicz et al. 1997 in which more detail on the

estimators can be found.
8 Even within `objective measures' of attributes like moose population level and levels of hunter

congestion there is a certain amount of variation or error since these measures are not perfectly

collected. These `objective measures' typically provided by government agencies can be considered a

form of agency perception of the attributes of the sites.



types of data could be combined in joint estimation (data fusion, as it is sometimes

called ± see chapter 8). A further issue is the degree to which preferences for hunting

sites diÿer between segments in the hunter population. A key ®nding from previous

research in this area is that preferences diÿer between hunters who reside in urban

areas and those who reside in rural areas. Below we investigate issues of data fusion

and heterogeneity using a variety of model forms, but for simplicity as well as com-

parison purposes we begin by presenting MNL estimates of the SP model parameters.

Estimates of the MNL choice model parameters are in the ®rst column of table 12.3.

Two alternative-speci®c constants represent the two hunting alternatives in the choice

set (the `don't go hunting alternative' has a constant equal to zero for identi®cation

purposes). These constants are positive and statistically signi®cant at the 95 per cent

level, indicating that, everything else held constant, the respondents receive more

utility from hunting than not hunting. Travel cost (measured as the distance to the

alternative times a factor that converts distance into travel costs) is negative and

signi®cant. All remaining variables are eÿects coded (see chapter 9) and are either

two- or four-level variables. (For example, road quality is a two-level attribute, and

the tabled negative parameter represents poor road quality (unpaved roads). Thus, the

parameter for the better road quality (paved roads) is positive (1ÿ the parameter for

unpaved roads). Nevertheless, this parameter is not signi®cant, suggesting that hunt-

ing site choice is unaÿected by the site's road quality.) Levels of access signi®cantly

aÿect choice, and the ®rst level of access (no trail) and the fourth level of access (2WD

access) are both negative. The estimate of the parameter corresponding to the refer-

ence (in this case, fourth) level of an eÿects coded attribute is the negative of the sum

of parameters of the other attributes (again, see chapter 9). Thus, as congestion

increases from no hunters to hunters in vehicles, utility declines. Similarly, as moose

populations increase, utility increases.

The second model in table 12.3 includes interactions of rural or urban residence

(individual characteristics) with the attributes in the SP model. These interactions

involve eÿects codes (urban hunters� 1, rural hunters� ÿ1); hence, interaction coef-

®cients are added to main eÿects for urban hunters and subtracted for rural hunters.

Urban hunters have smaller absolute travel cost parameters, which may be because

they tend to take fewer but longer trips, hence are less sensitive to distance and cost.

Urban hunters also seem signi®cantly more sensitive to lack of trails (no-trails), but

their preferences for other attributes (including moose populations) appear similar to

rural hunters.

Table 12.3 also presents results of an RP model based on hunters' actual trips, and a

combined model for both RP and SP data (see chapter 8 for a description of the

estimation methods for combined RP±SP models). Note that several parameters in

the RP model could not be estimated because there was insu�cient variation in the

`real world' data to identify the preferences for some attributes. All parameters can be

estimated in the pooled model, including alternative speci®c constants for every real

wildlife management unit. Our results indicate that both models (RP and SP)

capture the same underlying preferences once error variance diÿerences are taken

into account (see Adamowicz et al. 1997). That is, error variance diÿerences re¯ected
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in the �1 term in table 12.3 account for diÿerences in preference parameters between

the two data sets.

12.3.5 Policy analysis: economic welfare measurement

The objective of the SP task and associated model estimates was to understand the

economic impact of changing attributes of moose hunting sites. In economic terms this

is known as welfare measurement, which refers to the amount that individuals are

willing to pay for quality or quantity changes. In this study, welfare measures refer

to the amounts that individuals are willing to pay in additional travel costs for quality

improvements. This provides a way to `monetise' the bene®ts of environmental

improvements to measure them on the same scale as and compare them to other

land uses already measured in monetary terms (e.g., forest harvesting bene®ts).

The SP model results can be used to forecast changes in hunting site choice if

attributes of a site are changed. For example, if companies engage in forest harvesting

practices that enhance moose populations, individuals are attracted to sites; and con-

versely, if forest harvesting results in lower moose populations, hunters will go else-

where. In the present case SP results are used to help predict what will happen to the

visitation rates for fourteen actual wildlife management units (WMUs).

To determine the economic welfare impact of a change we go one step beyond

predicting changes, as explained in the following example. Suppose there is only one

WMU and hunters always choose to go hunting (an abstraction, of course, but it helps

to understand welfare measurement). To examine the monetary impact of a quality

change, one could compare situations before and after the change. In particular, let V0

be the `utility' before the change, de®ned by the utility expression estimated from the

MNL model (e.g., column 2 of table 12.3). If we simplify V0 to include only price

(travel cost) and a generic quality factor Q, utility can be expressed as

V0 � b1 �Price� � b2�Q�: �12:1�
Suppose we wish to examine a change from level of quality Q to Q 0. Assume for the

time being that Q 0 > Q and b1 < 0, b2 > 0. The economic welfare impact of the

change from Q to Q 0 is the price increase in the new situation (CV, or compensating

variation in equation 12.2) that makes a person as well oÿ in the original situation as

they will be under the quality improvement. That is, we wish to ®nd the CV quantity

(amount) that solves the following expression:

V0 � b1 �Price� � b2�Q� � b1 �Price� CV� � b2�Q 0� � V1: �12:2�
Thus, CV is the amount of money that equates the original utility level (V0) with the

subsequent utility level (V1).9
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9 Much of the fundamental theory behind welfare measurement in discrete-choice models has been

developed by Small and Rosen (1981) and Hanemann (1982). For a discussion of economic welfare

theory including applications to discrete-choice models see Freeman (1993) or Braden and Kolstad

(1991).



Stated Choice Methods338

Table 12.3. Estimation results for moose hunting site choice task

RP
SP ± no SP (urban/rural (urban/rural
interactions interactions) interactions) RP±SP

Site A (SP ASC) 2.1133 1.8437 Ð 1.8501

(30.08)) (22.2) (22.4)

Site B (SP ASC) 2.0741 1.7744 Ð 1.7790

(29.78) (21.4) (21.7)

Travel cost ÿ0.0056 ÿ0.0047 ÿ0.0098 ÿ0.0127

(ÿ22.6) (ÿ17.8) �ÿ5.4) (ÿ6.4)

Road quality ÿ0.0185 ÿ0.0494 0.1303 ÿ0.0627

(unpaved) (ÿ0.071) (ÿ1.5) (0.60) �ÿ0.8)

Access ÿ0.3210 ÿ0.1082 Ð ÿ0.2913

No trail (ÿ6.88) (ÿ1.8) (ÿ1.7)

Old trail 0.4006 0.3301 1.4911 0.7078

(8.02) (5.3) (1.5) (3.7)

4WD Trail 0.1702 0.0624 Ð 0.2055

(3.99) (1.1) (1.5)

Congestion

No hunters 0.6030 0.5967 ÿ2.8610 1.6297

(13.64) (10.6) (ÿ2.5) (5.2)

On foot 0.0687* 0.0044 Ð ÿ0.0048

(1.42) (0.1) (ÿ0.0)

In ATV ÿ0.2784 ÿ0.2677 Ð ÿ0.7550

(ÿ6.00) (ÿ4.5) (ÿ4.1)

Logging ÿ0.0452* 0.0370 0.0726 0.0316

(1.75) (1.1) (0.1) (0.4)

Moose Population

Moose 1 ÿ1.238 ÿ1.2218 0.0023 ÿ3.2069

(ÿ24.35) (ÿ18.5) (0.0) (ÿ5.6)

Moose 2 ÿ0.0622* 0.0040 ÿ0.0900 ÿ0.2534

(ÿ1.40) (0.1) (ÿ0.2) (ÿ1.9)

Moose 3 0.4440 0.4447 ÿ1.3721 1.2469

(10.08) (7.8) (ÿ1.5) (5.1)

Interactions

Urban*Site a 0.0413 Ð ÿ0.0288

(0.3) (ÿ0.1)

Urban*site b 0.1427 ÿ0.2497

(1.1) Ð (ÿ0.7)

Urban*travel cost 0.0014 0.0048 0.0044

(3.2) (3.4) (5.0)

Urban*unpaved 0.1147 Ð 0.1911

(2.2) (1.6)

Urban*no trail ÿ0.4006 Ð ÿ1.0630

(ÿ4.4) Ð (ÿ3.4)

Urban*old trail 0.0753 0.4071 0.6396

(0.8) (2.6) (3.3)

Urban*4WD trail 0.2145 Ð 0.3732

(2.5) (2.1)
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Table 12.3. (cont.)

RP
SP ± no SP (urban/rural (urban/rural
interactions interactions) interactions) RP±SP

Interactions

Urban*no hunters 0.0576 0.1845 0.0680

(0.6) (0.6) (0.3)

Urban*on foot 0.1065 Ð 0.3191

(1.1) (1.2)

Urban*in ATV ÿ0.0067 Ð ÿ0.0295

(ÿ0.1) (ÿ0.1)

Urban*logging ÿ0.0020 ÿ0.1348 0.0900

(ÿ0.0) (ÿ0.8) (0.8)

Urban*moose 1 ÿ0.0145 ÿ0.1173 ÿ0.2643

(ÿ0.4) (ÿ0.5) (ÿ1.4)

Urban*moose 2 ÿ0.1103 0.5351 0.3871

(ÿ1.2) (3.3) (2.7)

Urban*moose 3 0.0187 ÿ0.0693 ÿ0.0949

(0.2) (ÿ0.4) (ÿ0.6)

RP ASCs

WMU337 Ð ÿ0.7385 0.5863

Ð (ÿ0.8) (0.9)

WMU338 Ð 0.7149 ÿ0.8366

(0.7) (ÿ1.1)

WMU340 Ð 0.1614 1.6713

(0.1) (2.7)

WMU342 Ð 0.1614 3.5135

(�WMU340) (3.6)
WMU344 Ð ÿ1.7154 4.1400

(ÿ1.4) (5.0)

WMU346 Ð Ð 0.0170

(0.0)

WMU348 Ð 0.7149 ÿ1.7593

(�WMU338) (ÿ2.0)
WMU350 Ð ÿ0.9133 1.6122

(ÿ0.7) (2.7)

WMU352 Ð Ð 3.7260

(3.9)

WMU354 Ð 1.4147 1.6235

(2.3) (2.2)

WMU356 Ð Ð 2.2300

(2.4)

WMU437 Ð Ð ÿ1.7588

(ÿ1.5)

�1 � ln (scale) ÿ0.9840

(ÿ5.8)

�2 0.2514 0.2581 0.2437 0.2566

Note: Asymptotic t-statistics are in parentheses; SP � stated preference, RP � revealed preference.

Source: Adamowicz et al. (1997).



While this provides a measure of economic welfare (or willingness to pay) for a

quality change in the case of one alternative, it does not address situations involving

many alternatives. Put another way, equation (12.2) is the economic welfare measure

that would obtain if there were no uncertainty about the alternative that an individual

would choose. If we know the individual de®nitely will choose alternative i, then any

changes to alternative i can be assessed using the formula above.10 However, with

discrete-choice models we only know that an individual has a certain probability of

choosing a particular alternative, and we need a way to extend the welfare measurement

expression to cases in which individuals have probabilities of choosing alternatives.

The solution is to `weight' each alternative by the probability that it will be selected.

This is somewhat analogous to the concept of expected utility, in which the utility of

being in several states of the world is weighted by the probability that each occurs, and

the weighted utility sum equals the expected utility.

The MNL model requires a slight modi®cation to examine the expected value of the

maximum utility of the alternatives because the alternative with the highest utility

should be the chosen one. Fortunately, given the MNL model assumptions (EV1

error terms, see chapters 3 and 6), the expected value of the maximum is easily

computed. Given a set of alternatives i � 1; . . . n, with utilities Vi, the expected

value of the maximum is

ln
Xn
i�1

eVi : �12:3�

This expression appeared earlier as the `inclusive value' or `log-sum' (chapter 6),

which summarises information about alternatives and converts it into expected values.

Now the welfare expression can be modi®ed to incorporate the expected value con-

cept. A change from initial conditions V0
I to new conditions V1

I can be expressed as

CV � ÿ1

�
ln

Xn
i�1

eV
0
i ÿ ln

Xn
i�1

eV
1
i

" #
; �12:4�

where � is the `marginal utility of money' or the change in utility that arises from a 1-

unit change in money or price. The marginal utility of money term can be derived from

a MNL model. For example, the price coe�cient in a linear model re¯ects the change

in utility for a change in the price of a good, which captures the marginal utility of

money. However, the price coe�cient is negative, re¯ecting the fact that higher prices

result in lower utilities. In order to change this into the marginal utility of money, one

simply multiplies the price coe�cient by ÿ1 (to change this term into the marginal

utility of income, rather than the marginal disutility of price).

Having discussed the mechanics of welfare measurement, we now turn to some

examples from the case study. For example, recall that we want to estimate impacts
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employed. In general the welfare expression is V�Y ;Q� � V�Y ÿ CV;Q 0� where Y is money or

income, Q is the original environmental quality level and Q 0 is the new or `improved' environmental

quality level. See Freeman (1993) for a discussion on the technical aspects of welfare measurement.



of changing moose population levels (for example) on recreational hunting. There

are fourteen actual alternatives, hence, the expression for calculating the welfare

measure is:

CV � ÿ1

�
ln

X14
i�1

eV
0
i ÿ ln

X14
i�1

eV
1
i

" #
: �12:5�

Suppose that V0 indicates the original environmental situation and V1 is a situation in

which moose populations at one site move to a higher level. Thus, we examine a site

improvement that moves from the lowest to the second level of moose population. The

parameter estimates in column 2 of table 12.3, applied to the best available informa-

tion on the attributes at each of the fourteen sites, permit us to calculate the ®rst

summation in equation (12.5). Travel cost is a function of distance, hence we compute

it for a representative person in the sample. Next, we change moose population at

WMU344 from level 1 to level 2 and recalculate the summation, which becomes the

second summation in expression (12.5). Finally, the marginal utility of money is

derived from the travel cost parameter and the CV is calculated. That is, we calculate

the amount of money an individual would be willing to pay per trip for a change in

moose population at WMU344. In the present case this is $8.93,11 which is the amount

that the representative hunter would be willing to pay. Persons who live further from

WMU344 (hence, have higher travel costs to 344, or equivalently have lower prob-

ability of visiting site 344, all else equal), should have less WTP (willingness to pay).

One can programme an expression such as equation (12.5) into a spreadsheet or

decision support system (DSS). With such a DSS, the attributes of alternatives can be

varied and the impact of changing any one (or a combination) of attributes can be

examined. This provides decision makers (e.g., forest managers) with the information

that they need to compare the impacts of various alternatives.

This completes case study 1, but we note in closing the discussion that the analysis

can be extended in many directions. However, we will forego these extensions to return

to more general issues in modelling recreation or use values and examine some

advanced topics in environmental valuation associated with measuring use values.

12.3.6 Frequency and choice

This case study provides some measures of how choices of alternative sites may be

aÿected by changing environmental quality. Economic welfare measures were

described by per-trip measures, but what if the changes aÿect not only where a person

chooses to go but also how often she or he goes? In market goods contexts, this refers

to a `frequency' or demand eÿect as opposed to a choice eÿect. The economic impact

of frequency versus choice matters because reductions in environmental quality may

have very large eÿects if they result in reduced participation (frequency) as well as

changes in site choice.
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A simple way to model participation is to include an alternative in the choice set

such as `do not participate'. In the case study presented above such an option was

included in each three alternative choice set, but it may not completely re¯ect the true

situation. That is, individuals may assume that choice sets will change so that `better'

options will appear in later choice sets, which will allow them to continue to make the

number of trips they wish. Another possibility is that one can ask individuals which

alternative they would choose, and how many trips (in a season) they would make to

the sites assuming they represented their only available choices, but even this is some-

what problematic. Such an approach was used by Adamowicz, Louviere and Williams

(1994), but their respondents found it somewhat di�cult to state how many trips they

would make to hypothetical sites. Furthermore, modelling the data generated by such

responses is challenging.

A formal approach to modelling frequency and choice in the context of recreation

trips was proposed and implemented by Hausman, Leonard and McFadden (1995).

They jointly estimated a model in which the number of trips each person takes per

season is conditional on the choices each makes. That is, one only observes trip

frequency for choices made. The inclusive value (or log-sum) from the choice model

is linked through to the frequency equation as a measure of the relative attractiveness

of the full set of alternatives, which is assumed to determine the total number of trips.

Although theoretically consistent and appealing, their approach requires joint data on

trip frequency and choice, and assumes that trip frequencies can be accurately

explained with information on individual characteristics and site level variables.12

12.3.7 Dynamics

The models discussed to this point describe choice behaviour in static environments.

Recreation sites are chosen based on their attribute levels and current levels of indi-

vidual income, experience, etc. However, individuals may be subject to habits and

continue to choose particular sites on the basis of habit-forming preference structures.

Alternately, individuals may be variety-seekers and wish to choose diÿerent sites on

each trip, or they may remember recent bad experiences at certain sites and avoid them

until these memories decay. These possible dynamic aspects of choice are seldom taken

into account in SP approaches, but may be signi®cant elements of choice behaviour,

especially if temporal planning horizons are quite long (e.g., vacation trips).

There has been relatively little research into choice dynamics in recreation or envir-

onmental valuation. A simple-minded approach would use RP data and include a

variable to indicate if an alternative was chosen on the last occasion or not (see,

e.g., Guadagni and Little (1983) for a marketing example). However, such an

approach is conceptually unappealing because it confounds the dynamic element (pre-

vious choice) with the other attributes, and begs the question of what explains the

previous choice(s). A person may continue to visit a site because it has the best
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attributes, or the same person may simply exhibit habit-forming behaviour. More

sophisticated approaches included Adamowicz's (1994) formal model of intertemporal

choice behaviour for recreation site choice, or Provencher and Bishop's (1997)

approach which simultaneously estimates the parameters of an MNL choice model

while solving a dynamic programming site selection problem. The latter approach, in

particular, requires complex data and specialised estimation software. The issue is

relevant because in reality choices probably are dynamic, hence may be strongly

in¯uenced by habit, learning and other dynamic elements. Stated choice models typi-

cally do not examine such issues, but SP data could be used to enhance the RP data

used to estimate such models. This would allow RP data to play a major role in

identifying dynamic processes, and the SP data to play a major role in determining

attribute trade-oÿs.

12.3.8 Summary

In this section was described the application of stated choice models to environmental

valuation of recreational hunting. The process of de®ning the study objectives,

performing qualitative analysis, implementing data collection, analysing data and

performing policy analysis is very similar for any stated choice case study. The largest

diÿerence in this case is probably that the policy analysis goes beyond calculating

market shares or predicted choice probabilities. The analysis of economic welfare

measures is an extension of probability calculations that allows one to `value' changes

in environmental quality not re¯ected in market prices. Thus, stated choice methods

provide mechanisms for the valuation of environmental goods and services, either as

stand alone methods or in combination with revealed preference information. The

next section deals with a diÿerent but related issue in environmental valuation, namely

valuing goods and services that do not have any linkage with expenditures, purchases

or other observable market behaviours.

12.4 Case study 2: passive use values

Some of the most contentious issues in the environmental area involve what can be

viewed as passive use values. For example, in the Paci®c northwest region of the

United States, the well-known battle over the use of old-growth forest habitat

where spotted owls live is basically a con¯ict between individuals who wish to see

old-growth forests remain as is and those who can bene®t from logging them. In this

case the policy question is, `How much are people willing to pay to ensure that spotted

owls exist?' Or, alternatively, `How much decrease in timber output and associated

employment will society trade-oÿ for maintenance of old-growth forest habitat?' This

particular con¯ict remains unresolved and tensions continue between the various

parties involved in the dispute. The Exxon-Valdez oil spill in Prince William Sound,

Alaska, impacted use values (®shing, recreation, etc.), but the legal action brought
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against Exxon also sought recovery of passive use values lost because of the impact on

the ecosystem (Carson et al. 1994 detail this case).

Passive use values are di�cult to measure because there is no behavioural trail and

hence no `actual' value to use as a benchmark or basis for calibration. Yet, measure-

ment of passive use values has become very important, partly due to their policy

implications, but also because damage assessment legislation in the United States

has legislated their consideration and use in court cases. In this section we examine

a case study which uses SP to measure passive use values.

12.4.1 Passive use values: contingent valuation and stated preference

Contingent valuation methods (CVM) have been used by economists for approxi-

mately thirty years to value changes in natural resources and environments. In the

CVM approach respondents receive detailed information about the current state of the

environment (including economic and biological information) and the proposed

change (an improvement or reduction in environmental quality). Once respondents

`digest' the information, they are asked if they would vote to accept the changes and

pay a certain amount of money or vote against the initiative.13 Responses to such

questions are analysed to determine the average willingness to pay for the sample of

individuals.

The CVM approach is somewhat similar to methods used in marketing to evaluate

new concepts for goods or products. For example, concept tests typically provide

detailed descriptions of products for which demand forecasts are to be made (e.g.,

Urban and Hauser 1993). Descriptions may consist of models, mockups, prototypes,

multimedia presentations, etc., but in any case, the description is used to estimate the

demand or value. In contrast, the SP approach views a product as one of many

possible products that diÿer in the values or positions they occupy on key attribute

characteristics. In the SP approach, characteristics are used to develop descriptions to

which consumers react.

A concern with CVM is that it relies very heavily on the accuracy of descriptions,

but any errors in a description discovered after the fact cannot be changed. Hence, the

provision of detailed information is crucial to the analysis. Also, CVM typically

cannot value the separate components of the situation. In contrast, SP methods rely

less on the accuracy and completeness of any particular alternative, but more on the

accuracy and completeness of the product characteristics and attributes used to

describe alternatives. Thus, instead of asking about a single event in detail, consumers

are asked about a sample of events drawn from the universe of possible events of that
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type. SP tasks may provide some advantages relative to contingent valuation, and we

review these issues in the later part of this chapter. However, relatively little research

has examined the use of SP tasks in passive use value settings,14 hence this issue

requires further examination.

We now turn our attention to a case study involving the measurement and model-

ling of passive use values using SP methods.

12.4.2 Study objectives

A common example of passive use value is the value that people place on endangered

or threatened animal species. This case study examines one such species, the woodland

caribou in Alberta, Canada. Mountain dwelling, woodland caribou rely on old-growth

forests in west central Alberta, an area also involved in considerable industrial (for-

estry, oil and gas) and recreational activity. Lands allocated under forest management

agreements (FMAs) in Alberta contain superior woodland caribou habitat. To estab-

lish protected areas and conditions considered optimal for caribou preservation by

biologists, holders of FMAs may have to be compensated and recreational uses of the

land may be restricted. It should be noted that these are public lands; hence, prefer-

ences of the general public are relevant to land-use decision making. These issues form

the basis for our valuation exercise.

12.4.3 Qualitative study

Focus groups were used to help understand how individuals viewed protection of

caribou habitat and the aspects of this situation that mattered. A typical CVM exercise

would involve the development of a detailed description of the proposed changes to

management under a `caribou protection plan' and an elicitation of the amount that

individuals would be willing to pay (or willing to vote for in a referendum format) to

implement the plan. In the SP approach the characteristics of the situation are identi-

®ed, i.e., the attributes associated with protection of woodland caribou. Such attri-

butes include the landbase that supports caribou, forestry activity and employment,

recreational opportunities, habitat for other species (which may be negatively corre-

lated with caribou) and other items. Understanding of the aspects of land use that

matter to people is critical in developing scenario descriptions. Also, the issue of a

payment vehicle or a linkage between the actions people prefer and how each person

will be aÿected must be examined (e.g., individuals may pay to protect caribou with

tax funds). The SP task was constructed from the attributes found to matter most to

focus group participants (caribou populations, wilderness area, employment, taxes

paid per household, etc., see table 12.4).
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Table 12.4. Attributes and levels used in the caribou passive use value experiments

Attribute Levels

Mountain caribou population 50
(number of caribou) 400 (current situation)

600
1600 (historical maximum)

Wilderness Area (hectares) 100,000
150,000 (current situation)
220,000

300,000
Recreation restrictions (categories) Level 1 No restrictions

Level 2 Activities in designated areas

(current situation)
Level 3 No hunting, ®shing, oÿ-road

vehicles, helicopters; horses

and overnight camping in
designated areas

Level 4 No hunting, ®shing, oÿ-road
vehicles, helicopters, horses;

hiking on designated trails,
limited access overnight
camping.

Forest industry employment 450
(direct employment) 900

1200 (current situation)

1250
Changes to provincial income tax $50 decrease
(annual change) No change (current situation)

$50 increase

$150 increase
Additional Attributes
(confounded with attributes above, listed to

make descriptions complete)
Moose populations 14,000
(negatively correlated with caribou 8,000

populations: moose and caribou populations 6,000
are inversely related) 2,000

Forest management agreement area (hectares) 1,061,000

(this area decreases as the size of wilderness 1,012,000
area increases) 942,000

862.000



12.4.4 Data collection, instrument design and sampling frame

The attributes determined in the qualitative study were assigned levels to represent the

ranges that occur in the study area, and were combined to construct choice scenarios

by using a 45 � 45 � 2 orthogonal, main eÿects design. The two 45 components

relate to two `alternative futures' options presented in the choice task, and the last

component is a two-level blocking factor used to create two versions of scenarios and

reduce the number of choice sets each individual faced. Where possible, such ortho-

gonal blocking factors like this should be used to create versions because they ensure

balance in the attribute levels within and between versions. Each choice set included

the status quo (described by the attributes at current levels) and two `alternative

futures' (see table 12.5). Individuals were asked to choose the alternative they pre-

ferred as if they were voting on the options. Each respondent received eight choice set

scenarios and was asked to choose one situation from the three oÿered for each

scenario.

Survey respondents were a random sample of residents of Edmonton, Canada.

Initial telephone contact was used to recruit individuals to complete a follow-up

mail survey. Random digit dialling procedures were used to contact 900 Edmonton

residents who agreed to complete the survey. Surveys were sent to them, and reminder

cards were then sent after two weeks. Non-respondents were sent new survey packages

after four weeks. The overall response rate by the cutoÿ date was 65 per cent, which

was considered good in view of the complexity of the survey.

12.4.5 Model estimation

A basic MNL model was estimated from the choice data. Caribou populations, wilder-

ness area, changes in tax payments, and changes in forest industry employment were

modelled as quantitative (continuous) variables, whereas recreation restrictions
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Table 12.5. Choice task for woodland caribou±passive use value case study

Alternative Alternative
Current situation 1 situation 2

Attributes situation (future situation) (future situation)

Mountain caribou 400 caribou 1600 caribou 600 caribou

Moose population 8000 moose 2000 moose 6000 moose
Wilderness area 150,000 hectares 150,000 hectares 220,000 hectares
FMA area 1,012,000 hectares 1,012,000 hectares 1,012,000 hectares

Recreation restrictions Level 2 Level 2 Level 1
Forest industry 1200 jobs 1200 jobs 1200 jobs
employment

Provincial income tax No change in $50 increase in $50 decrease in
change taxes/year taxes/year taxes/year



were modelled as qualitative variables (four levels represented by three eÿects-coded

variables). The estimation results are reported in table 12.6 and reveal that almost all

attributes are statistically signi®cant. Caribou populations and wilderness area had

signi®cant and positive marginal utilities. Tax payments were negative and signi®cant

as expected. The eÿect of recreation restrictions decreases in size as restrictions become

more severe. As expected, adding restrictions to an individual's recreation opportu-

nities decreases utility. Finally, forest industry employment was not statistically sig-

ni®cant, indicating that, in this case, people do not consider increasing employment in

the forest industry to be personally welfare enhancing. A quadratic form of the model
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Table 12.6. Coe�cients of linear and quadratic caribou choice experiment
MNL models

Linear Quadratic
Variable model model

ASC (for non-status quo choices) ÿ0.6740 ÿ0.4715
(ÿ9.19) (ÿ5.76)

Caribou 0.0501 0.5453
(9.25) (17.71)

Caribou squared ÿ0.0269

(ÿ16.85)
Wilderness area 0.0391 0.0756

(9.33) (2.30)

Wilderness area squared ÿ0.0008
(ÿ1.16)

Recreation level 1a 0.3334 0.2786

(6.55) (5.22)
Recreation level 2a 0.1669 0.1747

(3.23) (3.15)
Recreation level 3a ÿ0.2168 ÿ0.1503

(ÿ3.87) ÿ2.65)
Employment 0.0080 0.1329

(0.81) (1.56)

Employment squared ÿ0.0086
(ÿ1.73)

Taxb ÿ0.0033 ÿ0.0055

(ÿ7.54) (ÿ5.86)
Tax squaredb ÿ0.0002

(ÿ2.77)

�2 0.09 0.14
Log likelihood ÿ2840.68 ÿ2669.23

Notes: aEÿects coded variable; bLinear tax variable represents (Incomeÿ Tax) but

is estimated using tax only (since income is constant across alternatives). Quadratic

tax variable is (Incomeÿ Tax�2=�10000��.
Source: Adamowicz, Boxall, Williams and Louviere, (1998).



also was estimated, which ®t better than the linear model and suggests, for example,

that preferences for caribou populations rise rapidly to a population size of about 600,

and then ¯atten.

An interesting issue arises in the interpretation of the alternative-speci®c constant.

Here the ASC represents the utility of choosing something other than the status quo,

all else equal. That is, this ASC represents either alternative future a or alternative

future b. The ASC parameter is signi®cant and negative, indicating a preference for the

status quo, all else equal, which is consistent with results in other literatures. That is, a

so-called status quo `bias' seems to arise when people are asked to consider moving

away from their present situation (Samuelson and Zeckhauser (1988) oÿer a more

general discussion).

12.4.6 Policy analysis

The model describes and predicts preferences over `states of the world'; hence one can

examine the amount an individual would be willing to pay to move from the status

quo to a situation in which a caribou conservation programme was instituted. Suppose

that a certain programme involved an increase in the caribou population from 400 to

600, an increase in area in wilderness reserves and a ban on recreational activities in

the area (no hunting, ®shing or oÿ-road vehicles). Economic welfare measures can be

constructed using the methods described above by comparing individuals' utility at the

status quo with their utility in the alternative future. Using the notation presented

above (equation (12.2)), let Q re¯ect the status quo levels of environmental attributes

(caribou population level, wilderness area, recreation restrictions) and Q 0 represent the
proposed caribou conservation plan (increased caribou population, increased wild-

erness area, restricted recreation access). The amount of money that an individual

would be willing to pay for the caribou conservation plan is estimated by computing

the value of CV in equation (12.6)

V0 � b1 �Price� � b2�Q� � b1 �Price� CV� � b2�Q 0� � V1: �12:6�
Of course, one could compute the value of any programme de®ned by changes in the

attributes of the choice task. Thus, willingness to pay for a programme that increases

caribou populations but also restricts recreation opportunities and reduces forest

industry employment also can be calculated. This project's modelling results suggest

that the average sample household was willing to pay about $75 per year in additional

taxes for a project that increased caribou population and extended wilderness area (at

the expense of FMAs), but decreased recreation access by one level relative to the status

quo. A very wide range of policy analyses can be based on the estimated model para-

meters. For example, average sample willingness to pay to increase caribou populations

one level more than the status quo was relatively low. That is, increasing caribou

populations from 600 to 800 was worth about $26 per household per year (all else

equal). This result suggests that once caribou levels are well beyond signi®cant threats

to their population, individual preferences (as revealed by the quadratic model) for

further population increases and increased taxes are quite small.
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12.4.7 Summary

This section presented a case study involving the use of SP methods to estimate passive

use values. The basic approach is the same for any SP application, but the issue is

complicated by the following factors:

1. Individuals have relatively little familiarity with `choosing' goods such as environ-

mental quality or endangered species management plans.

2. Individuals may feel that they do not have enough background or knowledge to

actually make such choices, although they frequently make important and com-

plex social choices in elections and referenda. Thus, these issues are not outside of

the purview of social choice situations.

3. In any situation with passive use values, there is no easy way to `ground truth' the

results as there is no behavioural trail. Thus, issues of strategic behaviour, or

individuals misrepresenting their preferences in order to achieve individual gain,

is always a concern.

It has been suggested that describing the situation as a referendum may alleviate the

problems associated with strategic behaviour, but even this frame may not eliminate

such problems.

Eliciting the public's preferences for environmental services is a very important

yet challenging area of research. Many of the environmental issues we face today,

such as endangered species, global climate change, industrial pollution, etc., have

elements of use and/or passive use value. In order to make informed decisions

regarding policy actions, accurate models of human choice and preferences are

required. However, accuracy in an arena ®lled with scienti®c uncertainty, political

agendas and interest groups is di�cult. In the conclusion to this section we turn to

a discussion of one of the most di�cult issues in applying SP to environmental

issues.

12.5 The passive use value controversy: can SP help?

In 1989 the Exxon Valdez ran aground and the ensuing oil spill generated a variety of

damage assessment cases and calls for compensation. One element of compensation

demanded by the State of Alaska was lost passive use value. A vigorous debate began

in the economics profession contesting the existence of passive use values and the merit

of the CVM method. After several years of panels, debates and papers, the National

Oceanic and Atmospheric Administration (NOAA, the agency responsible for the

guidelines for damage assessment under the Oil Pollution Act), an agency in the

Department of Commerce of the United States Federal government, approved

CVM methods for determining passive use values and initiating discussion on com-

pensation (Arrow et al. 1993). The NOAA panel report also issued guidelines for the

conduct of CVM studies.
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Passive use values will continue to be important elements of resource management.

CVM probably will continue to be used as a tool. However, researchers are beginning

to explore the use of SP or choice experiment approaches in which the attributes of the

situation become important. In that regard, there may be several advantages to the SP

approach relative to CVM:

1. SP tasks allow researchers to `value' attributes as well as situational changes.

Thus, response surfaces or valuation functions can be developed to permit a

range of values to be examined (e.g., a range of estimated ecological impacts).

2. In the case of damage to a particular attribute, compensating amounts of other

goods (rather than compensating variation based on money) can be calculated.

For example, in our earlier recreational hunting example, a reduction in moose

population could be `compensated' by changing access conditions at diÿerent

sites. Such a use of compensating `goods' is now employed in resource damage

assessment cases (Jones and Pease 1995, NOAA 1997). For further detail see

Adamowicz, Louviere and Swait (1998).

Calculation of compensation in non-monetary terms appeals to some researchers

and policy makers because it avoids having to ask people how much money they

would be willing to pay for environmental improvements. Similarly, in the more

common case of damage assessment, it avoids asking how much money they would

be willing to accept for reductions in environmental quality. Individuals tend to feel

uncomfortable trading oÿ money for environmental attributes, particularly in the

case of the latter question. A non-monetary compensation approach provides for

environmental damages to be compensated with improvements to other environments,

perhaps even in diÿerent locations.

However, this approach also has limitations because one needs to design SP tasks to

elicit preferences for environmental quality, and even if one has a `true' representation of

preferences, determination of resource compensation may be complex. For example,

some people may want habitat near their home improved to compensate for damages,

but others may want distant national parks improved. As well, environmental

improvement projects may last for several years, requiring that some way be found

to compare the bene®ts of a multi-year environmental improvement to a single year's

damage. These are only two complications that may arise when moving to resource

compensation. Nevertheless, there is so much controversy over the use of money as a

metric for measuring damages, and the CVM method itself, that this SP approach is

being given serious consideration.

Another potential advantage associated with SP is that it may decrease concerns

about certain phenomena observed in past empirical research, such as strategic

behaviour and `yea-saying'.15 That is, respondents are asked to choose from various
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scenarios, which may make it more di�cult for them to behave strategically. Modern

CVMmethods use referendum formats or present choices in public referenda contexts.

This format may minimise individuals' strategic behaviour because referenda appear

to be `incentive compatible' mechanisms that induce individuals to reveal their true

values (see Mitchell and Carson 1989). SP tasks such as those illustrated above can

also be framed as referenda. Finally, issues of embedding (Kahneman and Knetsch

1992), scoping and/or sequencing (Carson and Mitchell 1995) have dominated the

recent CVM debate. That is, individuals may value goods presented as subsets of

composite goods (e.g., a mu�n as part of a breakfast) diÿerently than they value

the good when presented on its own (only a mu�n). SP is based on attributes and

incorporates diÿerent subsets of goods within the design; hence, embedding is part of

SP experiments, and the empirical results reveal if individuals are sensitive to attribute

levels (termed `scope' in the CVM literature). Finally, the repeated response approach

of SP allows for within-sample veri®cation or consistency tests, which are uncommon

in the CVM literature.

Despite these potential advantages of SP tasks, SP designs may create some

problems. SP experiments are often based on orthogonal main eÿects fractions

of complete factorial designs. Such designs limit the way in which attribute eÿects

can enter utility functions. More complex designs can be used, but they can lead to

more complex surveys. Also, issues of information provision, survey design, and

survey administration apply as much to SP surveys as they do to any survey-based

method.

A recent test of SP methods for measuring passive use values was performed by

Adamowicz, Boxall, Williams and Louviere (1988). This experiment also examined

combining SP and CVM tasks to use the information generated by both. The results

suggested that SP performs at least as well as CVM and the advantage of attribute-

based valuation is signi®cant.

It is likely that the use of SP methods in the environmental area will increase in the

future. In environmental economics research has focused on detailed examination of

CVM as a preference elicitation tool. However, the controversy generated by the

Exxon Valedez incident and the resulting NOAA panel have begun to broaden eco-

nomic researchers' quest for tools that can describe preferences and elicit trade-oÿs. It

is not clear that any methods yet proposed can solve the puzzle of passive use values

because obtaining `truth' in this context is di�cult. Nevertheless, there appears to be a

concerted eÿort to employ methods such as SP in the search for information on

environmental preferences.

12.6 Conclusions

Forms of SP methods have been in use for some time in environmental economics. The

CVM method has been in existence for over thirty years. Recently economists have

begun to expand their stated choice repertoire to include the methods examined in

detail in this volume. These methods have been used in two distinct cases. First, they
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are used to re¯ect, or help re¯ect, human behaviour related to environmental quality.

The choices that humans make in the areas of recreation, housing choice and even

food choice can be related (at least in part) to some aspect of environmental quality.

Models of behaviour or demand can then be used to understand the implications of

changing environmental quality and also the economic value of these changes.

The second use of stated preference methods in environmental economics is to

measure passive use values, or preferences for public goods or social choices. These

choices do not necessarily involve any explicit behavioural changes, and hence SP

tasks take on more of a role of public opinion elicitation or referendum modelling.

This form of choice is di�cult to model for several reasons, not the least of which is

the fact that individuals are not used to such tasks and there are rarely actual choice

data available to calibrate stated choices.

We presented two case studies in this chapter, one use value case and one passive

use value case. Throughout the chapter we noted that the objective of these studies

either was to develop planning tools (the recreational hunting case) or was to value

environmental quality changes so that damage assessments and compensation require-

ments can be computed. However, there are other uses of SP tasks and non-market

valuation. These tools can be used to help determine full cost prices, or prices in which

damages to environmental quality is built in. For example, in the case of electrical

utilities, SP methods are used to determine the environmental cost of generating

electricity and then factoring this cost back into the price. SP methods can also be

used to develop natural resource accounts. Natural resource accounts have been pro-

posed as a parallel to traditional national accounts (GNP or GDP), except that the

value of the natural capital (forests, water, soil, etc.) is measured and accounted for in

the measure of wealth. If water quality declines, its value in the natural resource

account declines. In order to be measured in consistent terms these accounts are

often formulated in monetary terms, thus requiring a non-market valuation method

to transfer the physical account into dollar terms.

SP methods are likely to continue to grow in use and popularity in the environ-

mental economics profession. They are consistent with economic theory and they

provide a way to alleviate some of the di�culties associated with relying on market

data. In environmental economics individuals are somewhat used to operating in areas

outside of traditional markets; hence SP methods ®t very well within their tool kits.
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13 Cross validity and
external validity of SP
models

13.1 Introduction

At the heart of psychological and economic theories of consumer choice behaviour lie

implicit or explicit assumptions about regularities (i.e., consistencies) in evaluation

processes and decision rules across individuals, product classes, time periods, cultures,

etc. Demonstrating the existence of such regularities is a crucial step in establishing the

external and cross validity of SP theory and methods, but there are also two broader

reasons to seek regularities in consumer choices:

1. To provide support for psychological and economic theories of choice in a variety

of contexts of interest to academic disciplines interested in and practitioners of

choice modelling; and

2. To support the development and generalisability of theory dealing with speci®c,

substantive empirical issues.

The purpose of this chapter is to describe and provide a theoretical rationale for

seemingly fairly widespread empirical regularities in published and unpublished

research on the analysis and modelling of preferences and choices. In particular, we

provide evidence that theory discussed in previous chapters (especially chapter 8)

predicts that a simple behavioural mechanism can explain a wide range of empirical

comparisons of preference and choice models estimated from diÿerent conditions,

contexts, times, geographical location and/or product classes. In this chapter our

objective is to explain this mechanism, demonstrate how it arises naturally as a con-

sequence of random utility theory and illustrate its generality in a wide range of

empirical contexts.

In marketing, transport, resource economics and other social sciences, choice data

(more generally, preference, or even more generally, dominance data) come in many

¯avours:

� cross-sectional observations of past, present or future preferences or choices,

including most recent or last choice,

� observations of preferences or choices in controlled experiments,
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� longitudinal observations of choices from scanner or other panels,

� judgements (more generally, `evaluations') of alternatives on latent dimensions like

`attractiveness,' `purchase intent', etc., measured magnitude estimation/production,

rating or ranking scales, and/or discrete choices of one or perhaps no alternatives,

� observations of decisions made by single persons or groups of people; and so forth.

Without seeking to be exhaustive, this short list yields many possible combinations of

preference data types and decision contexts. Indeed, with such disparity in preference

data sources, a search for regularities in decision and choice processes would seem

daunting, and, it is fair to say, has thus far yielded little in the way of reductionism.

We believe that the lack of substantial progress to date in identifying regularities in

preference and choice processes can be traced in part to the fact that any such search

faces formidable di�culties without a guiding theoretical framework. Thus, building

on material in earlier chapters, we attempt to show that random utility theory

(hereafter, RUT) can provide such a framework (see Manski 1977, McFadden 1981,

Ben-Akiva and Lerman 1985). We also attempt to show that a relatively simple

phenomenon predicted by RUT seems to account for many seemingly unrelated

empirical results previously reported in marketing, transport and other areas. In par-

ticular, as discussed in chapter 3, RUT posits that the utility of a product or service

can be decomposed into systematic and random components. This decomposition is

well known, but until recently it was less well known that the behaviour of the random

component in preference data sources impacts inferences from estimates of utilities

(i.e., utility parameters) within data sources and comparisons of estimates between

data sources (Morikawa 1989; Swait and Louviere 1993).

Variability in the random utility component plays a key role in the derivation and

estimation of random utility theory based choice models (see Ben-Akiva and Lerman

1985; Swait and Louviere 1993). Thus, it is important not only to understand this

role, but also to test its implications in empirical research; fortunately, recent

methodological advances permit tests of hypothesised preference and choice process

regularities. For example, Ben-Akiva and Morikawa (1990) and Swait and Louviere

(1993) explained why and how error variability diÿerences must and can be taken into

account when comparing diÿerent sources of choice data, and how to test the hypoth-

esis that two or more sets of choice data diÿer only in levels of error variability. More

recently, Louviere (1994) proposed that many conjoint type experiments could be

conceptualised in a random utility framework, and modelled by means of some

form of nested submodel within the family of generalised logistic regression models.

One key implication of Louviere's new conceptualisation of classical conjoint analysis

is to create a level playing ®eld for model comparisons. That is, the RUT framework

allows one to test if parameter estimates diÿer after accounting for diÿerences in levels

of error variability. For example, Ben-Akiva, et al. (1994) discuss and Louviere, Fox

and Moore (1993) demonstrate that one can apply Louviere's (1994) argument to

many forms of preference data, whether (a) conjoint or other stated preference

(generically termed SP) sources or (b) revealed preference (RP) sources. That is, one

now can compare and test preference (utility) parameters across diÿerent (a) sources of
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preference data, (b) types of decision tasks, (c) types of task manipulations such as

attribute or pro®le orderings, (d) groups of people, (e) time periods, geographical

locations, etc.

Thus, the purpose of this chapter is threefold:

1. to propose an operational de®nition of preference process regularity,

2. to outline a general way to compare and test models and sources of dominance

data based on the previously cited recent advances, and

3. demonstrate that accounting for diÿerences in the random utility component

among sources of preference data frequently may account for a signi®cant portion

of the reliable diÿerences in model parameter estimates.

To achieve our objectives, the remainder of the chapter is organised as follows:

� We ®rst review past literature to show that comparisons of model parameters

between diverse conditions/situations/manipulations have been and still are of

interest to the research community.

� We then formalise the concept of preference regularity, and relate it to the random

utility component, speci®cally through the concept of measurement reliability.

� Next, we brie¯y describe and present the results of model comparison tests for a

variety of empirical data sets, the results of which strongly support the notion that

much of the observed diÿerences in preference measurements can be attributed

simply to diÿerences in the magnitudes of error variability among the data sets

compared.

� We end by discussing the signi®cance of the ®ndings and implications for further

research directions that ¯ow logically from them.

13.2 A brief review of preference model comparisons

Comparison of utility parameters from diÿerent sets of preference data has a long

history in marketing, transport and other ®elds. For example, Meyer (1977) investi-

gated the impact of pro®le ordering on attribute weight, while Meyer and Eagle (1982)

investigated the eÿect of varying attribute ranges on utility parameters. Johnson

(1989) reported on attribute order eÿects on utility parameters. Olsen et al. (1995)

found diÿerences in utility parameters as a function of type of task (rating vs. choice),

presentation format (sequential vs. simultaneous), whether subjects had prior practice,

etc. Oliphant et al. (1992) compared utility parameters from ratings and choice tasks,

and pro®le or choice set order within type of task. Elrod, Louviere and Davey (1993)

compared rating and choice tasks under conditions in which choice sets were Pareto

optimal. Chrzan (1994) reported diÿerences in choice task utility parameters due to

three kinds of order eÿects. Ben-Akiva, Morikawa and Shirioshi (1991) and Bradley

and Daly (1994) compared logit model parameters estimated from diÿerent depths of

preference ranking data, and found diÿerences by depth. These references make it

evident that there has been, and continues to be, considerable interest in the eÿects of
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task manipulations, order eÿects and response mode diÿerences on utility parameters

in conjoint and other types of decision and choice tasks.

More recently, comparisons of revealed (RP) and stated preference (SP) data have

been of research interest. For example, Ben-Akiva and Morikawa (1990) compared

RP and SP data for transport mode choice in the Netherlands, and were unable to

reject the hypothesis that both data sets produced comparable utility parameters.

Hensher and Bradley (1993) reported a similar result in a study of a new fast train

proposed for the Melbourne±Sydney corridor. Other related research includes

the following: (a) Louviere, Fox and Moore (1993) compared diÿerent RP and SP

measures for vacation trips; (b) Swait, Louviere and Williams (1994) compared RP

and SP measures for freight shipper choices; and (c) Adamowicz, Louviere and

Williams (1994) and Adamowicz (1997) compared RP and SP measures for water-

based recreation and moose-hunting destination choices. Hence, not only is

interest in comparing models from diÿerent sources of preference data growing, but

interest in combining multiple sources of RP and SP data to test whether common

parameters can be estimated from the combined sources also is growing (Swait

and Louviere 1993, Ben-Akiva et al. 1994, Carson et al. 1994; see chapter 8 of this

book).

Finally, there are numerous examples of preference model parameter comparisons

among diÿerent `a priori' segments and/or groups of consumers. For example, Currim

(1981) compared choice models for diÿerent consumer segments identi®ed from con-

joint tasks, while Gensch (1985) proposed an approach to test for parameter

diÿerences among segments. Arnold, Oum and Tigert (1983) compared diÿerences

in preference model parameters in supermarket choice models by city, time period

and country. More recently, research interest in so-called latent segmentation

methods applied to preference modelling has been increasing (see Dillon and

Kumar (1994) for a review). These methods explicitly impose model parameter

diÿerences (i.e., implied parameter comparisons) across segments uncovered in the

analysis. This brief and non-comprehensive review demonstrates broad interest

in preference model comparisons in many diÿerent areas in several academic

disciplines.

13.3 Preference regularities

13.3.1 Conceptual structure

As a ®rst step we develop a conceptual framework based upon RUT to study and

compare diÿerences in choice or preference (more generally, dominance) data sources.

In the discussion below we de®ne `preference regularity' precisely, despite having used

the term somewhat loosely above. Although previous research addressed this concept

(e.g., Swait and Louviere 1993, Ben-Akiva et al. 1994), the conceptual framework we

discuss below formalises much previous work, which may be useful for future

research.
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To motivate what follows, suppose a sample of consumers respond to a survey in

which they make choices from experimentally designed pairs of alternatives that

describe some product. Call this choice elicitation procedure 1 (CEP1), and its asso-

ciated design matrix X1. Suppose a second source of preference or choice data for this

same product also is available, such as the responses of a second (independent) sample

of individuals to questions that elicit (a) which product or service they last purchased

and (b) their associated perceived (attribute) design matrix X2. Call this choice elicita-

tion procedure 2 (CEP2). Further, let X1 and X2 have some attributes in common

(represented respectively by matrices Xc1 and Xc2), but other attributes are elicitation

procedure-speci®c (call these matrices Z1 and Z2, respectively). Thus, X1 � �Xc1;Z1� 0
and X2 � �Xc2;Z2� 0.

For simplicity, let us assume that the total preference evaluation Uk of a product

pro®le in CEPk, k � 1, 2, is the sum of the individual partworth utility parameters of

the common attributes. That is, for now we assume that the utility function is strictly

additive in each common attribute, and we denote these common utility parameters

Vck�Xck; þk� for each CEP. Let the partworth utility parameters for the procedure-

speci®c components be denoted Wk�Zk, ÿk�, k � 1, 2. Finally, we must associate cer-

tain stochastic terms with each common and procedure-speci®c utility component to

account for usual statistical (econometric) concerns of measurement error, omitted

variables, incorrect functional forms, etc. These error components are denoted as �1,

�2, �c1, �c2, "1, and "2, and associated with the diÿerent data sources and partworth

components as follows:

U1 � �1 � �Vc1�Xc1; þ1� � �c1� � �W1�Z1; ÿ1� � �1� � "1;

U2 � �2 � �Vc2�Xc2; þ2� � �c2� � �W2�Z2; ÿ2� � �2� � "2;

where �1, �2 are intercepts to capture average preference levels in each data source.

These expressions can be straightforwardly rearranged to be

U1 � �1 � Vc1�Xc1; þ1� �W1�Z1; ÿ1� � ��c1 � �1 � "1�; �13:1�
U2 � �2 � Vc2�Xc2; þ2� �W2�Z2; ÿ2� � ��c2 � �2 � "2�: �13:2�

In each equation the dimensionality of the corresponding preference measure is

de®ned by its own elicitation procedure. For example, in the present case U1 has

two rows (it's a paired alternative task), but U2 can exhibit variable numbers of

rows per respondent, depending upon the number of products that comprised the

respondents' choice set when they made their last real purchase. Figure 13.1 provides

additional insight into equations (13.1) and (13.2) by depicting the entire set of

relationships previously described as a path-like diagram familiar to structural equa-

tion modellers (Bollen 1989). Although ®gure 13.1 shows only a two-source case, it is

easy to extend it to any number of preference data sources.

A key issue suggested by the literature previously reviewed is whether diÿerent

elicitation procedures, situational contexts, etc., measure the same underlying prefer-

ence process. Intuitively, this issue deals with a comparison of common utilities
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Vck�Xck, þk� derived from each elicitation procedure, context, etc. This motivates us to

propose a formal de®nition of the concept of preference regularity:

De®nition PR: K � 2 preference elicitation procedures exhibit preference regularity if

the marginal common utilities MUkjXck�Xc0
� �@Vck�Xck; þk�=@Xck�Xck�Xc0

are equal up

to positive constants of proportionality, i.e. MUkjXck�Xc0
� �k;k0MUk0 jXc0k�Xc0

for any

pair of data sources (k; k 0), where the scalar �k;k0 > 0 , and Xc0 is a vector of common

attribute levels.
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A key to understanding the basis for this de®nition is the recognition that it is not the

absolute magnitudes of common utilities per se that matter in comparing multiple

measures, but rather the comparability of the implied sensitivity of the measures to

changes in attribute levels. De®nition PR also requires that the algebraic signs of the

multiple measures agree (hence, the constants of proportionality be positive).

Note that if common partworth utilities are linear-in-the-parameters, the following

de®nition for preference regularity will hold:

De®nition PR 0: When Vck�Xck; þk� � þkXck, k � 1; . . . ;K , the preference elicitation

procedures are said to exhibit preference regularity if the parameter vectors þk are

equal up to positive constants of proportionality, i.e., þk � �k;k 0þk 0 for data sources

(k; k 0).

De®nition PR 0 is more restrictive than PR, but in practice it should be more widely

applicable because many, if not most, estimated choice models are linear-in-the-para-

meters speci®cations.

Our de®nition of preference regularity for multiple preference data sources requires

that the marginal common utility partworths measured in each source be equal up to a

multiplier for all common attributes. Figure 13.2 graphically illustrates the propor-

tionality condition that underlies de®nition PR 0 in the two data source case. That is, if

preference regularity holds between the two data sources, the marginal common uti-

lities should be linearly related with a positive slope. More intuitively, if de®nition PR 0

holds, a graph of the estimated parameters þ1 vs. þ2 should plot as a straight line

intersecting the origin. Hence, the `cloud' of points should occupy quadrants I and III,

but not II and IV of the graph. If this graphical pattern is not satis®ed in a particular

empirical situation, it is unlikely that the two data sources capture the same underlying

preferences.

Graphs such as ®gure 13.2 can help diagnose possible regularities, but a more

rigorous test is needed because the data are estimates of @Vck�Xck; þk�=@Xck. Thus,

a statistical test that takes the errors in the estimates into account is needed to make
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inferences about preference regularities. Such a test can be developed as a straight-

forward generalisation of the likelihood ratio test proposed by Swait and Louviere

(1993) for the two-source case, which allows de®nition PR 0 to be operationalised.

As ®gure 13.2 indicates, de®nition PR 0 is a very strong requirement for preference

regularity, and its stringency increases with the number of attributes involved. Thus,

the quality and strength of evidence for/against preference regularity in empirical

applications will be associated with care taken to design the attribute space for each

data source, the degree of attribute overlap, the relative importance of source-speci®c

attributes, bias induction and measurement reliability of each elicitation procedure,

etc. In turn, this implies that such conditions should be speci®ed and documented

when reporting the results of such comparisons.

Other factors also may explain rejection of this (relatively stringent) preference

regularity hypothesis. For example, RUT requires three items to be speci®ed in pre-

ference models: (1) a preference rule (utility function) that can be decomposed into

systematic and random components, (2) a choice set of alternatives and (3) a decision

(choice) rule that selects an alternative from a choice set. Diÿerences in any of these

three items between data sources may lead to violations of preference regularity. For

example, suppose that two data sources represent identical designed choice experi-

ments that diÿer only in that the ®rst source was a forced choice between two designed

alternatives, and the second contained an additional (third) `no-choice' alternative.

Thus, the ®rst data source represents choices from sets Cr; r � 1; . . . ;R; but the second

represents choices from sets Dr � Cr [ f`No choice'g, r � 1; . . . ;R. Previous beha-

vioural research would suggest that behaviour in the forced choice condition will diÿer

signi®cantly from the condition containing the option to not choose (e.g., Tversky and

Sha®r 1992, Olsen et al. 1995). In fact, if there is a diÿerence it implies utility model

parameter inequality, not preference regularity.

Unfortunately, de®nition PR does not inform us as to what represents a `reason-

able' attribute dimensionality from which to make inferences about preference regu-

larities between multiple data sources. Nevertheless, it seems reasonable that

comparisons involving fewer attributes generally should represent weaker support

for preference regularity across data sources than comparisons involving more. In

addition, the strength of evidence should increase as the number of attributes in the

comparison increases.

It is also important to understand why tests of preference regularity should not

involve alternative-speci®c constants (ASCs). In part this is due to the fact that our

de®nition of preference regularity involves the sensitivity of multiple latent utility

functions to attribute changes. However, more speci®cally, ASCs are simply the loca-

tion parameters of the random utility component and not associated with any one

attribute; they also capture the average eÿect of omitted variables, which varies

between contexts. For example, in the case of the MNL model it is well known that

if one includes all (identi®able) ASCs, the aggregate predicted marginal choice dis-

tribution will necessarily equal the observed aggregate marginal choice distribution (see

Ben-Akiva and Lerman 1985). ASCs have no other substantive interpretation (but

with certain coding conventions, they can be forced to equal the expected utility if all
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attributes exactly equal zero). Although some non-IID error models do not share this

property with MNL, ASCs none the less are speci®c to each data source; hence,

including them in the common utility cannot enhance preference regularity tests.

Furthermore, as we later show, the proportionality constants in our preference reg-

ularity de®nitions are related to assumptions about the random utility components

��ck � �k � "k�; hence, it is necessary to allow diÿerences in measurement reliability to

test preference regularity between data sources.

13.3.2 Stochastic variability and preference regularity

It is well known that the latent utility scale associated with a particular choice model

cannot be determined absolutely, but rather has an arbitrary origin (zero point).

However, what seems to be less well appreciated is that the scale of the latent utility

construct also cannot be uniquely identi®ed. This identi®cation restriction is the same

as that encountered by structural equation modellers in identifying the variances of

latent constructs.

For example, consider a binary probit choice model with latent utilities Ui �
Vi � "i, where i � 1, 2 is the alternative index, Vi is the deterministic utility and

�"1; "2� 0 is a bivariate normal random component with variances var ("i) and

cov ("1, "2). The observed dependent variable is Y � �y1; y2�, where y1 equals 1 if

U1 > U2, 0 otherwise, and y2 � 1ÿ y1. The choice probability of alternative 1 is

given by

prob �1� � ���V1 ÿ V2�=�� � ����V1 ÿ V2��; �13:3�
where � is the N(0, 1) CDF, �2 � var �"1� � var �"2� ÿ cov �"1; "2� and � � 1=�.

Equation (13.3) reveals two properties about the scale (�) of the underlying utility

construct: (1) it is determined by one's assumptions about the random stochastic

utility component, and (2) it is confounded with the partworth utility estimates.

This situation is not unique to binary probit, which can be seen if we consider the

same latent utility model but assume that the "s are IID Gumbel with scale factor

�2 ( � �2=6�2, where �2 � var �"1� � var ("2)). Then the choice probability for alter-

native 1 is

prob �1� � f1� exp �ÿ��V1 ÿ V2��gÿ1: �13:4�
We note without formal proof that confounding of scale and partworth estimates is

common to all preference models that link latent constructs to observable categorical

or discrete ordered outcomes. Thus, binary and multinomial versions of linear, MNL,

HEV, GEV and probit models, as well as ordered logit and probit models, inherently

confound scale and partworths (see chapter 6 of this book; also McFadden 1981,

Ben-Akiva and Lerman 1985, Maddala 1983, Bunch 1991).

As noted in Ben-Akiva and Lerman (1985) and Swait and Louviere (1993), estima-

tion of these models requires one to assume an appropriate normalising condition,

such as � � 1 in (13.3) or � � 1 in (13.4). However, ®gure 8.6 demonstrates that one's

choice of scaling constant makes a diÿerence. That is, as scale increases, even for a
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®xed diÿerence in systematic utilities, the probability model becomes more like a step-

function. In fact, as � ! 1, choice becomes deterministic because alternative 1 will be

chosen whenever �V1 ÿ V2� � 0 (Ben-Akiva and Lerman 1985). Conversely, as � ! 0,

choice probabilities converge to 1/J, for J alternatives (i.e., a uniform distribution).

Unfortunately, the need to normalise the scale constant in empirical applications of

choice models tends to obscure the fact that the estimated model parameters are

actually estimates of (scale � partworth). This confound is irrelevant for prediction,

but is crucial for comparison of partworths across market segments, elicitation

procedures, experimental conditions, time periods, geographical locations, etc. That

is, it must be taken into account because not to do so can result in real preference

similarities being obscured.

To illustrate why this can be so we will examine two typical preference function

comparison situations in the next section. We will also demonstrate how to formally

test for preference regularity.

13.4 Procedures for testing preference regularity

13.4.1 Case 1: multiple experimental conditions/response
variable� choice

Suppose we design L (� 2) experimental conditions to test some behavioural hypoth-

esis. We randomly assign respondents to each of the L conditions, and expose them to

condition-speci®c information prior to completing an identical choice task. For the

sake of discussion, assume that the utility function in condition l is (using the notation

of the previous section)

Ul � �l � þlXl � �l; l � 1; . . . ;L; �13:5�
where �i � ��cl � "l�. That is, there are no context-speci®c utility components (i.e.,

Wl�Zl; ÿl� � 0 and �l � 0, 8l ), but ASCs and utility parameters may diÿer between

conditions. We also assume that the �l are IID Gumbel (EV1) with scale factor �l in

each condition, which has two consequences: (1) choice processes in both conditions

conform to a MNL model, and (2) levels of error variance in each condition may diÿer

because �l / 1=�l. Other assumptions would lead to multinomial probit or other

random utility models in each condition, but do not alter our logic. Thus, the choice

probabilities in condition l are generated by MNL models that may seem super®cially

similar, but actually involve diÿerent values of �l:

Pil � exp ��l��il � þlXil��
�X

l

exp ��l��il � þlXjl��: �13:6�

The null hypothesis of interest is that the experimental manipulations do not aÿect

utility parameters Bl, l � 1; . . . ;L; or essentially, that H0: þ1 � þ2 � � � � � þL � þ. For

a linear-in-the-parameters preference function speci®cation, this hypothesis is equiva-

lent to stating that preference regularity exists across the L conditions. If we estimate
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MNL models from data in each of the L conditions, we estimate (�lþl), l � 1; . . . ;L;

not the þls of real interest. If we compare model coe�cients across conditions and ®nd

diÿerences, we cannot know if these diÿerences are due to (a) diÿerences in utility

parameters, (b) diÿerences in scale factors, (c) sampling error or (d) combinations of

all three.

One might begin an initial investigation into preference regularity by means of

simple graphs. Speci®cally, by de®nition PR 0, if H0 holds and one graphs pairs of

estimated utilities from each data source (i.e., (�1þ1) vs. (�2þ2), (�1þ1) vs. (�3þ3), etc.),

the result should be a `cloud' of points consistent with a straight-line passing through

the origin of the graph (as in ®gure 8.6, p. 236). Alternatively, one can calculate the

eigenvalues of the correlation matrix of the L estimated parameter vectors to investi-

gate the number of linearly independent dimensions needed to describe the L points in

K-space (K is the number of elements in þ, denoted K � jþj). In the latter case, if H0

holds, all the estimated utility vectors must be perfectly linearly related except for

estimation and sampling errors; hence, only one dimension can underlie the data.

Of course, one can do both things: (a) locate the parameter vector components in a

space of reduced dimensions, and (b) graph all vectors against the ®rst dimension.

Again, if H0 holds, one should obtain a family of proportional straight lines, and if

slopes diÿer, the diÿerences are due to scale factor diÿerences.

Unfortunately, graphs and simple matrix reduction techniques do not take into

account the sampling and estimation errors (i.e., the estimated parameter vectors

are random variables). Swait and Louviere (1993) discuss the two-condition extension

to the informal procedure above that accounts for these errors. A straightforward

adaptation of the Swait and Louviere test permits one to correctly test H0, as follows:

1. Estimate L separate choice models, obtaining the log likelihood value at conver-

gence, LLl , for each.

2. Pool all L data sources to estimate a joint model that imposes H0, but allows

diÿerent �l, l � 1; . . . ;L; call the log likelihood at convergence LLJ .

3. Form the statistic ÿ2�LLJ ÿ
P

LLl�, which is asymptotically chi-squared dis-

tributed with K�Lÿ 1� degrees of freedom, where K � jþj. If the calculated

chi-squared value is greater than the critical chi-squared value at the desired

signi®cance level, reject H0.

The key points involved in this procedure are that step (1) estimates (�lþl),

l � 1; . . . ;L; which permits both scale and partworths to vary from condition to

condition; step (2) estimates a single þ across conditions and �l, l � 1; . . . ;L, which

permits scale to vary while imposing a single partworth vector across all conditions. It

is important to note that one cannot identify all L Gumbel scale factors in estimating

the joint model in step (2) above. Instead, one of them, say �l , must be normalised

(conveniently, to one), with the remaining (Lÿ 1) scale factor ratios (�l=�1) identi®ed

by the procedure.

The advantage of this formal statistical test is that it accounts for all three sources of

diÿerences in parameters. A disadvantage is that one needs original data, which may
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preclude rigorous post-hoc investigation of some previously published results that

contain only parameter estimates. Graphs and eigenvalue analyses can be applied to

published results, but as mentioned earlier they lack the statistical properties and

power of a full information maximum likelihood (FIML) test. Thus, several ®elds,

most notably marketing and transport research, could bene®t from having all

researchers who publish model results make their original data available to others

who request them (a practice common in several other ®elds, e.g., environmental and

resource economics).

The immediately preceding case is of general interest, despite its deceptively simple

nature. For example, several researchers recently reported hypotheses consistent with

the general structure described above: Swait and Louviere (1993) for L � 2;

Adamowicz, Louviere and Williams (1994), Adamowicz et al. (1997) for L � 2 and

L � 3; and Louviere, Fox and Moore (1993) for L � 7. The foregoing were compar-

isons of alternative preference elicitation procedures, but could have been comparisons

of segments (a priori or latent) or product classes. Indeed, to illustrate the generality of

application, we now consider a comparison across product classes.

For example, Deighton, Henderson and Neslin (1994) examined the eÿects of adver-

tising on switching and repeat purchase behaviour in three mature product classes

(ketchup, and liquid and powdered detergent) using scanner panel data from Eau

Claire, Wisconsin. They estimated separate MNL models from these data, which

resulted in eleven common parameters associated with variables related to advertising

exposure, price, promotional status, loyalty and recent purchase behaviour (coe�-

cients and associated standard errors are in Deighton et al. 1994, table 3). The eigen-

values of the correlation matrix for these three parameter vectors were, respectively

2.88, 0.09 and 0.02. Thus, the ®rst eigenvalue explains 96 per cent of the variance,

which suggests that the common utility partworths for the three product classes can be

arrayed along a single underlying dimension. This expectation is con®rmed by

®gure 13.3, which graphs the components of the three vectors against the ®rst latent

dimension. As expected, the elements of the three vectors cluster closely together and

their slopes appear to be quite similar, suggesting equality of scale factors. We lack

access to their data, but it appears likely that a formal test of the hypothesis of

preference regularity would not be rejected for these three data sets. Thus, a simple

mechanism (i.e., diÿerences in the error variances of the three products) is able to

account for nearly all of the diÿerences in the parameter vectors for three distinct

product classes (especially ketchup versus the other two).

The latter result is signi®cant because if the hypothesis of preference regularity holds

across the three product classes, Deighton et al. (1994) could have pooled the three

data sources to estimate a common vector of utility partworths, while controlling for

possible scale diÿerences. At a minimum, this would increase their sample size, and

thereby the e�ciency of their parameter estimates; but more signi®cantly, it would

imply process invariance across data sets and product categories. Indeed, data pooling

might have led them to report more robust ®ndings with respect to their substantive

hypotheses concerning the impact of advertising on switching and repeat purchase

behaviour.
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13.4.2 Case 2: categorical versus ordinal response variables

As before, let us randomly assign respondents to one of two preference elicitation

procedures:

1. One sample reports (a) the brands in a particular category that they considered

and purchased on their last visit to a supermarket, and (b) the perceived attributes

of the chosen and other considered products. We will call this the revealed pre-

ference, or RP, choice data (we also could observe the purchases of a random

sample while in a store and ask them questions in part (b)).

2. A second sample indicates their likelihood of purchasing (on a seven-point ordinal

scale) a single hypothetical product pro®le from the same category described by a

vector of attribute levels. We will call this stated preference, or SP, ordinal data.

As before, interest centres on whether the two elicitation methods evoke the same

preferences.

Let the utility function in the RP data set be given by

URP � �RP � þRPXc;RP � ÿRPZRP � ��c;RP � �RP � "RP�; �13:7�

where we allow for choice-task-speci®c eÿects through ZRP. Assume that the

(�c;RP � �RP � "RP) are IID Gumbel with scale �RP. The probability of choice of

brand i is, therefore,

Pi �
exp ��RP��i;RP � þRPXic;RP � ÿRPZi;RP��X
j

exp ��RP��j;RP � þRPXjc;RP � ÿRPZj;RP��
: �13:8�
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Let us now turn our attention to the SP group, who provided the `intent-to-

purchase' ordinal response to a single product pro®le (we assume that `brand' is not a

pro®le attribute, hence task attributes are `generic'). Assume that the observed ordinal

response Yn (a value from 1 to 7) is based on an underlying latent scale USP, as below:

USP � þSPXc;SP � ��c;SP � "SP�; �13:9�
and that �SP � ��c;SP � "SP� is logistic distributed with location parameter 0 and

standard deviation �SP. Hence, the cumulative density function for USP is

GSP�u� � f1� exp ��SP�þSPXc;SP ÿ u��gÿ1; ÿ1 < u < 1; �13:10�
where �SP � �3ÿ1=2=�SP (see Johnson, Kotz and Balakrishnan, 1995). To fully

specify the SP model, we must relate the underlying latent scale to the observed

responses Yn. Suppose that when the USP is less than or equal to some value �1, the

respondent answers Yn � 1. Using the CDF above, this event has probability

GSP�þSPXc;SP � �1�. If USP lies between �1 and �2, which occurs with probability

�GSP�þSPXc;SP � �2� ÿ GSP�þSPXc;SP � �1��, the respondent answers Yn � 2. The full

probability distribution for Yn is given below:

prob �Tn � y�

�
GSP�þSPXc;SP � �1� if y � 1�þSPXc;SP � �1�

GSP�þSPXc;SP � �2� ÿ GSP�þSPXc;SP � �1� if y � 2��1 � þSPXc;SP � �2�
1ÿ GSP�þSPXc;SP � �6� if y � 7��6 � þSPXc;SP�

8>><
>>:

�13:11�
The parameters � � ��1; . . . ; �6� 0 are called threshold parameters, and it is required

that �1 � �2 � � � � � �6 (only ®ve can be identi®ed, so we can set �1 � 0�. Similar to the

choice model case, the latent variable USP has an unidenti®able variance (or scale

factor) that is confounded with the parameter vectors þSP and � (see equation (13.10)).

As in case 1, we are interested in whether preference regularity holds between

the two elicitation methods. That is, does H0: þRP � þSP � þ hold? The hypothesis

test procedure is virtually identical to that for case 1:

1. Estimate two separate models, obtaining LLRP and LLSP, the log likelihood

values at convergence.

2. Estimate a joint model that imposes H0, but allows �RP and �SP to diÿer (both

cannot be estimated, so normalise one (�1), and estimate the other); call the log

likelihood at convergence LLJ .

3. Form the statistic ÿ2�LLJ ÿ �LLRP � LLSP��, which is asymptotically chi-squared

distributed with K degrees of freedom, where as before K � jþj. If the calculated

chi-squared value is greater than the critical chi-squared value at the desired

signi®cance level, reject H0.

To illustrate this case, Morikawa (1994) combined RP choice data and SP prefer-

ence rating data using a model system similar to the one above. The RP choice data
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were choices between rail and car for intercity travel in the Netherlands, while the SP

data were ordered responses to a designed paired comparison experiment. Morikawa

was interested in combining RP and SP data to improve the statistical properties of his

estimates, but his paper contains the results needed to perform the descriptive tests

discussed in this and prior sections. We subjected the common six parameters to a

principal components analysis (RP generated by a binary logit model, and SP by an

ordered probit model), and obtained eigenvalues of 1.442 and 0.558. Thus, the ®rst

eigenvalue accounts for approximately 72 per cent of the variation in the average

utility parameters in both data sources. Not surprisingly, therefore, Morikawa's for-

mal test retained the null that the parameters of the two models were equal up to scale

at an � � 0:05 level (calculated chi-squared � 11.5, with seven degrees of freedom;

critical value � 14.1). The estimated scale ratio (�SP=�RP) was 0.27, which suggests

that SP data error variances were approximately four times larger than RP variances.

This second case demonstrates that testing the existence of preference regularity

across multiple data sources involves controlling for variance (or reliability) diÿer-

ences, even if one or more of the dependent measures are not indicators of choice, per

se. This reinforces our earlier comments that the conceptual framework proposed and

discussed in this chapter can be used to compare any forms of dominance data.

13.4.3 Summary

The foregoing discussion demonstrated that the scale factor (which is inversely related

to the error variance) is a measure of the statistical information contained in prefer-

ence (or more generally, dominance) data. Consequently, if two preference data sets

contain the same underlying preference structure, but diÿer signi®cantly in magnitudes

of random error, the two sets of estimated parameters will appear to diÿer signi®cantly

in absolute magnitudes. This has far-reaching implications for interpreting and testing

the results of empirical model comparisons. For example, Swait and Louviere (1993)

noted that few previous researchers in marketing took error variance diÿerences into

account in statistical tests of parameter diÿerences in preference model comparisons,

and showed how this can lead to misinterpretation of hypothesis tests. Similarly, it was

recognised only recently that many preference measures such as ratings and rankings

can be treated as implied choices (although see Chapman and Staelin 1982). More

speci®cally, Louviere (1994) discussed ways to treat discrete (multiple) choices, binary

responses (yes/no, like/dislike, consider/not consider, etc.), rankings, ratings and

resource allocations in a random utility framework, and estimate probabilistic

discrete-choice models from each data source.

Louviere's (1994) observation also applies to designed preference experiments such

as conjoint, paired or multiple comparisons, as well as similar measures observed for

real choice alternatives in surveys or other sources of observational data, including but

not limited to revealed preference data such as scanner panel data in marketing and

labour participation panels in applied economics work. In turn, this establishes a

common basis for comparison of dominance data sources. Now that we can compare

these data sources on a level playing ®eld, and we know that each source may exhibit
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diÿerent magnitudes of random component variation, some previously published

results of parameter comparisons may need to be reconsidered. Thus, future research

opportunities now can be pursued that can enrich our understanding of similarities as

well as diÿerences in preference measures, methods and models.

Equally signi®cantly, now that we understand the role played by the scale parameter

more fully, it begs the question as to how and why diÿerences in error variability arise

in diÿerent sets of preference data. We ignore this issue in this chapter, but note in

passing that answers to this question should be keenly pursued in future research.

Instead, to ful®l our objectives of (1) reviewing cross- and external validity results,

(2) motivating future research and (3) illustrating the generality of the empirical con-

clusions that arise from the conceptual framework, the next section presents empirical

preference regularity results spanning a wide range of contexts.

13.5 Empirical case studies and results

This section presents sixteen comparisons of preference data model parameters span-

ning a wide range of product/service categories, types of preference data, data collec-

tion procedures, types of consumers, geographical locations, time periods, etc. The

examples we present are organised into three major groups:

1. Revealed preference (RP) data These include examples of survey and scanner

panel data sources that permit tests of preference regularities between market

segments, time periods and product categories. These comparisons are included

to illustrate that even though RP data have long been the preferred source from

which to estimate preference models, cross-validity comparisons still have much to

reveal about underlying processes.

2. Stated Preference (SP) data Examples of survey-based choice experiments

(Louviere and Woodworth 1983) and best/worst conjoint (Louviere and Swait

1996a) are examined with respect to market segments and comparisons across

multiple SP elicitation methods. These comparisons speci®cally address cross-

validity issues, that is, whether diÿerent measures of the same underlying

preference structure result in the same inferences about the preference process.

3. RP and SP data A number of examples examine preference regularities between

actual choices (RP) and stated choices (SP), making possible comparisons across

space and elicitation methods for diÿerent product classes. These comparisons

speci®cally address the case of external validity, that is, whether SP models

capture the underlying preference process revealed in RP data.

We want to point out that these sixteen data sets were not chosen to make SP look

good. Instead, they are a subset of a much larger set of empirical results that we have

compiled over the past eight years in our research programme, and are representative

of this larger body of research. All examples in this section involve categorical

response variables and MNL functional forms (hence, case 1 applies). Although we

focus on MNL models in this section, it is important to reiterate that all choice models
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(in fact, all preference ranking models) are subject to the preference regularity con-

cepts introduced earlier in this chapter.

The `main hypothesis' that underlies our examination of these cases is that prefer-

ence regularity (as in de®nition PR) exists between the conditions examined. All model

speci®cations presented are linear-in-the parameters, and the null is that there are no

reliable diÿerences between model parameters estimated from the diÿerent sources of

preference data, once diÿerences in error variability are taken into account. To test

this hypothesis we adopt the view that each type of preference data and its associated

preference model constitutes a measurement system, and the parameters estimated

from each system constitute the measurements of interest. Thus, the main hypothesis

can be restated as: `All sources of preference data and the model parameters estimated

from these data are equally valid measures of the underlying, latent preferences, but

the sources of preference data can diÿer in their measurement reliability.'

Viewed from the latter perspective, the problem can be conceptualised as a multi-

trait, multi-method issue. In this view, we expect the vectors of estimated preference

parameters to form a single measurement system, comprising a single, common factor.

Ideally, this latter hypothesis can be tested using con®rmatory factor analysis; how-

ever, in most of our cases, either the number of estimated parameters is too small for

a reliable analysis or the number of diÿerent parameter vectors is too small. Hence,

we use non-con®rmatory principal components analysis, which provides strong

circumstantial evidence for the main hypothesis. As shown earlier, a FIML extension

of the Swait and Louviere (1993) likelihood ratio test can be used to test preference

regularity. In our discussion below, we present the results of this formal test whenever

available.

For the sake of brevity, results are summarised in table 13.1, and we now discuss

them in some detail. Some examples strongly support the existence of preference

regularity in particular situations, while others suggest that it may not hold in certain

situations. Reasons why the data in any one example do/do not support preference

regularity is not the issue. Instead, the more important issue is that regularity seems to

hold in such a surprisingly large number of cases. These results should stimulate

subsequent research into rigorous explanations for the existence of preference regula-

rities and the conditions under which they can or cannot be expected, etc.

13.5.1 Revealed preference (RP) data sources

Examples 1±5 deal with choices made in real markets. The ®rst two cases involve work

trip mode choices by residents of Washington, DC and BogotaÂ , Colombia, respec-

tively. The ®rst example is from Ben-Akiva and Lerman (1985), and involves three

MNL models estimated for diÿerent income groups de®ned a priori. Excluding the

ASCs for reasons explained earlier, each model vector contains nine parameters. When

we subject these three nine-parameter vectors to a principal components analysis, we

®nd that the ®rst eigenvalue accounts for 81 per cent of the variance, hence the vast

majority of the reliable variance can be summarised by a single common factor.

Example 2 is from Kozel (1986), who compared work trip mode choice models in
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BogotaÂ , Colombia, in 1972 and 1978. Similar to the Ben-Akiva and Lerman result

above, the ®rst eigenvalue derived from a principal components analysis accounts for

78 per cent of the variance in the vectors of estimated parameters.

In both cases the original data are unavailable to conduct a formal test of the main

hypothesis, but it none the less is noteworthy that the parameter vectors in both cases

appear to be highly comparable across market segments (example 1) and time periods

(example 2). This ®nding is somewhat ironic in light of the fact that nearly a decade

ago there was great interest in spatial and temporal choice model transferability in the

transportation planning literature (e.g., Kozel 1986). If preference regularity holds in

this area, savings in data collection costs could amount to many millions of dollars

worldwide, which was then and again should be a key motivation for interest in

transferability of choice models.

Examples 3±5 are published examples involving scanner panel data, and all are

analysed using principal components analysis to extract the eigenvalues associated

with successive linear combinations of the data columns representing each vector of

model parameters. Example 1 (Deighton et al. 1994), which was previously discussed,

shows that the ®rst eigenvalue explains 96 per cent of the variability between the MNL

parameter vectors for three diÿerent product classes (ketchup, liquid and powdered

detergent). Examples 4 and 5 are included because (a) they involve other product

classes and (b) they try to model consumer heterogeneity with latent class procedures.

Example 4 involves a ®ve-latent-class MNL model for an unspeci®ed product

(Kamakura and Russell 1989). The eigenvalues of the correlation matrix of the ®ve

four-parameter vectors are, respectively, 3.60, 1.01, 0.39, 0 and 0; hence, the ®rst

dimension captures 72 per cent of the variability. This suggests that the number of

latent classes may be overspeci®ed, and only two classes may be warranted once one

allows for scale factor diÿerences between classes. That is, an alternative model would

involve hierarchically structured heterogeneity classes, in which two meta-classes exist

at an upper level because their utility parameters truly diÿer; and within each meta-

class, at a lower level, the ®ve classes diÿer because of scale factors (or variability)

diÿerences, but not taste diÿerences. Such a result obtains because current latent class

choice modelling procedures cannot distinguish between model parameter diÿerences

due to error variability diÿerences and real parameter diÿerences; instead, absolute

parameter magnitudes are used to distinguish latent classes. Example 5 involves the

identi®cation and estimation of three latent classes in households who purchase

ground coÿee (Bucklin et al., 1995). The ®rst eigenvalue accounts for 67 per cent of

the variability in the correlation matrix representing the estimated latent class para-

meter vectors (the eigenvalues are, respectively, 2.01, 0.73 and 0.26). This result

suggests that the number of latent classes may be overspeci®ed by one, or perhaps

more, classes.

Latent class choice models have become popular in survey and scanner panel

applications in marketing. Latent classes are one way to operationalise the concept

of market segments, and are often a relatively straightforward way to account for

consumer heterogeneity (e.g., compared to random parameter speci®cations).

Nevertheless, the results in the foregoing examples suggest that attributing diÿerences
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Table 13.1. Empirical case studies

No. of

parameter No. of % variance Hypothesis

Example Example description Comments vectors parameters dimension 1 test results

1 Work trip mode choice; � Washington, DC 1968 RP data, 3 9 81 NA

3 income segments

Multiple income � 1136 observations

segments � Source; Ben-Akiva and Lerman

(1985: 196±7)

2 Work trip mode choice; � BogotaÂ , Colombia, RP data for 2 17 78 NA

Two time periods � 1972: 732 observations

� 1978: 1244 observations

� Source: Kozel (1986: 263±4)

3 Scanner panel data; � Eau Claire, WI RP panel data 3 11 96 NA

Multiple product � Product classes:

classes Ketchup: 481 households, 3897

purchases

Liquid detergents: 167 households,

1519 purchases

Powder detergents: 313 households,

3527 purchases

� Source: Deighton et al. (1994:

table 3)

4 Scanner panel data � Product: unknown food item, 5 4 72 NA

with latent � 585 households, 78-week

segments (I) observation period

� 5 latent segments

� Source: Kamakura and Russell

(1989: table 2)



5 Scanner panel data � Product: ground caÿeinated coÿee, 3 7 67 NA

with latent 4 brands

segments (II) � 376 households, 4985 purchases

� 3 latent segments

� Source: Bucklin et al. (1995: table 1)

6 Best/worst conjoint, � Best/worst conjoint for retail outlets 2 12 97 Scalable, at the 95%

two attitudinal attributes signi®cance level

segments � Segments: 2 groups created based

on response to an ordinal scale

about attitude towards shopping

� Source: convenience sample of 64

University of Florida undergraduate

students

7 Elicitation method � Product: bicycle trail choice 2 53 94 Scalable, at the 95%

comparison: SP � Sample of Chicago residents signi®cance level

choice and SP � SP1: trinomial bike trail choice, (not including ASCs)

consideration 16 pro®les

� SP2: Yes/No bike trail

consideration, 16 pro®les

� Source: Swait and Louviere

(1993: 311)

8 Multiple SP elicitation � Sample: convenience group of 168 6 34 63 NA

methods: vacation residents of Edmonton, Canada

destination � SP1: next choice

preference (I) SP2: choice experiment

SP3: yes/no consideration

SP4: consideration (exploded)

SP5: ideal ratings (exploded)

SP6: ideal ratings (logistic regression)

� Source: Louviere et al. (1993: table 1)



Table 13.1. (cont.)

No. of

parameter No. of % variance Hypothesis

Example Example description Comments vectors parameters dimension 1 test results

9 Multiple SP elicitation � Sample convenience group of 168 4 34 83 NA

methods: vacation residents of Edmonton, Canada

destination � SP1: next choice

preference (II) SP2: choice experiment

SP3: yes/no consideration

SP6: ideal ratings (logistic regression)

� Source: Louviere et al. (1993: table 1)

10 Geographic and � Product: freight shipper choice of 6 18 83 ± Hypothesis of RP/SP

elicitation method carrier (2 methods scalability rejected at

comparison � Sample: 600 businesses in each of 3 � 3 cities) 95% signi®cance level

North American cities in all 3 cities

� For each city, ± Hypothesis of

RP data: proportion of shipments geographic

by carriers transferability not

SP data: trinomial choice experiment, tested

16 pro®les per respondent

� Source: Swait et al. (1994)

11 Elicitation method � Product: housing mortgage provider 2 77 55 Not rejected at 95%

comparison: RP and � RP: choices made by recent home signi®cance level

SP choice buyers

� SP: choice experiment with 4

alternatives, 8 pro®les per respondent

� Source: con®dential



12 Elicitation method � Product: ski area destination 3 28 59 ± RP and BW

comparison: RP, � RP: most recent ski area choice, scalability: not

SP choice and 152 respondents rejected at 95%

best/worst conjoint CB: trinomial, generic ski area signi®cance level

choice, 10 sets per respondent, ± RP and CB

282 respondents scalability: not

BW: 16 pro®les per respondent, rejected at 95%

195 respondents signi®cance level

� Source: Louviere and Swait (1996a)

13 Elicitation method � Product: shopping mall destination 3 17 93 NA

comparison: RP � Sample: Orlando 1992

marginal distribution � Source: Jordan Louviere

and SP next choice

14 Elicitation method � Product: shopping mall destination 2 31 70 NA

comparison: RP last � Sample: Edmonton 1993

choice, RP marginal � Source: Jordan Louviere

distribution

15 Elicitation method � Product: shopping mall destination 4 21 93 NA

comparison: RP last � Sample: Oslo, 1992

choice, RP marginal � Source: Jordan Louviere

distribution, 2 SP

consideration

measures

16 Elicitation method � Product: shopping mall destination 8 7 89 NA

comparison across � Sample: Oslo 1992 and Edmonton

2 cities: RP last 1993

choice, RP marginal � Source: Jordan Louviere

distribution, 2 SP

consideration

measures



among consumers to utility parameter variation which actually are due to diÿerences

in reliability may possibly mislead formulation and execution of policy. Swait (1994:

80) noted the following:

Clearly, diÿerent marketing actions are implied if segments have the same

underlying response patterns with respect to product attributes but some are

more variable in their behaviour than others, compared to the situation in

which the underlying response patterns are truly diÿerent. Thus, it is felt that

this distinction between behavioural response to stimuli and variability in

behaviour is important to producing meaningful segments for managerial

decision-making.

13.5.2 Stated preference (SP) data sources

This group of data sources generally involves comparisons of consumer preferences

inferred from diÿerent SP elicitation procedures and constitutes examples 6±10.

Example 6 is based on the best/worst conjoint elicitation method (Finn and

Louviere 1993; Louviere and Diener 1997), in which consumers are asked to choose

one most and one least attractive conjoint pro®le feature. In this study retail stores

were described by six attributes and evaluated by a convenience sample of under-

graduate students at the University of Florida in the USA. Each student indicated

his/her attitude towards retail shopping, and was subsequently classi®ed into one of

two groups (`hate to shop' and `love to shop'). Segment-speci®c MNL models were

estimated on the attribute level counts. Naive pooling of the data from the two seg-

ments (i.e., not controlling for scale diÿerences) rejects the hypothesis of utility para-

meter equality (�2 � 31:6, 13 d:f :, 95 per cent con®dence level critical value� 22.36).

This is somewhat surprising given the homogeneity of the sample, but might be

justi®ed on the basis of segment utility parameter diÿerences.

A principal components analysis of both segment-speci®c twelve-parameter vectors

results in a ®rst eigenvalue that accounts for 97 per cent of the variance, which strongly

suggests that preference regularity should hold between the two consumer types after

accounting for scale diÿerences. Thus, not surprisingly, a formal test of the main

hypothesis retains the null at � � 0:05 signi®cance level (�2 � 11:8, 12 d:f :), and illus-

trates how apparently signi®cant model segment diÿerences may be explained by relia-

bility (or segment error variance) diÿerences. That is, respondents in both `love to shop'

and `hate to shop' segments seem to have the same utility parameters, but the level of

random error variance in the `love to shop' segment is less than that in the `hate to shop'

segment, and the latter diÿerence led to initial rejection of parameter equality.

Example 7 involves bicycle trail discrete choice and consideration SP responses

elicited from a sample of 367 Chicago residents. The same choice experiment was

used to elicit both choice and consideration responses. The main hypothesis could

not be rejected at the � � 0:05 signi®cance level for these two data sources (Swait and

Louviere 1993). Table 13.1 also reveals that the ®rst eigenvalue from a principal

components analysis of the two estimated parameter vectors accounts for 94 per
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cent of the variance. Hence, these results suggest that the choice and consideration

elicitation procedures (1) capture the same attribute trade-oÿs, but diÿerent overall

utility levels, and (2) have diÿerent levels of response reliability (i.e., error variance).

Example 8 involves six diÿerent SP preference elicitation methods (Louviere, Fox

and Moore 1993). Preference data were obtained from a convenience sample of 158

Edmonton residents, who evaluated sixteen diÿerent vacation destinations in diÿerent

ways. We analysed the six parameter vectors using principal components analysis, and

the ®rst eigenvalue accounted for 63 per cent of the variance in the correlation matrix

of the parameter estimates. Two elicitation methods (denoted SP4 and SP5, in table

13.1) used rank-order data explosion to create implied choices (Chapman and Staelin,

1982; Louviere, Fox and Moore 1993), and graphs of the estimated parameter suggest

that SP4 and SP5 coe�cients are similar to each other, but not to other SP estimates.

Pairwise comparisons using the Swait and Louviere (1993) sequential test of the main

hypothesis were reported in the paper, and demonstrated high levels of support for the

main hypothesis, except for the data representing rating of `ideal' alternatives.

Example 9 is a further analysis of example 8 in which SP4 and SP5 coe�cients are

deleted from the principal components analysis. This yields a ®rst eigenvalue that

accounts for 83 per cent of the variance among elicitation procedures SP1, SP2, SP3

and SP6, and suggests that methods SP4 and SP5 measure something other than the

other four elicitation procedures. The remaining four procedures exhibit a much

higher degree of preference regularity, hence, we would conclude that their cross-

validity is high. This outcome is consistent with recent research on preference order-

ings (e.g., Ben-Akiva, Morikawa and Shiroishi 1991), which suggests that models

estimated from ranking and discrete-choice data do not yield comparable utility

estimates.

13.5.3 Combinations of RP and SP data sources

In this section we consider combining multiple sources of preference data, especially

RP and SP data. This topic has been of considerable recent interest in transportation

research and environmental/resource economics (e.g., see chapters 11 and 12 of this

book; see also Ben-Akiva and Morikawa 1990; Hensher and Bradley 1993; Swait,

Louviere and Williams 1994; Ben-Akiva et al. 1994; Adamowicz, Louviere and

Williams 1994; Adamowicz et al. 1997; Swait and Adamowicz 1996), and should

interest researchers in marketing and other ®elds. The pioneering work of Ben-

Akiva and associates was motivated by a desire to improve the statistical properties

of RP parameter estimates with supplemental SP data. In contrast, Swait and Louviere

(1993) were motivated by a need for a test to determine if one is justi®ed in pooling

multiple preference data sources. The latter is a more general concern because pooling

preference data sources requires the satisfaction of preference regularity de®ned earlier

in this chapter.

Example 10 compares six sources of RP and SP choice data from each of three

North American cities (Swait, Louviere and Williams 1994). Two hundred respon-

dents in each of three North American cities supplied data about their previous
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choices of freight shippers during a stipulated prior time period. SP data were obtained

from the same respondents using a designed choice experiment. Each individual

supplied choice data for sixteen scenarios, from which MNL models (eighteen para-

meters each) were estimated. The correlation matrix of the resulting six RP and SP

parameter vectors was analysed by principal components (eigenvalues were, respec-

tively, 4.95, 0.45, 0.35, 0.14, 0.07 and 0.03). The ®rst eigenvalue explains 83 per cent of

the variance in the between-conditions models correlation matrix, but Swait, Louviere

and Williams (1994) rejected the RP vs. SP preference regularity hypothesis across the

three cities at the � � 0:05 signi®cance level (see table 13.1). Shipper alternatives

varied from city to city although some were common to all, and diÿerent shipping

companies dominated each market. Thus, it is not surprising that the overall set of six

vectors does not satisfy preference regularity.

Nevertheless, the principal components results in table 13.2 help to interpret the

results of the hypothesis test. In particular, parameter vectors for the RP and SP data

sources seem to be internally consistent across cities; but a comparison of elicitation

methods within cities suggests that the rejection may be due to city 1's RP and SP

data sets being less similar to one another. This, in turn, suggests that the overall

failure to satisfy preference regularity is primarily due to diÿerences in RP and SP data

from city 1, which aÿected the comparison tests on the remaining parameter vectors.

These data are proprietary, but we can say that city 1 is a very diÿerent North

American city, and diÿerences in behaviour in that city and other cities are often

reported.

Choice of housing mortgage provider is example 11. Details of this study are con-

®dential, but the study involved collection of RP data from a sample of approximately

350 recent home buyers and SP experimental choice data from a sample of approxi-

mately 800 respondents close to purchase. The ®rst eigenvalue of the correlation

matrix of two estimated MNL parameter vectors (each with 77 parameters) explains

only 55 per cent of the variance, suggesting a much weaker relationship between the

RP and SP data sources than previously encountered (see also example 8 above).

However, a FIML test retains preference regularity at the � � 0:05 signi®cance level

because many RP parameters were not statistically signi®cant and had signs opposite
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Table 13.2. Principal components results for example 10

No. of
parameter % variance

Condition vectors dimension 1

All cities, RP and SP 6 83
3 cities, RP only 3 90

3 cities, SP only 3 88
City 1, RP and SP 2 84
City 2, RP and SP 2 88

City 3, RP and SP 2 94



to the SP parameters (see also example 8). Similar results motivated research into

data fusion in transport and environmental economics; that is, RP data are often

characterised by ill-conditioned design matrices with limited ranges in the design

variables. For example, the explanatory variable `loan interest rate' in example 11

exhibited little range in the real market (e.g., diÿerences of 1/4 to 1/8 of a percentage

point). SP data often can overcome such limitations (Adamowicz, Louviere and

Williams 1994).

Example 12 compares preference elicitation based on best/worst (BW) conjoint

(Louviere and Swait 1996a; Louviere and Diener 1997) with choice-based conjoint

(CB) and RP choices in the context of ski area destination choice. Aggregate MNL

models (28 parameters per vector) were calibrated for each elicitation procedure.

Louviere and Swait (1996a) report FIML tests of preference regularity between BW

and RP, and CB and RP, which retained the null hypothesis that the parameter

vectors were equal after taking error variability diÿerences into account. In contrast,

the ®rst eigenvalue in a principal components analysis explained only 59 per cent of

the variance in the correlation matrix of the RP, BW and CB parameter vectors, which

reinforces the need for a rigorous (FIML) test of preference regularity. Additional

analyses of parameter vector pairs (RP,BW), (RP,CB) and (BW,CB) resulted in ®rst

eigenvalues that explained 75, 71 and 61 per cent of the variance, respectively. This

latter result suggests that diÿerences between BW and CB methods most likely account

for the diÿerences in the earlier analysis.

Examples 13±16 are a single case with sub-examples involving shopping mall

destination choices. Similar surveys were administered to randomly sampled house-

holds in Orlando (USA), Edmonton (Canada) and Oslo (Norway) in 1992 and 1993

(Finn and Louviere 1996). In each survey, multiple RP (last mall visited, distribution

of previous month's mall visits) and SP (next visit, two diÿerent mall consideration)

measures were elicited. In each case, the ®rst eigenvalue from a principal components

analysis explained at least 70 per cent, and generally over 90 per cent, of the variability

in the correlation matrix of the estimated parameter vectors. Especially notable is

example 16, in which all RP and SP measures for Edmonton and Oslo were jointly

analysed, yielding a ®rst principal component that explained 89 per cent of the

variability in the correlation matrix of the common utility partworths. The latter

results suggest that preference regularity may hold for shopping mall destination

choice across cultures, countries, urban forms and so forth.

13.6 Summary and conclusions

Several disciplines, primarily economics and psychology, have developed theoretical

models to describe consumer behaviour in the marketplace, from which operational

preference measurement models can be derived and applied. One of the most fruitful

streams of research in that tradition has been random utility theory based choice

models, which assume that some level of uncertainty is associated with analysts'

inferences of consumer preferences. This chapter brought together three independent
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streams of research in consumer behaviour and preference measurement, with random

utility theory serving as the underlying conceptual framework:

1. Model transferability (over space and time) In the 1970s transportation research-

ers tried to establish a basis for transferring travel demand models across space

and time (see Kozel 1986) because of the potential for signi®cant economies of

cost and eÿort.

2. Elicitation method comparisons Since the late 1970s interest in comparing and

contrasting alternative preference elicitation methods in marketing and other

®elds has increased (e.g., Meyer 1977; Elrod, Louviere and Davey 1993; Olsen

et al. 1995; Adamowicz, Louviere and Williams 1994);

3. Data fusion Since the late 1980s, interest has steadily risen in combining prefer-

ence data sources in which the strengths of one complement the other's weak-

nesses and improve the statistical properties of design matrices. The ultimate goal

of this research in transportation planning and resource economics is to obtain

better utility parameter estimates (e.g., Ben-Akiva and Morikawa 1990;

Adamowicz, Louviere and Williams et al. 1994).

This chapter has attempted to unify these three streams of research by proposing

a relatively simple mechanism to explain preference regularities across multiple pre-

ference data conditions (e.g., elicitation methods, cultures, time periods, and/or

experimental conditions). Thus, we proposed that the existence of preference regula-

rities should be evaluated on the basis of the marginal utility of attributes common to

conditions, and tested on the basis of whether the marginal utilities are equal up to

positive constants of proportionality. We demonstrated that a simple mechanism gives

rise to these constants of proportionality that is inversely related to the variance (or

scale) of the stochastic utility component in random utility models.

We developed a formal de®nition of preference regularity and illustrated how it

could be applied to two cases often found in practice: (1) categorical responses com-

pared across multiple conditions (e.g., conditions in an experiment); (2) one data

source with a categorical response and another with an ordinal response. In both

cases, we demonstrated that the positive constants of proportionality are directly

related to the variances of the random utility component. We also discussed how

failure to recognise their role will lead to improper comparisons of marginal utilities,

and proposed a basic test for the existence of preference regularities, which generalises

the likelihood ratio test proposed by Swait and Louviere (1993). In addition, we also

presented two simple techniques to complement formal tests: (1) simple graphs of

marginal utilities (or parameter values, if utility functions are linear-in-the-para-

meters); and (2) matrix decomposition techniques such as principal components ana-

lysis applied to the estimated parameter vectors to test for a single, common

underlying factor. The latter two techniques do not account for the random nature

of the estimated parameter vectors, but constitute useful exploratory analysis tools.

We presented a relatively large number of examples involving tests of prefer-

ence regularities across multiple elicitation methods (RP: survey, scanner panel; SP:
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best/worst, choice experiment, yes/no consideration, ratings conjoint), market

segments (a priori and latent), space (between cities and countries), time periods,

etc. The overwhelming majority of these examples supported our main hypothesis

that the variance of the stochastic utility component generally accounts for a large

proportion of the observed diÿerences in preference parameters from diÿerent condi-

tions, elicitation procedures, etc.

There are many implications of the existence of preference regularities for research

into choice behaviour, of which the following are supported by the examples presented

in this chapter:

1. If various SP elicitation methods can be shown to be equivalent (i.e., to capture

preference regularities), albeit with diÿerent levels of reliability, this suggests new

research to determine factors that underlie degrees of preference regularity, com-

parability and reliability of methods, conditions under which generalisations hold,

etc.

2. To specify a priori or latent segments in choice and other preference-based data, it

is important to test whether the data support (a) utility parameter variation or (b)

utility parameter homogeneity with variance diÿerences (i.e., preference regular-

ity). The two outcomes do not imply the same policy actions (Swait 1994), and

failure to recognise the existence of preference regularities in sub-classes in latent

class models may lead to over-speci®cation of the number of classes and incorrect

strategic inferences.

3. If preference regularities can be shown to hold across combinations of product

classes (e.g., as in Deighton et al. 1994), cultures and time periods (e.g., Finn and

Louviere 1996), this would support generalisability of empirical observations,

which should lead to more general theory.

4. Support for fusion of RP and SP data would be greatly increased if it could be

shown that certain SP preference elicitation methods (and/or conditions of appli-

cation) lead to more frequent satisfaction of preference regularity with RP

sources. This would increase the usefulness of certain RP choice data sources

(e.g., scanner panel data) by making it possible to add more ¯exible survey-

based SP preference data from independent samples for which a wider variety

of complementary information with improved statistical properties can be derived.

The above constitute only a partial list of insights that preference regularity research

may bring to academic and applied research. The results in this chapter supporting the

main hypothesis suggest that it is fair to conclude that further research along these

lines is not only warranted, but seems likely to greatly enhance our understanding of

preference formation and choice processes in real and simulated market environments.
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