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1 Choosing as a way of life

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 effect of an increase in the price of a specific 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 benefits.
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 influenced by habit, inertia, experience,
advertising, peer pressures, environmental constraints, accumulated opinion, house-
hold and family constraints, etc. This set of influences reflects 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 benefits 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 benefits of using the tools of data specification, 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 benefits of research can be transferred



2 Stated Choice Methods

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 fill 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:

e random utility theory,

e 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,

e families of controlled experimental designs consistent with various members of the
discrete-choice modelling family, and

e 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 definition 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 modifies 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 modifications, let us briefly 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) (118.)
u; = g(s) (1.1b)
P, = () (L1c)
and
Pj = h{g[ﬁc/‘(ti‘)]}v (lld)
where sy is the perceived (marginal) utility of consumption service k,
t is the observable value of objective characteristic r,
u; is the overall utility (preference) associated with the jth alternative,
Sij is the level of attribute k (representing consumption service k)

associated with alternative j,
P; 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, ¢, through the relation

= 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 defines
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
defined 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 differ-
ences between consumers in the way in which they perceive an objective characteristic.
However, if such differences exist, they relate to the formation of a preference function
for ¢ that is outside the domain of his theory.

The rationale given for the emphasis on ¢ is that economists are primarily interested
in how people will react to changes in prices or objective characteristics embodied in
the goods that produce ¢, and not in how the function U(7) is formed. This further
implies that the functions /4, g and f}, 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 s; and ¢,, u; and s;;. The latter implies that utility is a
function of commodity characteristics:

M:U(tl,tz,...,tR) (13)
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where ¢, 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 infinitely
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 defined 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 (¢;,1%,,...,tz) and define all other
(composite) goods consumed as d. Then Rosen’s model can be stated as

maximise Uty ty,...,tg) (1.4)

subject to plty ... tg)+d =M, (1.5)

where the price of d is arbitrarily set equal to one dollar, M is the consumer’s income,
and p(t,1,,...,1tg) represents the price of one good yielding objective characteristics
t1,t,...,tg Which are actually acquired. The budget constraint, defined in terms of the
objective characteristics, is non-linear. If goods are not divisible, p(t;,t,, ..., tz) need
not be linear, and hence it is not appropriate to define 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 s; and ¢,, such that s;, is a perfect representation of ¢..

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 modifications, subsequent
ones building directly on the preceding, and use the final modified 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 /.

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 ‘modified 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(s1,5,...,5k) (1.6)

where s; 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 offered by commodities, a ‘further modified 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 define a commodity:

u=U(sey,se,...,seg) (1.7)

where se; 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 define the expected
level of service on offer. We can make this restriction explicit by defining the utility
function observed by the analyst as given in equation (1.8):

u="U((se, +5€,),---,(5€, +5€,) ), (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 defined way, and a specific sampled indivi-
dual is randomly allocated a value on the pre-specified 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
define components of a paradigm of choice. Let us call the objective characteristics
‘features’, and the quantitative dimension in which consumption services are defined
‘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
influence via their role in the definition 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 differ in terms
of magnitude (e.g., actual and perceived travel time), whereas in other cases they
may differ in dimension (i.e., two different characteristics). Thus the term ‘character-
istics’ is usefully defined 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=Ul[(se, + 5€u5)1: (€5 + €45 )5 - - -, (€, + 5€4) ks (1.9)

(sey + seuo) = fi(t1, tp, ..., tr), k=1,... K, (1.10)

or

s =f(t11,t1, -, IR1s tas B2y - -y ERY ), (1.11)

or

(sey +s€uo)i = fi(ti1, tar, -y 1, o togs ooy tpy)sF =1, R j=1,...,J.
(1.12)

In equation (1.10), 7, is the rth feature, assumed independent of the jth commodity,
and is an appropriate formulation when explicit commodities cannot be formally
defined in a choice framework (i.e., if each mix of features is a (potentially) unique
commodity).

Alternatively, because a particular consumption service (defined in terms of attri-
butes) can be obtained from various bundles of features and varying levels of features,
service can be defined 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-specific relationship.
To complete the paradigm, two additional expressions are required. The first, equation
(1.13), indicates the dependence of ¢,; on the unit offering by the jth commodity of the
total quantity of feature r:

lr_j:g!‘j(ylj)7"'7r: 17...,R,j:17...7J, (113)
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where y,; is the quantity of feature r available in one unit of commodity j. The final
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., G)):

trj:gij(G17G27~-~7GJ)7j:17"'7‘]' (114)

The approach assumes that a particular consumption service (defined on one or
more attributes) can be met by one or more objective characteristics (defined 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 specifications of the relationship
between u;, s3; and 1,, 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 #,;s that provide the amount of desired s;s (or (se, + se,,);)
that maximises utility. This is equivalent to saying that

b}

(‘price

= Z Z (au/a((seo + Seuo)k)'(a(seo + Seuo)k/atr)(a(seo + Seu())k/atrj)
Jook

J)(0u/d expenditure on j)

. (01;/0G;), G; > 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
Jjth 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 specification of the
relationship between P;, u; and sy;. 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.
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1.3 Conceptual framework

A general order or stages in a consumer’s decision process are summarised in figure
1.1. The consumer first 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 offered by products, as
well as any associated uncertainties. Eventually consumers become sufficiently
informed about the product category to form a utility function (or decision rule)
which involves valuing and trading off 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 finally 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

Need awareness
Y
Active/passive learning (attributes and alternatives) T
1
\
Evaluation and comparison of alternatives T
Preference (utility) formation T
[1
Y
Choice (delay, non-choice) T
[1
\
Post-choice (re)evaluation T
e

Figure 1.1 Overview of the consumer’s choice process
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Preference (utility) formation

{

Choice (delay, non-choice) |

|
T

A B C N Delay Never

'

Buy 5 As. Use 2 now and 1 nei Wait until (a) right functionality
month. Keep rest until and price; (b) affordable; (c)
next year. others OK

(=3

Figure 1.2 Complex decision making and the choice process

X Actions taken by Strategic planning
managers/politicians

Y
S, = f.(X) Perceived positions of Psychophysics

alternative(s) on attributes

i
u(S) =f.(S) (E)valuation of alternative’s | Utility formation

attribute positions

'

U, =f[u,(S)] (E)valuation of holistic Utility function
alternatives
Y
P@i|C) =f,(U) Decision to choose, wait or neye€hoice process
choose

'

P(i|choose),[P(i|C)] Share, demand, etc.

If choose, which alternative

Figure 1.3 Funcfional relationships implied by the framework

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

physically observable and measurable (engineering) characteristics,
psychophysical variables (beliefs/product positions),

part-worth utility measures, or

holistic measures of each alternative’s utility.

Sl e

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 specification errors and/or improve estimation
efficiency. 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 specific 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 first it is useful to present an overview of the book’s
structure. Figure 1.4 contains a flowchart 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 2
Chapter 1 Introduction to SP|
Choosing as a wa models and
of life methods
Choice modelling SP methods
Chapter 3 Chapter 4
Choosing a choicg Experimental
model design
Chapter 6 Chapter 5
Relaxing the 11D Design of choice
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MNL Model
Chapter 7*
Complex, non-11D
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Combining
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preference data
Chapter 9
Implementing SH
choice behaviou
projects
Chapter 10 Chapter 11 Chapter 12
Marketing case Transportation Environmental
studies case studies valuation case

studies

Chapter 13
Cross validity ang
external validity
of SP models

Figure 1.4 Overview of book structure (* denotes advanced material)
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The chapters constituting the methodological component of the book are further
subdivided (see figure 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 find 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 different 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 reflecting artificial 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 affect 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 significant number of examples that SP and
RP preferences seem to match up surprisingly well in different 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 Raiffa 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 satisfied
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. Specifically, 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 specification discussed in this book are associated with properties of the var-
iances and covariances of the unobserved influences on choice, and the distribution of
taste weights or parameters associated with the observed attributes defining 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 fixed 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 effects 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 influences 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 effects such as quadratic and two-way interactions
amongst attributes potentially influencing 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 figure 1.5. A more complex
choice experiment is shown in appendix Al.

Chapters 1-5 provide sufficient material to enable the reader to design a choice
experiment, collect the data and estimate a basic choice model. All of the major

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 Package Package Stay
A B C
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 Hiking Beach activities
Theater Horse riding Diving lessons
Restaurants Lake swimming Parasailing
Distance to nearest urban area of 10 miles 100 miles
300,000 people or more
Travel Arrangements \
Air travel cost (per person, round $400 $350 $300
trip)
Accommodations \
Hotel (per night, double $120 $150 $75
occupancy)
Quality of hotel restaurant or . Sk %
nearest other restaurant
Which package would you and
your spouse choose for your next A B C Stay home
vacation together, or would both
of you rather stay at home if
these were the only options
available? (/only one) Dl Dz Ds D4

Figure 1.5 Example of a choice experiment
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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:

e its simplicity in estimation — the solution set of estimated parameters is unique
(there is only one set of globally optimal parameters),

e the model’s closed-form specification, 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,

e the speed of delivering ‘good’ or ‘acceptable’ models on the accepted tests of model
performance (i.e., overall goodness of fit, ¢-statistics for the parameters of each
attribute, and correct signs of parameters),

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

e 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 profile of the
unobserved effects, namely that they are independently and identically distributed
(ITD) 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
sufficiently 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 offering 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 influences on
choice) are identical, and that these unobserved effects 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 J> —J covariances (the off-diagonal
elements):

o o 9,
o 9, o
L, © O

)



16 Stated Choice Methods

The most general variance—covariance matrix allows all elements to be unique (or free)
as presented by the following matrix for three alternatives:

gl ol o
051 052 U%,%
051 U,%z U§3

There are J*(J —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 differences in variances of the un-
observed effects. For example, the influence 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-
fication 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 off-diagonal elements and uniquely
subscripted diagonal elements:

o 0 0
0 o3 O
0 0 o3

The degree of estimation complexity increases rapidly as one moves away from
MNL and increasingly relaxes assumptions on the main and off-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):

o> 0 0][er 0 0 5
2 2 [Uc‘ 0 ]
0 o, O 0 o, O N
) ) 0 o;
0 0 o 0 0 o
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 different 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 simplified. If behavioural reality is such that the possibility of
correlation between alternatives and differential variances may exist, then the design
of the choice experiment must be sufficiently rich to capture these extra relationships.
IID designs run the risk of being unable to separate the effect of such influences.
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 different 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 differ primarily in the
variance (and possibly covariance) content of the information captured by the random
component of utility. If we can identify the differences 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 influencing choice, and
hence increasing the usefulness of resulting marginal rates of substitution between



18 Stated Choice Methods

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 different attribute levels. Combined
models can rely on parameters imported from the SP component for the observed
attributes, except the alternative-specific 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 reflect the average of conditions imposed by the experiment, not those of the real
market). This nullifies 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
efficient and effective 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 offered 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 scientific and rigorous way.
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Appendix A1 Choosing a residential
telecommunications bundle

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 glossaryto 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:

Step 1: Compare the
features offered by each

Bell South Sprint AT&T NYNEX GTE| of the five companies.
LOCAL SERVICE
Flat Rate $12.00 $14.00 $12.00
LONG DISTANCE SERVICE
$0.15 peak - $0.20 peak - $0.15 peak -
$0.12 off peak $0.16 off 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 No rounding Nearest minute No rounding
(exacy) (exact) (exacy)
Free Off Peak Minutes | | Weekends free Weekends not free free free
DISCOUNTS AND BILLING
Multiple Service Discounts if || g, off total bil | | 5% offtotal bill | | 10% off total bill || 5% off total bill 5% off total bil

2 or More Services

Billing Separate bills per | | Separate bills per | | Separate bills per | | Combined, single Step 2: Indicate which
bill

service service service company you would
Which provider would you choose or choose for each service
remain with for your residential by checking one box in
services?

(check one box in each row)

a. Local Service (v one only) m |, N/A N/A [}

b. Long Distance Service (v/ one only) NIA A, [} ) NIA None

c. Cellular Service (v one only) D, A Dz ZL Ds Ds |

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 first provide a brief rationale for developing and applying SP theory
and methods. Then we briefly overview the history of the field. 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 specifically
with the design of (stated) choice experiments, which are briefly 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
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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:

e Organisations need to estimate demand for new products with new attributes or
features. By definition, 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
afford. 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!)

e 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 specifications, obviating the
use of these variables as a way to differentiate 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.

e 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 reflect ‘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 ‘efficient’) 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 efficient
and powerful because the laws of physics intervene. Thus, reliance on RP data
alone can (and often does) impose very significant constraints on a researcher’s
ability to model behaviour reliably and validly.

e 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” floppy disks
began to replace 5.25” disks for PCs. It is hard to imagine how one could reliably
use RP data to model the value of the 3.5” disk innovation prior to its introduc-
tion. Similarly, virtually all PCs now come equipped with drives for 3.5" 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.

e 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
significantly reduce, such problems.

e 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.

e 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 benefits 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 effort 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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Figure 2.1 The technological frontier and the roles of RP and SP data

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 figure 2.1. By defini-
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 briefly summarise the features of each source of
preference data, which can be described as below.
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RP data typically

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

possess inherent relationships between attributes (technological constraints are
fixed),

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

e describe hypothetical or virtual decision contexts (flexibility),

e control relationships between attributes, which permits mapping of utility func-
tions with technologies different from existing ones,

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

e cannot easily (in some cases, cannot at all) represent changes in market and per-
sonal constraints effectively,

e seem to be reliable when respondents understand, are committed to and can
respond to tasks,

e (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 tradeoff information, but may be
affected 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 significant value in combining them (see chapter 8).
This value lies primarily in an enhanced ability (a) to map trade-offs 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 specific consumption technological
constraints of their own. That is, the nine specific 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 confidence 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 sufficient. 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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Figure 2.2 Travel alternatives in a stated choice experiment

small samples (100-300 respondents) are often sufficient to obtain consistent and
efficient 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 justification 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 difficult 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’. Specifically, 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.
Specifically, an organisation needs to know how consumers value waits in line com-
pared with service efficiency 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
identified which are, or can be transformed to be, consistent with Random Ultility
Theory (Luce and Suppes 1965). For example, consider the following brief list of
possibilities:

e 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.

e ‘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.

e 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.

e 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 differences’ (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 differences or magnitudes. That
is, their responses are consistent with interval or ratio measurement properties.

e Allocation of some fixed 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, differ-
ences, ratios, etc. (i.e., ratio scale information).

e 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 efficiency.

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

Listed in table 2.1 are five 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
offered the five 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 five
modes she would be most likely to use for her work trip tomorrow. As shown in

Table 2.1. Discrete choice of commuting option

‘Brands’ for journey to work Consumer chooses
Take bus
Take train
Take ferry
Drive own auto v

Carpool
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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:

e auto > bus, train, ferry, carpool, and
e 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, | like this option” and ‘No, | 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:

e Observing a commuter’s choices over one work week (five days).

e 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 five transport modes for the journey to work listed in table 2.2. The responses
above yield the following information about the consumer’s preferences:

e auto > bus, train, ferry
e carpool > bus, train, ferry
e auto = carpool; bus = train = ferry.

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
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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:

e Task difficulty increases substantially with the number of options to be ranked.

e Response reliability is likely to be affected 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.

e The reliability and validity of information about the ranking of options that would
never be chosen in any foreseeable circumstances is not clear.

e 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 offered. 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 differences.
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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

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. Different response methods may be used depending on one’s beliefs
about consumers’ abilities to report degrees of preference differences 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 satisfied;
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 satisfied, 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 difference 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

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
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properties of the responses, namely that ratings reflect 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 off 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
Auto
1 Bus
1 Train
1 Ferry
1 Carpool
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Yes/No

Auto
Bus
Train
Ferry
Carpool
Auto
Bus
Train
Ferry
Carpool

NN N — — —m = =
—_ O OO OO oo o~

Complete ranking

Auto
Bus
Train
Ferry
Carpool
Bus
Train
Ferry
Carpool
Bus
Train
Ferry
Bus
Train

= =R e R e e R e B e i e B e Bl e R

ating

Auto
Bus
Train
Ferry
Carpool
Bus
Train
Ferry
Carpool
Bus
Train
Ferry

LW W RN NN — = = =y AR W W WD = = = —

==l e e e i e e e




Introduction 33

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.



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 effective 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 defined 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 influences 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 sufficient 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
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measures of goodness-of-fit 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 sufficiently detailed
that the reader should be able to follow and appreciate more clearly how a final 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 reflect common variations in indi-
vidual choice at the intensive margin. By contrast, systematic variations in
aggregate choice among lumpy alternatives must reflect 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 affairs, 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 differing levels of)
socioeconomic characteristics, money budgets M, and demands G, associated with
each individual (¢ =1,...,Q). A reasonable behavioural model, derived from the
individual’s utility function v = U(G,w) and maximised subject to the budget con-
straint (M), is G = h(M; w) (w 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 G,, consumer optimisation errors and unob-
served variations in the population, the observed data will not fit 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
W, i.e., G, = h(M,; @) +¢,, where ¢, is an unobserved random term distributed inde-
pendently of M,. Hence, @ has no distribution itself.

In a population of consumers who are homogeneous with respect to monetary
budgets, this specification 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
affecting aggregate demand (McFadden 1974). Conventional statistical techniques
can be applied to G, = h(M; ©) + ¢, to test hypotheses about the structure of 4. If
quantities demanded vary continuously such that marginal optimisation and measure-
ment errors are likely to be particularly important, and possibly dominate the effect of
utility variations, the specification above is realistic.

Ifthe set of alternative choices is finite, how can we interpret the traditional model, and
what role can it play? In the case of discrete alternatives, the standard utility maximisa-
tion model with the corresponding demand equation G, = h(M,; ©) predicts a single
chosen G (referred to as an alternative) if tastes and unobserved attributes of alternatives
are assumed uniform across the population. The conventional statistical specification
G, = h(M; ©) + €, would then imply that all observed variation G, in demand over the
finite 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
effect of the discreteness of individuals’ alternatives is negligible. As a result,
aggregate demand may superficially 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 specifications 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 defined on a set of individual behaviour(s), the
marginal calculus can be maintained through a redefinition 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 specific and con-
nected to the criterion variable (i.e., probability of selection) by a defined 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
specificity 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 effect 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 effects on the error structure due to individual
difference in tastes and optimisation behaviour in the conventional specification 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,;
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 € S, and face some set of available alternatives 4 C 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
defined as a draw from a multinomial distribution with selection probabilities (multi-
nomial refers to the existence of two or more possible outcomes)

P(x|s,A) Vx € A (the probabilities of each alternative). (3.1)
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In words, equation (3.1) states the probability of selecting alternative x, given the
individual’s socioeconomic background and set of alternatives 4, 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 defined in terms of a set
of attributes.

To operationalise the preceding condition, we need to establish an individual beha-
viour rule (defined as a function IBR), which maps each vector of observed attributes s
and a possible alternative set 4 into a selected alternative of 4. 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 define the sampled
population. For example, IBR may be a particular choice function that results from
maximising a specific 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 defined 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 4, is
given by:

P(x|s, A) = P{IBR € SIBR|IBR(s, 4) = x}. (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, defined
on s and A4, is to choose x. Hence the right-hand side defines 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 identified.

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 defines utility in terms of attributes via a
common functional form.

Let Uj, be the utility of the ith alternative for the gth individual. Further assume
each utility value can be partitioned into two components: a systematic component or
‘representative utility’, V;,, and a random component, €;,, the latter reflecting unob-
served individual idiosyncrasies of tastes. Then,

Uiq = I/iq + E,'q. (33)
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Vi, is subscripted ¢, even though we define V" as representative, because the levels of
attributes contained in the expansion of V(= Zle BiSikg) can and often do vary
across individuals. The (s are utility parameters, initially assumed to be constant
across individuals. That is, only utility parameters are independent of ¢ (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
influences 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 specific. This is a crucial
assumption, implying that the existence of a significant element of the full attribute
set is associated with homogeneous utility across the population under study. That is,
one element, V;,, is assumed homogeneous across the population in terms of the
relative importance of those attributes contained in V;, (hence 3;, not 3;,). Clearly,
the particular definition of the dimensions of V;, will depend largely on the population
studied, the ability to segment the sampled population in such a way that each segment
satisfies 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 influencing 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 differences (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 influence 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 specifications of the relationship between V;, and the attributes. For the
present, however, we concentrate on developing the general structure of an individual
choice model.



40 Stated Choice Methods

The key assumption is that individual ¢ will choose alternative i if and only if (iff)
Uy, > U, all j#ie€ A. (3.4)
From equations (3.3) and (3.4), alternative i is chosen iff
(Vig +ig) > (Vi + €g)- (3.5)
Rearranging to place the observables and unobservables together yields:
(Vig = Vig) > (€jg — €ig)- (3.6)

The analyst does not observe (g, —¢;), hence cannot determine exactly if
(Vig — Vi) > (€j4 — €i)- One can only make statements about choice outcomes up
to a probability of occurrence. Thus, the analyst has to calculate the probability
that (g;, — €;,) will be less than (¥}, — V;,). This leads to the following equations:

P, = P(x;|s, 4) = P[IBR, € SIBR|IBR_(s,4) = x|, (3.7)
P(xjyls4, A) = Py = P[{e(s,x;) — (s, x;)} < {V(s,x;) = V(s,x7)}],
forallj#1i. (3.8)

Equation (3.8) can be interpreted as a translation of equation (3.7) into an expression
in terms of V" and e. 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 flavour. That is, given the assumptions that utility can be decomposed
into systematic and random components, and that individuals will choose i over j if
U; > U;, 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 Xx;
equals the probability that the difference between the random utility of alternatives
j and i is less than the difference 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, x;) — (s, x;) across the population, but assumes that it is related
to the choice probability according to a distribution yet to be defined.

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 specified the theoretical relationship between the selection of an
alternative and the sources of utility that influence 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 specification 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 define 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'(Z) (or OF0Z) = 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
figure 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

b
P(aSZSb):J f(z) dz,

a

where z is a dummy variable of integration. From this, the probability that Z < a (our
definition of the CDF F(a)) is given by:

Extending these ideas to the case of n random variables Z;, Z,, ... Z,, the probability
that Z, < ay, Z, < ay,...,7Z, < a, simultaneously (i.e., jointly) is equal to:

ay az n
F(al,az,...,a,l)zj J J ]r(zlaZZa"'aZn)le7d227'~'7dZn'
—00 J —00 —0o0

F(ay,a,,...,a,)is the joint CDF and f(z,,z,,....,z,) is the joint PDF for the random
variables zy,z,,...,z,.

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

1- F2 Ny

f(2)
0.5 /

Figure 3.1 An example of a CDF and its PDF
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(from —oo to —o0) the other n — k variables. For example, the joint marginal PDF of
Z, and Z, is given by

J .. J f(zy,22, ..., zy) dz3,dzy, ... ,dz,
which leaves the joint marginal density (PDF) of Z; and Z, because all other variables
were integrated out. Furthermore, the joint marginal CDF of Z, and Z, is given by:

ay a, 00 00
[ J J [ .f(217227zn) dzlad227"'adzil'

) J—o00 J—o0 J—o0

This result obtains because we integrated the joint marginal PDF of Z;, and Z, over
Z, and Z, from —oo to a; and a, respectively. In other words, the joint marginal CDF
of Z, and Z, can be interpreted as F(a;, a,, 00,00, ...,00). 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 first we briefly
recap the goal of choice modelling to make the distributional and density assumptions
more meaningful and apparent. Specifically, the goal of a choice model is to estimate
the significance of the determinants of V' (s, x) in equation (3.8). For each individual ¢,
the analyst observes an ordering (see next paragraph) of the alternatives, and from
them infers the influence of various attributes in the utility expression ¥ (s, x), which
is represented more compactly as V,. Specification of the functional form of V, in
terms of attributes (i.e., the relationship between decision attributes and observed
choices) must be determined insofar as this will influence the significance 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
Vig = By Si(s1ig) + -+ Big Ji(Swjig)-

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 V, 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 defined 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 briefly, 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 ¢ will select alternative i iff Uj, 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 Vj, for all j alternatives in the individual’s choice set.
Assuming that the known value of V, is v;, then equation (3.8) can be expressed as

Pit] = P(U,'q > l]jq|I/jq = ’Uj,j € Aq) \V/] §£ i (39)

Equation (3.9) is a statement about the probability that the unobserved random
elements, the s, take on a specific relationship with respect to the quantities of
interest, the Vjs. Once an assumption is made about the joint distribution of the
€j,5, and the Vs are specified 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 ¢, and the other elements:

Piy = Plejy < Vig = Viy + iy Vj € Ay, J # 1.

For a particular alternative, i, we need to identify the level of ¢;. Because ¢; has a
distribution of values in the sampled population, we denote all possible values of ¢;, by
b, (¢ =1,...,r), and initially assume some discrete distribution (i.e., a limited number
of levels of ¢;,). Then

Py = Pleyy =byejy <Vig—Vjy+by, Vj€ Ay, j#il(by=bi,bs,....h).
(3.10)
Equation (3.10) can be expanded:
Py, = Plej;=by, and ¢, <V = Vi + by, Vj€ A, j#i]
+Pley=by and g, < Vi — Vi, +by, VjE A, jF£]+ -

+Pleyy =b, and ¢, <V =V, +b, VjcA, j#1i.



44 Stated Choice Methods

Alternatively,
Py = Pleyy =bi][P(eiy < Vig = Vig+ b1, Vj € Ay, j# D]+
+ Pleiy = b][P(ejy < Vig— Vig+ b, Vj € Ay, j#10)],
or
Piq: [ lq_b/H (E'q< Viq jq+b/) v,jeAqv ]%l} (3]1)

(=1

Equation (3.11) can be modified further by assuming a continuous distribution of b;s
(with a range of —oo to +00), giving equation (3.12):

-:Z [eig = bJAb[Pejy < Vig = Vig+by), Vi€ Ay j# 1. (3.12)

Thus, in the limit, as Ab, — 0,
00
hm P,,] J Plejy = bo|[P(gjy < Vig— Viy +b,), Vj€ Ay j#1l. (3.13)
—00
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 — 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 identifi-
able selection probabilities. That is, in practice one specifies 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
defined parametric specification 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 (ITA) 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 unaffected 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 4, vectors of measured attributes
s, and x € A.

2. Irrelevance of alternative set effect: This holds that without replications on each
individual it is not possible to identify an ‘alternative choice set effect’ (z). Thus,
another restriction must be introduced to isolate the ‘choice alternative effect’.

In particular, we assume that V(s,x,z) = V(s,x) — 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 confidence, but this does not guarantee that any particular
selection probability structure conforms precisely to the choice theory.

The ITA property implies that the random elements in utility (i.e., €; 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
definition of the EV1 distribution in terms of ¢;s, given in equation (3.14):

P(e; <€) =exp(—exp—¢) = e (3.14)
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Recall that equation (3.8) indicated that
ij :P((qu_gi(]) < (V, — [/]l])) fOI‘ a.llj#l7 J: 1,...,J7q: 1,...,Q.
(3.15)
Rearranging equation (3.15) to reflect the condition in equation (3.14), and dropping
the subscript ¢ to clarify the exposition with no loss of information, yields equation
(3.16). This is a respecification of the left-hand side of equation (3.14):
P; = P(g; < (e;+ V; = V})), assuming that U; # U; (hence < not <).
(3.16)
Because each ¢; is assumed to be independently distributed, the probability of choos-

ing alternative i, P;, may be written as the product of J — 1 terms specified using (3.14)
as follows for some given value of ¢; (say b):

J
P;=P(g; < (b+V;—V;) forallj#i)=]]exp(—exp—[b+ V= V).
J=1

(3.17)

This simplifies to

exp(—b) exp {—iexp—(b +V=V)|. (3.18)

Jj=1

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 e:

b=00 J
P = J exp(—b) exp [— exp—(b+V,—V;)|db. (3.19)
=1

b=—00 =

To obtain the final result, we rearrange equation (3.19) to separate out elements
containing b, as follows:

b=00 J
P, = L exp(—b) exp{— exp(—b) [Zexp(V/ - Vi)} } db. (3.20)
=—00 j=1

We integrate equation (3.20) which has a definite integral from —oo to +o00, which is
not straightforward to do in this form. Thus, we apply a transformation of variables
by replacing exp(—») with z, noting that z does not replace b but the exponential of the
negative of h. Thus b = —Inz. The expression to be integrated then becomes:

zexp[—zal,

where

J
a=>Y exp(V;— V),
J=1
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which is a constant containing only V’s. However, because the integration in equation
(3.20) is over the random utility space with respect to db, not d(exp (—b)), then a
transformation has to occur to replace db with dz. Because exp(—b) = z implies that
b= —Inz, we can replace db by —(1/z) dz in (3.20). This requires a change to the
limits of integration because db is now —(1/z) dz. Note that z = oo when b = —oc0
(from z = exp (— (— o0))) and z = 0 when b = co. Hence, equation (3.20) now can be
rewritten in terms of z as:

0
P, = J z exp[—za)(—1/z) dz. (3.21)

o0

Simplifying and reversing the order of integration (the latter simply changes the sign),
yields:

P; = j exp(—za)| dz. (3.22)
0
This is a more conventional form of a definite integral, so now we can integrate
P; = —exp(—za)/aly .

Note that [exp(—az) = —exp(—az)/a, and that when z = oo, exp(—oo0) = 0; when
z =0, exp(0) = 1. Thus,

1 1 J
Pi=—|-(0-1)| =- h = Vi—=V5). 3.23
B T B LR SO (3.23)
Equation (3.23) can be rearranged to obtain:

1

Pi: 7 .
Z exp—(V; = V))
Jj=1

(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 identified 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 influences 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 specific 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 different 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 (zy,...,z,) drawn from a population characterised by an unknown
parameter 6 (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(Z|6). This implies that the probability distribution of
Z depends upon the value of 8 ( f(Z]0)). This is read as ‘a function of Z given some
value for 6°. 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(z1,22,0,200) = f(2110) £ (2210), - ., f(24]6). (3.25)

The Zs are considered variable for a fixed value of € in the usual interpretation of
this joint PDF. However, if the Zs are fixed 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 fixed seems reasonable. Maximising
equation (3.25) with respect to 6 (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 0 (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 6. 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 (0?). If 0 is
defined as a 2-dimensional vector of elements (x, o°) 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 6.

A likelihood function is maximised in exactly the same way as any function is
maximised. That is, the MLE estimates of 6 are those values at which L/96;, =0
(i indexes the elements of 6 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 6 are invariant to monotonically increasing transformations of
L. Hence, we seek those values of # which maximise In L = L* (i.e., those values of
0; for which dL*/90; = 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 ¢
choosing alternative i can be written as the following closed-form MNL model
(equation 3.24):

J
Piq = exp(Viq)/Z exp(V]»q).
Jj=1

Recall that the Vj, are assumed to be linear, additive functions in the attributes (Xs)

which determine the utility of the jth alternative. That is, let V}, be written as:
K
Vig = Z BixXig- (3.26)
k=1

It is possible, for a given j, to set one of the Xs (say Xj,) equal to 1 for all ¢. In this
case, the utility parameter 3, is interpreted as an alternative-specific constant for
alternative j. However, we cannot specify such constants for all V; because this
would result in a perfectly collinear set of measures, such that no estimator can be
obtained for any (s. Thus, we may specify at most (J — 1) alternative-specific con-
stants in any particular MNL model. As for the other Xs in equation (3.26), if an
element of X appears in the utility expression (V},) for all J alternatives, such a
variable is termed generic, and 3; may be replaced by §; (i.e., the utility parameter
of X is the same for all j). On the other hand, if an element of X} appears only in the
utility expression for one alternative, say V), it is called alternative-specific. For the
moment we will continue to use the notation of equation (3.26), which implies alter-
native-specific 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 X, for all alternatives. Given that
individual ¢ was observed to choose alternative i, the PDF for that observed data
point is f(Data,|3), where Data, is the observed data for individual ¢ and § is the
vector of utility parameters contained in the functions V. This PDF can be repre-
sented simply by P;, in equation (3.24). Thus, if all observations are independent, we
can write the likelihood function for the sample by replacing f(Data,|3) by the
expression for the probability of the alternative actually chosen by individual ¢. It
therefore follows that if we order our observations such that the first »; individuals
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were observed to choose alternative 1, the next n, to choose alternative 2, etc., the
likelihood function of our sample may be written as follows:

ny+n, Q
L= HP,,I I Pw-s II Pu (3.27)
g=nm+1 q=0—n;+1

The expression for L can be simplified somewhat by defining a dummy variable f;,,
such that f;, = 1 if alternative j is chosen and f;, = 0 otherwise. The latter simplifica-
tion allows us to rewrite equation (3.27) as follows:

J .
L=T]T] 7k (3.28)

We can confirm that equation (3.28) is the same as (3.27) by examining a few observa-
tions. First, consider one of the n; observations in which the individual chose alter-
native 1. P;, should appear in L for that value of ¢. For that ¢ in equation (3.28)
we multiply the terms Py Ji over j. The first term will be qu because alternative 1
was chosen, hence flp =1. The next (and all subsequent terms) will be
qu = 1(P?q = 1) because f,, ..., f, 7, will be zero since alternative 1 was not chosen.
For one of the n, individuals who chose alternative 2, f,, = 1 and all other f, = 0;
hence, only P, 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

o J
= Z Z figIn Py (3.29)
g=1 Jj=1

Replacing P;, in equation (3.29) by the expression (3.24) yields an equation that is a
function only of the unknown s contained in the expression V), because all other
quantities in equation (3.28) are known (the Xs and f;,s). L* can then be maximised
with respect to the (s 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
first-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 (s) 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 3. These ‘guessed’ values are used in equation (3.26) to calculate
the Vs, which are inserted in equation (3.24) to calculate the P;;s. 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 find ‘better’ values of the
(s 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 s change by less than some predetermined amount (see appendix A for more
details). Several methods are used to search for the optimal value of each 3; 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 s and their asymptotic z-values, (2) measures of
goodness of fit 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 3, (say Bjk) can be interpreted as an estimate of the weight of attribute
k in the utility expression V; of alternative j. Given estimates of the s, an estimate
of Vj, (say 17,-61) can be calculated by taking the s and the Xs for individual ¢ and
alternative i and using equation (3.26). The resulting A,-q can be interpreted as an
estimate of the (relative) utility U;, of alternative i to individual g. Analysts can
evaluate generic and alternative-specific specifications 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
Bjk is significantly different 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., ¢-tests). Fortunately, the MLE method provides
such capability if the asymptotic property of the method is satisfied; 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 §s. 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 (s in the MNL model and use these to test the statistical
significance of individual fs using asymptotic z-tests. The appropriate standard errors
and ¢-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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sufficiently small standard errors (think of this as the variation around the mean) so
that the mean estimate is a good representation of the influence 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 z-value (desirably 1.96
or higher so that one can have 95 per cent or greater confidence that the mean is
statistically significantly different from zero). Practitioners often accept ¢-values as low
as 1.6, although this is stretching the usefulness of a mean estimate. It suggests a
number of specification improvements, such as segmentation, to enable an attribute
to have a different 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
significant. 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 —999), non-normality in the
attributes distribution which limits the usefulness of -statistics in establishing levels of
statistical significance, and of course the fact that the attribute simply is not an
important influence 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 significance, confidence intervals etc. are highly useful
concepts . .. All these concepts are, however, of relative merit only. They have
a clearly defined meaning only within the narrow confines of the model in
question ... As we dig into the foundation of any economic ... model we will
always find a line of demarcation which we cannot transgress unless we
introduce another type of test of Significance (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
final question one step further back. The final, 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 significance.
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 fits 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 fit 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 modified 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-fit 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 significance of the
MNL model in large samples, a generalised likelihood ratio test is used. The null
hypothesis is that the probability P; 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 s in equation (3.26) are zero
(except alternative-specific constants). Similar to the case of testing the significance of
R? in OLS regression, the hypothesis of independence is almost always rejected for a
specific model. Thus, the usefulness of the likelihood ratio test is its ability to test if
subsets of the (s are significant. The generalised likelihood ratio criterion has the
following form:

L* = max L(w)/ max L(Q), (3.30)

where L* is the likelihood ratio, max L(w) 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 significance of a set of s in the MNL model, L(w) is the
maximum with these (s set equal to zero (constrained) and max L(w) is the uncon-
strained maximum of the likelihood function. Wilks (1962) shows that —21In L* 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 with M fs set to zero (i.e., some Xs are removed). The next
step is to calculate L* and see if the quantity —2 In L* is greater than the critical value
of x4 from some preselected significance level (e.g., a = 0.05). (In L* is the difference
between two log likelihoods.) If the calculated value of chi-square exceeds the critical
value for the specified level of confidence, one rejects the null hypothesis that the
particular subset of (s 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-specific utility parameters
are imposed. For example, if there are four alternatives then we compare the overall
influence of one generic taste weight versus four alternative-specific 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 —21n L*.
This can be compared to the critical value for three degrees of freedom (i.e., three extra
d.f.s for the alternative specific variable model compared to the generic model) using a
chi-squared test at, say, 5 per cent significance. If the calculated value is greater than
the critical value we can reject the null hypothesis of no statistically significant differ-
ence at 5 per cent significance. 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 define L*(3) 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 S;). In other words, let

J
L*(0) =

Me

fiyIn'S;. (3.31)
1

g=1J

Clearly, L* will be larger if evaluated at 3 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*(B) 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-fit of the MNL

model, analogous to R* in ordinary regression. To do this we calculate the statistic

P’ =1—(L*(5)/L*(0)). (3.32)

We noted that L*(3) will be larger than L*(0), but in the case of the MNL model
this implies a smaller negative number, such that L*(3)/L*(0) must lie between zero
and one. The smaller this ratio, the better the statistical fit 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 p° (rho-
squared) as a type of pseudo-R> to measure the goodness-of-fit of the MNL model.
Values of p* between 0.2 and 0.4 are considered to be indicative of extremely good
model fits. 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 p’ values as
high as the R*s commonly obtained in many stated choice ordinary least squares
regression applications.

Some MNL computer programs compute p° not on the basis of L*(0) assuming that
P; is equal to S, the sample aggregate share, but rather under the assumption of equal
aggregate shares for all alternatives (e.g., if J =3, S; = 1/3 in equation (3.31)). Our
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definition of p® 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 P;
in the absence of a choice model that can improve the predictions.

We can improve on p’ in equation (3.32) by adjusting it for degrees of freedom, an
adjustment that is useful if we want to compare different models. The corrected p?,
given by ﬁz (tho-bar squared) is!

R 0
L*(ﬁ)/Z(Jq—l)—K
—1_ g=!
0
L*(@/qu(Jq 1)

where J, refers to the number of alternatives faced by individual ¢, 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.

2

p (3.33)

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 defined 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 () 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 ¢ selecting alternative j summed over all individuals who actually

' An alternative definition for [)27 due to Ben-Akiva and Swait (1986), is given in chapter 9. That
definition is useful for testing non-nested specifications.
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select alternative i. Thus

0 0
Ny =D fuPig =3 Py(ilAy), (3.34)
q=1 q=1

where f;, 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.) 4,, is the set of alternatives out of which individual ¢ chooses,
and Q; is the set of individuals in the sample who actually choose alternative i. Column
sums (predicted count) are equal to

0

> Z P, ]\A => P,(jl4) =N.j (3.35)
i€d, 1 9€0; q=1

and are used to calculate predicted shares. Row sums (observed counts) are equal to

> ZP ]|Aq _21:1\/‘,— (3.36)

q€0; /GA 9€Q;

and are used to calculate observed shares. N;/N ; indicates the proportion of the
predicted count (i.e., individuals expected to choose an alternative) who actually
choose that alternative. (N, + --- + Ny;)/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-fit 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

Ni N,

o; =N, N (3.37)
where N;/N; is the proportion of individuals expected to choose an alternative who
actually choose that alternative, and N;/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 o; 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 o;s over the J
alternatives, weighting each o; by N;/N_. This may be written as

J
=3 (Vi/N e (3.38)

i=1
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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) (N;)) (N;/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 ;) 140 90 100 330 100.0
Predicted share (%) (N;/N.)* 100 42.4 27.3 30.3 100
Proportion successfully predicted 71.4 55.6 50.0

(N /N )* 100
Success index (eq. (3.37)) 29.0 28.3 19.7
Percent error in predicted —3.03 3.03 6.06

share — 100* (N, — N;)/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)/100%] = 0.

We can expand equation (3.38) as follows:

=S (-3 (3.39)

o= XJ: (%-%)2 (3.40)

This index will generally be non-negative with a maximum value occurring when
Z{Zl N; = N_ (the model perfectly predicts), or

LS VN (3.41)
i=1

Hence, we can normalise o 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 effects of a wide range of policies. Policies impact individuals to
varying degrees, hence, it is important to be able to determine individual-specific
effects prior to determination of market-share effects. If an estimated model was care-
fully developed so that the systematic utility is well-specified empirically (i.e., the
choice set and structural representation of the decision process is reasonable), the
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model should be a very flexible, 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). Individual models 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 offset 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 offered as the significant 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).> 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 P;, (equation (3.24)) and recall the definition of V,
(equation (3.26)). The elasticity of any variable Y with respect to another variable Z is
(AY/Y)/(AZ/Z), which reduces to (0Y/0Z)(Z/Y) as AZ becomes very
small. Therefore, direct point elasticities in the MNL model can be written as follows:

Py aPiq .Xikq

=—" 42
X”\‘I aXikq P (3 )

iq .
Equation (3.42) can be interpreted as the elasticity of the probability of choosing

alternative 7 for individual ¢ with respect to a marginal (or ‘small’) change in the
kth variable which describes the utility of the ith alternative for individual ¢.

2 If the terms arc and point elasticities are unfamiliar, see figure 9.7 and its associated discussion.
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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., 9¢*/0Z = ae®™):

)

)Vfl/
Z()Vﬂ/ M_ (eViq) N 7
apit - GXikq 8Xikq
1\ . (3.43)

iy (ZEVM>2

Simplifying equation (3.43), noting that the partial derivatives are the utility para-
meters, we get equation (3.44):

OP;

aleZ]q = Piq ﬂik - P%k/gik' (344)

The direct point elasticity in equation (3.42) for the MNL model is, therefore, given by
equation (3.45):

P,
EX:A/q = Piqﬂiq(l - Piq)Xikq/Piq = ﬂikXikq(l - Piq) (3~45)

Cross point elasticities are obtained similarly, evaluating dP;,/0Xji, as follows:

op, (2O

= = —P,_P,By. 4
0X iy (Zem)z ia g Ok (3.46)
J
The cross elasticity can be evaluated as follows:
P, _ OPig Xikg
X,-,iq = X, P =Py PigBicXijq/ Pig = =B Xjg Py (3.47)
JRq iq

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 #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
(ITID). When we relax the IID condition (see chapter 6), the elasticity formulae will be
different, 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:
Ey' = BiXiny (6 = Pyy) (3.48)

Jkq

1 if i = (a direct point elasticity)

where 6; =
! {0 if i #j (a cross point elasticity)
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The direct elasticity approaches zero as Pj, approaches unity, and approaches 3y X,
as P;, 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 X and Pj
(average estimated P;). However, this is not generally correct because the MNL model
is non-linear, hence, the estimated logit function need not pass through the point defined
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 Xj.. A better approach is to evaluate equation (3.48) for
each individual ¢ 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):

4 4
P _ D Py 5
Ey,, = <§ :Pqu;(,.;,,> / > Py (3.49)
g=1 q=1
P,

., is an estimated choice probability. P; 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 differ across alternatives, which may seem
odd given the limiting condition of constant cross elasticities in a model derived from
the ITA property. This occurs because the ITA 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 differentiation
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 differences rather than differentials:

Py

EX;,“/ = [(Pllq - Piq)/(Xilkq - Xllxq)]/[(Pllq =+ Piq)/(Xilkq =+ Xikq)]7 (350)
Pif/ .

EX,,\,,, - [(Pllq - Piq)/(x/jlkq - A/jkq)]/[(P}q + Piq)/(Xi%\'q + Xikz])]' (351)

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. FElasticity 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 benefit (or avoid some cost) from a specific 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 influences 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 financial 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 specific
policy. Choice models can be used to identify changes in consumer surplus as an
indicator of changes in benefits. As will be shown in chapter 6, the difference 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 effect), 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-specific 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 defined to be generic, i.e., the utility parameter of
Xinve is the same in each utility expression (i.e., 3y = B for all j = 1,2). The other
attributes are defined as alternative-specific. These attributes of the four modes are:

wlk = total walk time (minutes)

wt = total wait time (minutes)

invt = total in-vehicle time (minutes)
inve = total in-vehicle cost (cents)
pkc = parking cost (cents).

AEE I e

In addition, an alternative (or mode) specific constant is included for J — 1 alter-
natives. It is arbitrary which alternative the constant is excluded from. The utility
expressions are:

Uga = MSCy, + Baarinvty, + Shinvey, + Baazpkeys + pincg,persiney,,
U,y = MSC + Bi1invt + Brinve, + Grapkeg,

U = MSCyy + BuntinVty, + Goinvey, + Bswlkys + BaWten,

Ups = Bps1inVtyg + Grinvey, + G3wlkps + BaWiys.

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 r-statistics greater than 1.96 (95 per cent confidence) except for
the parking cost associated with ride share and two mode-specific constants. Overall
the model has a pseudo-R* 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 — 1) alternative-specific
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 specific individual, unless the analyst has sufficiently 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
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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 —0.00255 —2.58
In-vehicle time drive alone —0.05251 —4.32
In-vehicle time ride share —0.04389 -3.21
In-vehicle time train —0.03427 —2.67
In-vehicle time bus —0.03523 —-2.75
Walk time train —0.07386 —3.57
Walk time bus —0.06392 —3.25
Wait time train —0.11451 —2.18
Wait time bus —0.15473 —4.37
Parking cost drive alone —0.07245 -2.59
Parking cost ride share —0.00235 —1.24
Personal income drive alone 0.03487 5.87
Log likelihood at zero —2345.8

Log likelihood at constants —2023.7

Log likelihood at convergence —1534.8

Likelihood ratio (pseudo Rz) 0.346

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 «// utility
expressions since it does not vary across the alternatives. That is, a person’s income
does not vary by mode unless it is defined 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-specific 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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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-significance, 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 specifi-
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, —0.362, —0.324, —0.298 and —0.260. 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 —0.362 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 (X and f’_,—). This happens because, as the differential 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 effect by calculating
weighted and unweighted aggregate elasticities for four variables, and obtains
(—0.29, —0.34), (—0.59, —0.68), (—0.31, —0.38) and (—0.19, —0.25).

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 defined by specific 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 (—0.05251 utiles per minute)/(—0.00255 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 differences in
value attached to different attributes. For example, a unit of walk time has a
disutility that is 2.155 times higher than in-vehicle time (—0.07386 compared to
—0.05251). 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 influences 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
fixed effects form, which frees up all of the variances associated with the unobserved
influences on each alternative in the choice set. A random parameter logit (RPL)
or mixed logit (ML) model is also introduced which adds further flexibility 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, fixed 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

The underlying rationale for the method of maximum likelihood may be indicated briefly
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
Py(x|0), where this nomenclature indicates that the function has parameter(s)
0=20,,0,,...,0,. Ifthe parameter(s) fis (are) known, then the joint probability function
of a random sample of experiments, X, X5,..., X7, can be written as:

Py, x,..xy (X1, X2, X7|0) = Py, (x110).Py, (x2]0) ... Py, (x7|0)

=[Py, (x.10). (A3.1)
=1

Next, consider the situation in which the parameter vector 6 is unknown, but a
specific sample set of experiments, X, X,, ..., X7, has been observed to have outcomes
X\, X5, ..., Xr. 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 6. To
emphasise this, it is written as:

T

L(O]xy,xs,...,x H (x,]0). (A3.2)

A3.2 is called the likelihood function of the sample. The likelihood function can be
evaluated for different 6 and, intuitively, the larger the value obtained for a particular
6, 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 6 is the value 0 which causes the likelihood function
L(0) to be a maximum.

In many cases, the form of the probability function Py (x|6) 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, é.) In such cases
the criterion is:

Il
M\] /\

Maximise L*(#) = In(L

o)

In(Py, (x,16)). (A3.3)

t=1
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If the necessary computations are mathematically tractable, the maximum of L*(6)

can be found by identification of its stationary points, through solution of the set of
simultaneous equations:

T
0
2 o,

In many situations, however, it is necessary to use an iterative gradient search
technique such as the Newton—Raphson method that is discussed below.

D=0, k=12...r (A3.4)

A3.1.2 Gradient search and the Newton-Raphson method

The general concept of a gradient search technique for maximisation of a function
L*(0) is to start from an initial solution 6° = (67,65,...,67) and, in a series of itera-
tions, move to other solutions, 8',6°, ..., in such a way as to always improve (increase)
the value of L*(#). The change at iteration (p + 1) is given by:

o = 4 d't, (A3.5)

where &’ = (dV,dY,...,d?) is a direction vector chosen such that the value of L*(6)
increases as the solution # moves in that direction from ¢”, and ¢ is a (scalar) step-size
defining the magnitude of the movement in the direction d”.

The choice of the step-size ¢ is important because even though d” defines a direction
of improving value of L*(0) at ¢, any non-linearity of L*(f) means that its value may
eventually start to worsen (decrease) as ¢ is made larger. The optimal step-size can be
found by solution of the following equation in the single variable ¢

0 »
aL (& +d’t)=0. (A3.6)
The choice of the direction vector d” can be achieved by a number of methods, one of
the most common being the method of steepest ascent in which:

OL*(0) evaluated at 6”

&’ =
K 09, fork=12,...r

(A3.7)
Faster convergence is often found by use of the Newton—Raphson method in which a”
is determined by solution of the matrix-vector equation

TLYO) )
09,00, |k
where k=1,2,..., £=1,2,...,r, and the first and second derivatives of L*(0)
are evaluated at 6”. In the case of L*(0) having a quadratic form, for example,

the Newton—Raphson method converges in a single iteration with a step-size of
one.

A0
0,

: (A3.8)
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A3.2  Application to the multinomial logit model

The multinomial logit model states that in a choice situation ¢, the probability that
alternative 7 is chosen from the set of available alternatives A, is given by:

U, eV
P(i: A) = =2 = —=—, (A3.9)
U e
Jjed, Jed,

where V;; = the utility of alternative j in choice situation #. The value of any V), is
assumed to depend on the values of a number of variables x;;, which are considered to
affect the choice, and often the functional relationship is assumed to take the linear-in-
parameters form:

Vi=> OXir (A3.10)
k=1
Assume now that a sample set of choice situations 1,2,..., T has been observed,

together with the corresponding values of x;;, and let i designate the alternative
chosen in situation ¢. Then the likelihood function for this sample is

L(0) = ﬁP(i L A,) (A3.11)

L*(0) = In(L(0)) = ZT: In(P(i : 4,)); (A3.12)

(A3.13)

We can express (A3.13) as (A3.14) to identify the chosen alternative:

V,,-ln(ZJﬂ)]. (A3.14)

jed,

T

L¥0) =)

=1

For any ¢, i represents the alternative observed to have been chosen from the set of
available alternatives 4,.

First Derivatives of L*(0)
From (A3.14),

v, Wi
*(6) aV ¢’ 69k
aL it jEA,
_ . A3.15
A As19

Jjed,
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or

IL*(0) |9V, )
2, _; aek—ZP(].A (A3.16)

Jjed,

J
00y
Now, if all V}, are linear functions of the x;, as in equation (A3.10), then:

M= (A3.17)

and equation (A3.15) becomes:

IL*(0) _ 2, U
=3 | -8 : (A3.18)

B =1 Z U,

jeAI

using the nomenclature U, = e Vi introduced in equation (A3.9).
Equation (A3.16) is s1m11arly modified to:

OL*(0) & ,
aT() -y [xk,., -3 R( At)xkj,} . (A3.19)
k =1 JEA,

Second derivatives of L*(8)

Extending from equation (A3.16), it is found that:

FLO) | &'V, OP(j: A,) OV
aeka@*; 96, 00, =2 P(j:4) aaae -2 o9, 00,

JEA, JEA,

(A3.20)

For all V}, linear in the x;;, as in equation (A3.10), equation (A3.17) holds and

O’V
—, A3.21
00, 06, ( )
so that equation (A3.20) simplifies to
& L*(9) OP(j: A,)
Z Z ’ A (A3.22)

90, a@

Further evaluation of the derivative in equation (A3.22) for the linear utility function
case leads to

62L*( T
00, 00, ZZP J = A X | Xy = ZP (h: A X |- (A3.23)
g =1 jed, hed,
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It can be shown that equation (A3.23) can be expressed in the form

(Z Uj,xkj,xé,.,xzj U) - <Z Uﬁxk,-f)<2 szXfﬂ)

Jjed, JEA, JE4, JeA,

)

82L* T
861\ 86[ tz:l: <Z l]ﬂ> 2
JeA,

(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 figure
A3.1). The inner loop iterates over all available alternatives j € A, for each observa-
tion #, accumulating the quantities

SU =Y U, (A3.25)

SUL =Y Upxy, all k, (A3.26)
JeA,

SU2 = UpXigexys, all k, L. (A3.27)
Jj€A4,

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 U, for the alternative i chosen in each observation ¢, to accumulate

L = the value of the log likelihood function for the iteration, computed
according to equation (A3.13),
[DL] = the vector of first 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 6 are computed using equation (A3.8) and a
step-size of 1. That is, [Af] corresponds to [d/] 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 first 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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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):

f;/:BO+B1xlq+"'+ﬂKqu+6qv (]:1,...,Q, (B31)
here /. 0 if the first option is chosen
where f, =
1 1 if the second option is chosen,

Xy, = the kth explanatory variable,
€, = 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 f,. Because f, can take on only
two values, the probability distribution of f, can be denoted as prob (f; =1) = P,
and prob (f, =0)=1- P, Hence E(f,) = 1(P,) +0(l — P,) = P,. Therefore, the
expected value of f, is the probability that f, =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 f,s
(i.e., the choices actually made), ordinary least squares estimates of the coefficients (3s)
in equation (B3.1) may be obtained using standard regression techniques. Let us
denote this estimated equation by

f;:/éo—i_/éleq—i—”'—i—/éKXqu:17"'7Qa (B32)

where a ‘hat’ denotes an estimated value. Then 3¢ is an estimate of the change in
the probability of choosing the second alternative given a unit change in Xy. From
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this we can estimate the elasticity of choice with respect to variable Xy at the
sample mean by multiplying S by (Xx/f), where Xy and f are the sample
averages of Xg 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 Xg.

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 difficulties with the LPM. A specific
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 ¢,. 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 coefficients will not be efficient (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

K
g =Ty —Bo—PiXig— = BxXxg =Ly — Bo— D BXxys
K=1
so that the only two values that ¢, can take are
K
gg=1-0B—> BxXg, if f;=1,
K=1

K
gg=—Bo— > BxXq if f,=0.
K=1

Now, since prob (f, =1) = P, and prob (f, =0)=1— P,, and since one of the
assumptions made about the error term is that it has an expected value of zero (i.e.,
E(e,) = 0), we know that:

K
E(gq) = (1 - ﬂO - Z ﬁkaq)(l - Pq) =0.
k=1
Solving for P, gives

K
Pq = ﬁo + Z ﬁka(p (B33)

k=1
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andso 1 -P,=1- ) — Z,\il BrXkq- We may now calculate the variance of ¢, as
follows:

K 2
var(gq) = E(é:;) = <1 - ﬁO - Zﬂ/chq> Pq
k=1

X 2
+ <ﬂo - Zﬂkxkq) (1-pPy)
=1

which, using B3.3,

K 2 K
= (1 — o — Zﬁk&«;) (50 + Zﬂkaq>
=1

k=1

K 2 K
+ (—ﬁo - Zﬁkxkq) (1 — o — Zﬁkxkq)
k=1 k=1

and factoring

K K
= (1 —Bo— /Bkaq> <ﬁo + kz:ﬁ/c)(kq>
-

k=1

K K
x (1 —Bo— Y BiXeg + Bo+ Zﬂkaq>

k=1 k=1

S0,

k=1

K K
var(e,) = <1 —Bo — Zﬂkaq> <50 +> ﬁkaq>
pa

= (1 - Pq)Pq' (B34)

The variance of ¢, 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 P, 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 ¢,(o,). This would result in a transformed model
given by
‘—:ﬁo—+61&+-~+ﬂkﬁ+i. (B3.5)

q 9q 9q 9¢ 94
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OLS estimation of the parameters of equation (B3.5) will now be efficient (see, e.g.,
Theil 1971). In the above, it would be preferable to use the actual standard deviation
of €,, but as can be seen from equation (B3.4), we would need to know each P,
whereas we only know which alternative the gth individual has chosen, not his prob-
ability of choice. Therefore, we must first estimate the standard deviation (or variance)
of each ¢,, 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 specifica-
tion (B3.1) and then, using the estimated regression coefficient to calculate f, as in
equation (B3.2), find a consistent estimate of the variance of ¢, by

oy =f,(1—1y), (B3.6)
which uses the result (B3.4) for the actual variance of ¢, and the fact thatf;] is an
estimate of P,.

On the surface, then, it seems that the above WLS procedure solves one of the
problems associated with the LPM, and that efficient estimates of the model’s coeffi-
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 fq will be between 0
and 1! Any f,] outside this interval will result in a negative estimated o, which is, of
course, nonsense. Arbitrarily setting any o, to 0.99 or 0.01 (say) for any observation
with fq outside the unit interval is one solution to this problem, but not a particularly
satisfactory one, since WLS may not be efficient in that case. WLS is actually only
efficient 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 s outside the unit interval is disturbing for
another reason; simply put, given the interpretation of fq as a probability, it makes no
sense to arrive at a predicted f, of 1.3 or —0.4, 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 fq lie in the unit interval. This becomes a problem in non-linear programming
which we will not discuss here because, although the resulting estimated coefficients
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 coefficients (3s) of the model, it would be useful to be able to
test hypotheses about these coefficients. The problem here is that the usual testing
procedures (e.g., t-tests) rely on the assumption that the g, in equation (B3.1) are
normally distributed, which is equivalent to assuming that thefq are normally distrib-
uted. This is not the case since f, 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

q
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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 specifi-
cations of the attribute set defined 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 specific assump-
tions about the nature of V; in that model, the result will be a model of the form given
by the LPM. The assumptions on V; are specifically that

K
Vj(/ =In |:Z ﬁkk/jkq:| ’ (B37)
k=1
K
OSZﬁ/\)(jkqgl (]:177‘])7 (B38)
k=1
K
SO Bk = 1. (B3.9)
=1 k=1

Given these assumptions, insertion of equations (B3.7 to B3.9) in equation (3.24)
yields:

K K
exp <1n {Z 5/»»%@} > > BiXig
=

K
Piq = k=l = X = Zﬂkaikq' (B310)
=

J K J
Yoo S ) 33, T
=1 k=1

=1 k=

Formulation (B3.10) is the LPM (B3.1) with P;, replacing f,, and is exactly (B3.1)
when we add an error term ¢,. Notice that equation (B3.10) is not limited to a binary
choice situation but holds for any j=1,...,J. However, it is difficult 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 (V) 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 difficult 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 V', not defined 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 first of two
alternatives (P;) is given by the (binary) logit model

Py, =expVy,/(exp Vi, +exp V), (B3.11)

where V), and V,, are again linear functions of the characteristics associated with
alternatives 1 and 2, respectively. Equation (B3.11) may be rewritten as

Py, =1/1+exp—(Vy,—Vy,)) = L. (B3.12)
Hence

qu(l +€Xp—(V1q - VZq)) =1,

so,
and
exp(Viy = Va) =

Taking the natural logarithm of both sides, we get
qu - V2q = 1n(P1q/(1 - qu))

or, upon substituting for Vs using equation (3.26) and assuming that a total of K
variables, including alternative-specific constants, appear in the model, we obtain

P, K
1n(1 ~ ;1) = BiXg (B3.13)

k=1

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 ¢ 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 (—oo, 4+00).
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Direct estimation of equation (B3.13) is not possible. If P, (actually, f,; is what we
observe) is equal to either 0 or 1, then Py, /(1 — Py,) will equal zero or infinity and the
logarithm of the odds is undefined. Thus the application of ordinary least squares
(OLS) estimation to equation (B3.13) when P, =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).

Define P, = r/nyr, 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 n; is the number of observations relevant to that particular cell. Then,

K
ri/n ) ( A >

In[——— ] =1In = X, B3.14

<1 = pr— /?:1 B X ( )

where X, 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 n;/(r1(n; — ry)) since In[r /(n; — r;)]
is approximately normally distributed with mean 0 and variance o) =
ni/[(ri(ny =)l

This weight will assist when a small sample is used. However, regardless of sample
size, this approach is suitable only when sufficient repetitions occur. With extreme
values or outliers the OLS and WLS approaches perform poorly. As r /n; approaches
0 or 1, oy could be adjusted to accommodate this as in equation (B3.15):

(m +1)(n +2)

= B3.15
7 ny(ry +1)(ng —ry +1) ( )

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 sufficient 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 effect 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
flexibility 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 /) by

P, -
In (P—q> = Z ﬂkileq' (B316)
lq

k=1

There are J — 1 equations of the form (B3.16) with alternative / as a base, the para-
meters of which (i.e. 8;;) reflect the effect of the kth explanatory variable on the choice
of alternative i versus alternative /. To examine other binary pairs, for example i versus
J, we need only look at binary pairs (i, /) and (j, /) and combine them as follows.

P, P, K
In (i) + In <—q> = ﬁkl'Xk
z p,) = 2Py

lq
In (ﬁ X &> =In <ﬁ> = i(ﬁkil + Brtj) Xig- (B3.17)
Py Py Py k=1 '
Now, using the general format (B3.16), we can also write this as
ln(ﬁ> = XK: Breir X (B3.18)
Py k=1 o

and hence, By;; = Byis + Bryj» s0 that iy = By — Biyy- Theil (1971: 119) has noted that
By above may be written G;; = (i — By so that equation (B3.16) may be written

P. K
In (?W) = (B — Bu) Xey- (B3.19)
lq k=1

As the above analysis shows, the linear logit model depends on analysis of the
difference in response from some base alternative (in our case alternative /).
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Furthermore, we may impose initialisation constraints on (;; such that §,; = 0 for all
k, without loss of information. Therefore, the basic model becomes

<qu) Z BriXiy- (B3.20)

Let us define In(P;,/Py) as L;j,. In order to estimate the parameters of equation
(B3.20), we must first categorise the explanatory variables (Xs), assuming that the
variables are continuously measured. For example, if there are two Xs, X and X,
we might group X into ten sets and X, into five sets so that there are fifty possible
combinations of X; and X,. We may then find the frequency of occurrence of any
alternative for each cell in a 10 x 5 contingency table and use these as estimates of Pj,s
in L;,. Hence, from this point on we refer to group g instead of individual g.

Denoting these frequencies as fiy, the estimable version of equation (B3.20)
becomes

k=

r frl
Ly = (ﬁllg Z BiXig + (Litjg — Litjg), (B3.21)
g

where the model is specified in terms of group g instead of individual ¢ and where the
last term is an error term reflecting the fact that the observed relative frequencies only
approximate the relative probabilities in equation (B3.20). J — 1 equations are implied
by equation (B3.21).

To illustrate the estimation procedure, suppose there is a S-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):

In(Py/Py) = By + BioX1 + - + BroXx
In(Py/Py) = By + o X1 + - + Bra Xk
(B3.22)
In(P3/Py) = 35+ Bi3 X1 + - + BrsXx
In(Py/Py) = Ba+ P1aZy + - + BraXx.

Although one could continue with other pairs such as Py/P,, Py/P3, Py/P4, P>/ P3,
P,/Py, P3/ Py, a ‘circulatory’ condition guarantees sufficiency by considering only the
number of equations where all response categories are different from a selected base or
denominator category, arbitrarily selected in our case as alternative /. 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
Zg — L, 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/(ngPe(1 — Py)).

g
Thus, in estimation, given the knowledge of heteroscedasticity, the ordinary least
squares estimators of 3y, 5,..., Ok are replaced by another set of weighted least

squares estimators using weights of the form:
W, = nFo(1 — Fy) (B3.23)

where F, = relative frequency for group g (n,/0Q).

These weights imply that as the number of observations n, in a cell increases, more
weight is allocated to that cell in the estimation procedure. Given n,, however, as F,
approaches 0 or 1, less weight is allocated because L, takes large negative or positive
values and is thus highly sensitive to small changes in F,. This system of weights thus
effectively 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/rn, to replace 0 when F, =0

1 —1/rn, to replace 1 when F, =1,

where r is the number of response categories. So far, the model is as follows:
. F, .
Ly, =1n £ WelBo + WeXig0B10 + -+ - + we X0 Bk0 + (Loig — Loig)
g
(with the 0 subscript dropped for X if the X-variable is generic),

~ F ~
Ly, =1In (Ff) = Welr + W Xig2B12 4 -+ + W X2 B2 + (Lorg — Laig)
g

(with the 2 subscript dropped for X if X is generic),
. Fy -
Ly, =1n 7). We B3 + WeXig3 + -+ - + WeXgg3Bk3 + (La1g — Laig)
g
(with the 3 subscript dropped for X if X is generic),
- F, -
Ly =1In )= WelBs + WeX 104814 + - -+ + We XigaBra + (Larg — Laig)
g

(with the 4 subscript dropped for X if X is generic), and the W, matrix is

Soi(L=fop) o Loy —foi f3i —foi f4i

) —fifoy  Hil=fy) =Sy fy —f2j fay

Sy fy Sty SH(L=1) =Sy fy
~fa; foi ~J4 Jo ~fa Sy Syl —fay)

and f,, for example, is the relative frequency of the choice of response category 2 in
cell g. The estimates of (3s are obtained (in matrix form) by generalised least squares
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(see Theil (1971) for a more detailed explanation):
[j: X'w ) 'x'w L (B3.24)
The estimated probabilities are then given by

Pog = exp ﬁog/(l + exp Log + exp ]:2g + exp L3g + exp £4g)

4
P,g: ]/(1 +expi0g+Zexpﬁig>

i=2

4
Py = exp Ly, / (1 +exp Loy + Y exp iig> (B3.25)
i—D :

i=

4
P3g = exp i,3g/ (1 + exp I:Og + Z exp i,ig)

=2

4
134g = exp 1:4g/ (1 + exp I:Og + Z exp I:ig> ,

=2
where 1:g =3+ legl + Bz, o2 + -+ (note that the Bs are obtained from a generalised
least squares regression with weights as defined 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 L,, the
observed logit based on relative frequencies, and ig, the predicted logit, appropriately
weighted, provides a basis for testing the predictive capability of the model. That is,

> (Lg = Le)w, (B3.26)
g
is a goodness-of-fit statistic asymptotically distributed as x> with (J — 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).



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 influences, 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-defined 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 benefits 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 fields. 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).

83



84 Stated Choice Methods

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 ‘profiles’; hence different disciplines have evolved
different 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 define 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 influences 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 influences on the behaviour of interest (e.g., purchase volumes, trends, etc.).

The field 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
field 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 x 2 x 2, or eight total soups, as can be seen in table 4.1.
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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 2x 2 (or 2°) and 2 x 2 x 2 (or 2°) factorial designs

Attributes of the x2 Attributes of the 2 x 2 x 2

Treatment
combination A (2 levels) B (2 levels) A (2 levels) B (2 levels) C (2 levels)

N = o =

1
1
2
2

03N LN Bk W
[N NO T NG T NG Y S,
MM = = NN = —
N — N — N — R —

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 x 2 (or 2°) factorial and a
2 x 2 x 2 (or 2%) 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 attributesas 0, 1,2,..., L — 1.
For the present, we use 1, 2,..., L, but eventually we will use the 0, 1,..., L —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 effects of interest are truly independent. In
fact one might say that the attributes are independent ‘by design’. Thus, the statistical
effects or parameters of interest in such models can be estimated independently of one
another. Additionally, all possible effects associated with analysis of variance
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(ANOVA) or multiple linear regression models can be estimated from a complete
factorial.

The effects 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 ‘effect’ (or, more generally,
‘effects’) with reference to model results. An effect is a difference in treatment means
relative to a comparison, such as the grand (or overall) mean. In the design literature
in mathematical statistics, an effect is a comparison of the means of the factor levels by
means of orthogonal constraints.

A ‘main effect’ is the difference in the means of each level of a particular attribute
and the overall or ‘grand mean,’ such that the differences sum to zero. Because of this
constraint, one of the differences is exactly defined once the remaining L — 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 L — 1 degrees
of freedom in each main effect because one difference is exactly determined. In general,
if an attribute has no statistical effect 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 effect of a quantitative (and continuous) attri-
bute can be defined by a polynomial of degree L — 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 effect, all regression parameters will be exactly zero in theory and non-
significant in practice. In the case of a qualitative attribute, the main effect can be
defined by L — 1 dummy or effects-coded variables, each of which represents one of
the attributes’ L — 1 levels. That is, if an attribute has L levels, we can represent any
arbitrary subset of L — 1 of them as follows:

e Create a dummy variable, Dy, such that if the treatment contains the first level
selected, D; = 1, otherwise D; = 0.

e Create a second dummy variable, D,, such that if the treatment contains the
second level selected, D, = 1, otherwise D, = 0.

e Continue in this fashion until L — 1 dummies are created, i.e., D;, D,,...D;_;.

Thus, the main effect of a factor represented by L — 1 dummy variables can be
expressed as follows:

Yy =00+ 81Dy + BDp+ -+ B 1Dy,

where Y;; 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 By, and By, B, . . ., B are the means of each level of the factor. Thus, the Lth effect
is perfectly correlated with the intercept or grand mean.

Effects codes constitute a useful alternative to dummy codes. As with dummy codes,
the main effect of a qualitative attribute can be defined by L — 1 effects-coded
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variables that represent an arbitrary L — 1 of its levels. That is, if an attribute has L
levels, we can represent any arbitrarily chosen L — 1 of them as follows:

e Create a dummy variable, D;, such that if the treatment contains the first level
selected, D; =1, if the treatment contains the Lth level, D; = —1, otherwise
D, =0.

e Create a second dummy variable, D,, such that if the treatment contains the
second level selected, D, = 1, if the treatment contains the Lth level, D, = —1,
otherwise D, = 0.

e Continue in this fashion until L — 1 effects codes are created, i.e., Dy, D,,...D;_;.

As before, the main effect of a factor represented by L — 1 effects coded variables can
be expressed as follows:

Yij =00+ B1Dj + 5D+ + Br_1Djr_1,

where Y;; represents the ith response to treatment j of the factor. In this coding
scheme, the Lth (or arbitrarily omitted) level 1is exactly equal to
>zt 1l=1- (Bzr-1)] and By, Bs, ..., By are the means of the remaining L — 1 attri-
bute levels. In contrast to dummy codes, effects codes are uncorrelated with the grand
mean or intercept in the model (53,), and their column sum is 0. However, effects-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 effects’ are of primary interest in practical applications of SP theory
and methods, they are not the only effects that may be of interest. In particular,
‘interaction effects’ 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-significance 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 differ 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 different 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-specific.

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 specification 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 Raiffa 1976). Thus, it is important to note that
the assumptions that must be satisfied for utility functions to be strictly additive
(i.e., preferential independence of all attributes) are unlikely to be satisfied 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 efficient estimates of all main effects and two-way
interactions.

Hence, in many cases, one must use main effects designs or do nothing. This state of
affairs 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 different and



Experimental design 89

often conflicting 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 effects. Science typically is best served by designs
that permit as wide an array of utility specifications 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 misspecified.
Practical prediction often can be achieved by highly fractionated designs, includ-
ing designs that permit one to estimate only main effects. The latter are so-called
‘main effects only’ designs, and require assumptions/knowledge that a/l interac-
tions are zero or not statistically significant.

Academics typically are interested in the first 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 difficult to know how
to interpret three-, four- or higher-way interactions, even if they prove to be
significant. (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 significant, 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 significant, 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 effects of primary interest can
be estimated under the assumption that (often, many) interactions are not signifi-
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
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Table 4.3. Standard design notation

Factor A Factor B Factor C Notation Simple effects

. 5w s
A T
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T

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 five attributes denoted by capital letters, with levels indicated in
parentheses: A(2) x B(4) x C(4) x D(5) x E(8), or 2 x 4 x 4 x 5 x 8, or more simply
yet, 2 x 4% x 5 x 8. The complete factorial involves 1280 total combinations, each of
which requires a minimum of one observation in order to estimate all the possible
effects. It may also be the case (and usually is) that many fewer than all possible effects
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 field.
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 effects of interest can be estimated as
efficiently 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-significance of higher-order
effects, 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 sufficient 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.! 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 effects therein is provided in table 4.3.

! This discussion benefited considerably from discussions with and presentations in the University of
Sydney SP interest group seminars by Dr Deborah Street, University of Technology, Sydney.
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Table 4.4. Defining relations for 2° designs

) A B AB C AC BC ABC  Effect

“1 41 -1 41 -1 o+l -1 4l ME(A)
1 =1 41  +1 -1 =1 41  +l ME(B)
+1 -1 -1 +1  +1 -1 =1  +1 INT(AB)
-1 =1 =1 =1 41 +1 4+l 4l ME(C)
S L L L T INT(AC)
41 41 -1 —1 -1 =1 41 41 INT(BC)
-1 41 41 -1 41 -1 -1 4l INT(ABC)

Notes: ME = main effect; INT = Interaction.

Now we can define the various effects as given next:

I. The main effect of A=1/4A—-(1)+AB-B+AC-C—-ABC-BC) =
1/4(4—-1)(B+ 1)(C+1).

The main effect of B=1/4(A+1)(B—1)(C+1).

The main effect of C = 1/4(A+ 1)(B+1)(C—1).

The AB interaction = (AB—B+ABC—-BC)-(A—(1))+ (AC-C)=(A-1)

(B-1(C+1).

5. The AC interaction = (A — 1)(B+1)(C —1).
. The BC interaction = (A + 1)(B—1)(C - 1).

7. The ABC interaction = (A —1)(B—1)(C—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 effects defined 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 defined below). To understand fractions,
one needs to understand aliasing. The ‘alias’ of an effect in a regular fraction consists
of one or more omitted effects. For example, in the case of an experiment with three
attributes at two levels, the main effect of attribute A may be aliased with the BC
interaction. In larger experiments, the main effect of attribute A may be aliased with
several interactions of different orders.

Thus, in regular fractions the aliasing (sometimes also called ‘confounding’) struc-
ture of the design consists of known and exact subsets of effects in the design. By way
of contrast, in irregular fractions the aliasing structure consists of a linear combination
of effects in the design. That is, the main effect of attribute A is a perfect linear
combination of one or more omitted effects, but is not a perfect correlate of any

B
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one of them. In the case of regular fractions, therefore, it is easy to determine exactly
which effects are aliased (or confounded) with what other effects, 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 effects. To emphasise, in the case of regular fractions, one or more
omitted effects are exactly correlated (r = £1.0) with included effects; in the case of
irregular fractions, included effects are either exact linear combinations of omitted
effects 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 define 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 effect represented by this row is
called a ‘defining 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 ‘defining relation’. We define each alias structure in the design by
multiplying each effect by the defining relation as follows:

A=A x ABC = A’BC = BC

B =B x ABC = AB’C = AC

C =C x ABC = ABC? = AB

AB = AB x ABC = A’B’C=C
AC = AC x ABC = A’BC> =B
BC = BC x ABC = AB’C?> = A
ABC = ABC x ABC = A’B’C? = 1.

Each squared effect above equals one, and hence can be ignored. Thus, if we choose
this particular subset of effects to make our one-half fraction, each main effect (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 effect of
factor A from SP response data, we actually estimate the main effect of A if and only if
the two-way interaction BC is not significant (equals zero). Otherwise, we cannot
know if our estimate is in fact the main effect of A, the BC interaction or some
combination of both A and BC. All regular fractions have properties similar to this,
and all effects that one estimates from regular fractions will be perfectly aliased with
one or more omitted effects.

Another way of considering the foregoing problem of the selection of a 1/2 fraction
of the 2 x 2 x 2 (or 2°) factorial is shown in table 4.5a. The table contains both halves
of the 2%, and each contains exactly four treatment combinations. It is easy to see that
the first two columns in both halves are identical (factors A and B), but the third
column differs. 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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Table 4.5a. Two 1/2 fractions of the 2° 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 2° factorial

Combination A (2 levels) B (2 levels) C (2 levels)

Fraction 1

1 -1 —1 -1
2 -1 +1 +1
3 +1 -1 +1
4 +1 +1 -1
Fraction 2

1 -1 -1 +1
2 -1 +1 -1
3 +1 -1 -1
4 +1 +1 +1

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 —1 and +1 satisfies
the transformation. However, in the case of two levels, subtracting the mean also
satisfies the transformation because of the constraint on the effects of the L (=2 in
this case) levels to sum to zero.

We replace codes 1,2 with —1,+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 effect 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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—1 in fraction 1 and +1 in fraction 2; hence, ABC exactly equals the intercept (grand
mean). Thus, design columns represent not only main effects assigned to them (i.e., A,
B and C), but also unobserved (and unobservable) interaction effects.

The latter point is particularly important. If the omitted interaction effects are not
zero (i.e., at least one is significantly different from zero), the effects 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 effects. 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 identification only of main effects, and require
assumptions about a// unobserved interactions.

The fractions in table 4.5b involve four unobserved interactions, but consider a
modest extension involving five attributes, each with four levels (or 4°). 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 4°~>. 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 significant.

The foregoing problem translates into a design that allows estimation of only the
main effects of the five attributes. Efficient estimation of the parameters of a linear
model that represents the utility function of interest (i.e., ‘main effects only’) can be
accomplished if we select the treatments such that the resulting main effects columns in
our design are orthogonal. The five-attribute main effects contain fifteen 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., 1024 — 15 = 1009 other effects). Frankly, it would be miraculous if all
remaining 1009 interaction terms (degrees of freedom) were not significant, 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 effects 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 effects with main effects to create regular fractions can be somewhat justified by
the following well-known results for linear models (e.g., Dawes and Corrigan 1974):

e main effects typically account for 70 to 90 per cent of explained variance,
e two-way interactions typically account for 5 to 15 per cent of explained variance, and
e higher-order interactions account for the remaining explained variance.
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Thus, even if interactions are significant 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 effects and two-way interactions account for virtually all the reliable
explained variance. Thus, little variance is accounted for by omitted effects, 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). Specifically, 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 fit 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 fit 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 effects also will have properties that benefit 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 fitted exactly with a polynomial of degree L — 1. As well, their two-way interaction
can be exactly fitted by expanding the cross-products to include all (L — 1) x (L — 1)
polynomial components: XZ,X°Z,.... X' 'z xz* x7*,... xz'"' x*Z*, ...,
XE1ZE71 . 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 significant effects (i.e., omitted effects). 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 2’
factorial (J = the total number of attributes) in which all main and two-way interac-
tion effects are independent of one another. This endpoint design can be combined
with another regular fraction of the L’ factorial in which all main effects are in-
dependent of one another (L = all original attribute levels of interest) to estimate
(a) non-linear main effects and (b) all linear x linear two-way interaction effects.
The combined design may not be orthogonal, but typically is well-conditioned, and
can estimate all effects with reasonable statistical efficiency.
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For example, the complete factorial design for six attributes at four levels has 4096
total combinations (4%). The smallest regular fraction in which the main effects are
independent contains a subset of 32; hence, thousands of potentially significant effects
are unobserved if one uses only the main effects design. If all levels are restricted to
their two extremes (end points), there will be six main and fifteen two-way interactions,
or twenty-one total degrees of freedom (i.e., 6 x 5/2 or J x (J —1)/2). We can esti-
mate all main and two-way interaction effects independently of one another by con-
structing (1) a thirty-two-treatment 2°~' orthogonal fraction to estimate all linear
main and bilinear two-way interactions, combining it with (2) a thirty-two-treatment
main effects design to estimate the four-level main effects. 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 profiles to estimate
response reliability (test-retest reliability). Table 4.6a uses the 4> design as an example,
and creates two sixteen-treatment designs. Duplicate profiles 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 identified 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 ‘profile’) duplication usually can be eliminated or minimised
by reversing the order of attribute levels in some columns. For example, if the codes in
column Al for profiles 17 to 32 are 0, 1, 2, 3, codes in every other column can be
reversed beginning with column Al or A2 (i.e., 0 =3,1=2,2=1,3 =0). Table 4.6b
illustrates this process for both endpoint and main effects designs: reverse columns A2
and A4 in the endpoint design, and columns A1, A3 and A5 in the main effects design
to eliminate duplicates.

4.5 Design strategies for simple SP experiments

Table 4.7 contains nine possible attributes of airline flights between Boston and Los
Angeles. Two of the attributes have four levels and seven have two levels. Thus, the
complete factorial is a 4> x 27. The effects and degrees of freedom in this factorial can
be decomposed as follows:

e Main effects (13 d.f.)
e Two-way interactions (72 d.f.)
e Other interactions (2048 — 13 — 72 — 1 =1952 d.f.).

It would be difficult (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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Table 4.6a. Combining two designs to capture
most sources of variance

Profile no. Al A2 A3 A4 A5

23 orthogonal fraction to estimate main effects 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
4> orthogonal fraction to estimate main effects
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

aggregated over groups (segments) of individuals, the number of profiles 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
effects. Such models can be derived from theory, hypotheses, empirical evidence,
curve-fitting, or other sources. In the present case, some statistical model possibilities



98 Stated Choice Methods

Table 4.6b. Eliminating or reducing profile
duplication in two designs

Profile no. Al A2 A3 A4 AS

23 orthogonal fraction to estimate all main effects
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
4 regular fraction to estimate main effects
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

include the following (in increasing order of complexity):

only main effects

main effects plus some two-way interaction effects
main effects plus all two-way interaction effects
Polynomial and dummy variable approximations.
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Table 4.7. Example attributes for airline flights

Attributes of flights 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

In the case of the latter, consider two possible representations of the main effects of a
four-level attribute shown in figure 4.1.

Curve 1 can be approximated by a second-degree polynomial and curve 2 by a third-
degree polynomial as shown below:

Y =By + B X + BoX (4.1)

Y:a07a1X7a2X2+a3X3. (42)
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Table 4.8. Effects codes for as many as five attribute levels

Effects Effects Effects Effects

No. of levels Levels code 1 code 2 code 3 code 4
2 1 +1

2 -1
3 1 +1 0

2 0 +1

3 -1 -1
4 1 +1 0 0

2 0 +1

3 0 0 +1

4 -1 -1 -1
5 1 +1 0 0 0

2 0 +1 0 0

3 0 0 +1 0

4 0 0 0 +1

5 -1 -1 -1 -1

As previously discussed, dummy variables or effects codes (EC) can be used to repre-
sent the effects of L — 1 of the levels of qualitative attributes (L = total levels). Effects
codes for five or fewer levels are illustrated in table 4.8, and the statistical model
commonly used to specify the effect of a single qualitative attribute is

Y =0y +BEC, + BEC,+ -+ B EC_y. (4.3)

By, 3, and (B;_; estimate the utilities of levels assigned to columns labelled, respec-
tively, ‘effects code 1°, ‘effects code 2°, ..., ‘effects code L — I’. The utility of the
‘missing’ or omitted level is exactly 8;(—1) + Br(—1) + - + Br_ (—1).

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. Briefly, attribute levels are nested if at least some levels of two or more
attributes cannot logically occur together, or levels of one attribute necessarily differ
due to levels of a second, or levels of one attribute are associated with levels of a
second. For example, the length of a flight (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:

e short trip ($2.75, $3.75); long trip (§4.00, $5.50), for a total of 4 levels;
e 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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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 profile. Our design objectives should be as
follows:

e Identification. Identification 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-effects only specifications, whereas others
allow estimation of more general forms involving various types of non-additivities
(or interactions).

e Precision. Precision refers to confidence intervals of parameter estimates, given
particular specifications and sample sizes. More precise estimates have smaller
confidence intervals, hence, greater statistical efficiency.

e Cognitive complexity. This refers to the degree of task complexity and difficulty
arising from the experiment. There is little consensus, and even less empirical data
regarding optimum levels of complexity. Suffice it to say that proper pilot tests
usually inform this decision.

e 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(yeslyes, no) = exp(Vyes)/[eXp(Vyes) + exp(Vio)l; (4.4)

where the Vs are the systematic utility components. Recall that the value of V,, can
be set to zero with no loss of generality, satisfying the identification restriction in the
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BLM. Thus,
P(yes|yes,no) = exp(Vyes)/[exp(Vyes) + 1] (4.5)
Furthermore, if we consider the odds of responding ‘yes’ relative to ‘no’, we see that

P(yes|yes,no) _ exp(Vyes) + 1 exp(Vyes)

P(no|yes,no) exp(Vio)  exp(Vyo)
exp(Vyes) + 1

(4.6)

But exp(V,,) = 1; hence, the odds of responding ‘yes’ relative to ‘no’ involve only
influences on ‘yes’. If we take natural logarithms of both sides, we see that:

P(yes|yes, no)
1 AL A St R /o 4.7
Ofe [P(no|yes, no) yes: (4.7)

where all terms were previously defined. Now, recall that V. can be specified as a
linear-in-the-parameters expression, such that:

Vyes = Z ﬂka + Z amZn/n (48)
k m

where [ is a vector of taste weights associated with K attribute vectors, X; and «, is
a vector of effects associated with M individual characteristics interacted with either
the ‘yes’ intercept or elements of the X vector, Z,,,.

Equation (4.8) involves attributes of alternatives and characteristics of individuals.
We have control over the X, in the sense that we can design them to satisfy the
properties of interest; but generally we have far less control over the Z,,.
Specifically, the X can be designed such that the K columns of the design are ortho-
gonal, ensuring relatively efficient estimates (. Efficient estimates of the «,, 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 sacrificing 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 confine 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
effects of the X} be independently estimable. At a minimum, X, consists of the attri-
bute main effects, but may also include various attribute interactions. Hence, model
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forms that can be identified (estimated) depend upon the design of the X, columns. We
restrict our attention to main effects 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-effects’ property by
designing profiles 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 profiles from the complete factorial that
spans the space defined by X}, 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 effects of interest. If our research objective is to
present all subjects with the same set of profiles and observe their responses, there is
no consensus regarding how many profiles 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:

e Many experiments have employed at least thirty-two profiles successfully.

e As the number of attributes increase, task complexity increases because of the
number of things to which respondents must attend.

e As the complexity of levels increases, task complexity increases because of cogni-
tive effort involved in comprehending and attending to information.

e Thus, if there are more than ten attributes, and/or the attribute levels are complex
in the sense that extra cognitive effort must be expended to comprehend them, one
probably should consider reducing the number of profiles 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 profiles might be feasible if one is
willing to select relatively large samples from the complete factorial, divide the profiles
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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Table 4.9. Attributes and levels for flights from Boston to Los Angeles

Attributes describing Boston to LA flights 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

topic in later chapters, but note in passing that Bunch and Batsell (1989) show that a
minimum of six respondents per profile 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 profiles leave much to chance,
motivating us to ensure that effects of interest can be identified and estimated relatively
efficiently for a given sample size. Because profiles 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 identification of all effects of interest, possibly in this
sequence of increasing design complexity:

e main effects only independent of one another (but not independent of two-way
interactions),

e main effects independent of some (or all) unobserved two-way interactions (but not
independent of other omitted effects),

e main effects plus some two-way interactions independent of one another (but not
omitted effects),

e main effects plus some or all ‘bilinear’ two-way interactions independent of one
another (but not omitted other two-way and higher-order effects),

e main effects plus all two-way interactions independent of one another (but not
omitted higher-order effects),

e designs that permit estimation of main effects plus two-way interactions plus some
or all three-way interactions independently of one another (but not of omitted
effects).

Consider the example in table 4.9, which involves attributes of airline flights. The
complete factorial implied by table 4.9 contains 2048 profiles. A single random sample
of thirty-two profiles 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 effects only” design can be
used to illustrate the basic idea. Such a design is shown in table 4.10.
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Table 4.10. ‘Main effects only’ design codes for the flight example

Design codes for regular orthogonal main effects

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

The design codes in table 4.10 can be translated into profiles by replacing each code
with a unique, corresponding level in table 4.9 to produce the profiles in table 4.11.
This process is analogous to a ‘find 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 profiles 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 flight profile for their next flight 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
qualified 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 profiles may depend in some
way on previous responses. Between individuals, differences in preferences lead to
violation of the IID assumption because the joint distribution of taste (3) 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 profiles, each of the 16 profiles was randomly assigned to 100 respondents
(i.e., 1600 total respondents). Even in this ideal situation, however, differences in
individuals could give rise to response dependence. Having said that, the parameter
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Table 4.11. Matching design codes with levels to construct profiles

Translating design codes into profiles using ‘find 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 flight profiles

Responses Attributes of flights in experiment (n = 100)

Profile Yes No Fare Depart Time Stops Audio Video Meals Airline

1 80 20  $300 8 am 4hrs O No No No Delta
2 60 40 %300 9 am Shrs 1 No Yes Yes Delta
3 50 50 $300 Noon 6 hrs 1 Yes No Yes United
4 30 70 $300 2 pm 7hrs 0 Yes Yes No United
5 60 40 %400 8 am Shrs 0 Yes No Yes United
6 50 50 $400 9 am 4hrs 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 7hrs 0 No No Yes United
11 40 60  $500 Noon 4hrs O Yes Yes Yes Delta
12 20 80  $500 2 pm Shrs 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 Shrs 0 No Yes No United
16 15 85 $600 2 pm 4hrs 1 No No Yes United
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Table 4.13. Results of binary logistic regression of flight responses

Effect Coefficient Std error t-Value
Return fare —0.007 0.001 —12.649
Depart 8 am 0.604 0.103 5.873
Depart 9 am —0.098 0.112 —0.876
Depart Noon —-0.215 0.107 —2.011
Total time —0.361 0.054 —6.642
No. of stops —0.003 0.123 —0.026
Audio entertain (no = —1) 0.340 0.125 2.728
Video entertain (no = —1) 0.058 0.123 0.476
Meals (no = —1) 0.523 0.122 4.285
Airline (Delta = +1) —0.181 0.062 —-2912
Intercept 3.927 0.398 9.860

Statistics: —2[L(0) — L(8)] = 501.86,d.f. = 11, p* = 0.839

estimates are the mean effects of each attribute in the sample, which are consistent but
inefficient.

The parameter estimates in table 4.13 are of two types: (1) in the case of quantitative
attributes, they reflect 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 flight
time are both negative and significant, 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 effects are interpreted similarly. Strictly speaking, the effects in the table
are defined 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 effects 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 linear model. This allows us to explain the analysis by
calculating the marginal means associated with each level of each attribute, which are the
best OLS estimates of the main effects. That is, the effect of the kth attribute, X}, say
Tr = M — M, Which reveals that the main effect of the kth attribute is simply a differ-
ence in treatment means for the levels of that attribute. Logically, if none of the levels
affects the outcome or response, then p; =y =+ =p, or 7. = g — pu = 0.

Earlier, we showed how marginal effects (means) of attributes can be captured
statistically by using polynomials of degree L — 1, or L —1 dummies or effects
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Table 4.14. Odds and log odds responses to ‘yes/no’ flight profiles

Responses
Attributes of flights in experiment (n = 100)

Log
Profile Odds odds Fare Depart Time Stops Audio Video Meals Airline

1 80/20 1.386 $300 8am 4hrs O No No No Delta
2 60/40 0.405 $300 9am Shrs 1 No Yes Yes Delta
3 50/50 0.000 $300 Noon 6hrs 1 Yes No Yes United
4 30/70 —0.847 $300 2pm 7hrs 0 Yes Yes No United
5 60/40 0.405 $400 8am Shrs 0 Yes No Yes United
6 50/50 0.000 $400 9am 4hrs 1 Yes Yes No United
7 20/80 —1.386 $400 Noon  7hrs 1 No No No Delta
8 35/65 —0.619 $400 2pm 6hrs 0 No Yes Yes Delta
9 10/90 —2.197 $500 8am 6hrs 1 No Yes No United
10 15/85 —1.734 $500 9am 7hrs 0 No No Yes United
11 40/60 —0.405 $500 Noon 4hrs 0 Yes Yes Yes Delta
12 20/80 —1.386 $500 2pm Shrs 1 Yes No No Delta
13 30/70 —0.847 $600 8am Thrs 1 Yes Yes Yes Delta
14 5/95 —2.944 §600 9am 6hrs 0 Yes No No Delta
15 10/90 —2.197 $600 Noon Shrs 0 No Yes No United
16 15/85 —1.735 $600 2pm 4hrs 1 No No Yes United

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 X} can be calculated from the log odds in
table 4.14. Definition (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 4 0.405 + 0.000 — 0.847) /4 = 0.236.
Marginal mean for 400 = (0.405 + 0.000 — 1.386 — 0.619) /4 = —0.400.
Marginal mean for 500 = (—2.197 — 1.734 — 0.405 — 1.386)/4 = —1.431.
Marginal mean for 600 = (—0.847 — 2.944 — 2.197 — 1.735) /4 = —1.931.

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
figure 4.2.
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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 —0.400 —1.431 —1.931
Departure time (8, 9, 12, 2) —0.313 —1.068 —0.304 —1.147
Total time to LA (4, 5, 6, 7 hrs) —0.189 —0.693 —1.440 —1.204
Non-stop service (0, 1 stops) —0.869 —0.893

Music/audio entertain. (No, Yes) —0.924 —0.836

TV-video clips, news (No, Yes) —1.196 —0.564

Hot meal (No, Yes) —0.631 -1.129

Airline (Delta, United) —0.631 —-1.129

Utilities (lodds)

Fare ($) —

Figure 4.2 Marginal means vs. fare levels

As can be seen in figure 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 —0.008, 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 difference effects, data must be disaggregated. That is, differences within
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individuals are constant across choice sets, hence cannot affect an individual’s
responses. Instead, socio-demographic and/or psychographic measures at best account
for differences between individuals. That is, individual characteristics in binary logit
models can be hypothesised to account for differences in propensity to respond ‘yes’ vs.
‘no’ (i.e., the odds of saying ‘yes’), or differences in responses to changes in attribute
levels. Additionally, large sample sizes may be needed to achieve sufficient 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.



5 Design of choice
experiments

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 identification 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-
specific. The former type have no specific 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-specific
alternatives are specific members of a general class.

Not surprisingly, the preceding discussion implies that there are two general types of
choice experiments: (1) labelled (alternative-specific), 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 effects that can be estimated from the two main types of choice experiments differ
by type.

As discussed in chapter 3, if parameters representing the effects of attributes and/or
individual characteristics are constant across alternatives, we say that such effects are
generic for those alternatives. In contrast, if such effects differ for at least one alter-
native, we say that they are alternative-specific for the one or more alternatives for
which they differ. It should be noted that both main and interaction effects (as defined
in chapter 4) can be generic or alternative-specific. Two other types of effects can be
estimated from choice experiments, and bear on whether IID error assumptions in the
utility specification are violated. An own effect refers to the main and/or interaction
effects of an alternative on its own utility or choices. A cross effect refers to main
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and/or interaction effects of other alternatives on a particular alternative’s utility or
choices. If the 11D error assumption holds, only own attribute effects will be statisti-
cally significant; but if the assumption is violated more cross effects than would be
expected by chance should be statistically significant.

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 fixed or varying across choice sets, enabling
a study of the influence on choice of the composition of the choice set and the
attributes (and associated levels) defining 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 effects can be esti-
mated with reasonable levels of statistical precision. That is, estimation of these effects
implies particular utility specifications; hence a sine qua non from a design standpoint
is that if one wants to estimate or test particular effects, by definition, the design must
support their estimation. The art and science of design rests on the analyst’s ability to
estimate different utility specifications conditional on a maintained hypothesis about
the form of the choice process.

The following briefly 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 effects
mentioned in the introduction: (a) labelled vs. unlabelled, (b) generic vs. alternative-
specific, and (¢) own vs. cross effects.

5.2.1 Designs for MNL models

Let us first 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:
exp(Va)

Plalab,....j)= exp(V2) + exp(Vy) + -+ exp(V))] (5.1)

or,

o exp(Va)
P(a\a,b,...,])fizexp(l/j).

Now, consider the result of forming the odds of choosing a over r (a reference alter-
native) and taking the logarithmic odds:

Plalab,....j) exp(Ve)

(5.2)

P(rlab,...j) exp(V,) exp(Va = Vy); (5.3)
Plalabo]
1 e{P(Vla»b,---,j)} =Vam Ve (54)

The log of the odds of choosing @ over r is an estimate of the utility difference 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 — 1 of the utilities are identified. 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 — 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 effects are generic, specifications (5.5a) and (5.5b)
would define the utility expressions

Va = Zﬁka(u (55&)
k
Vr = Zﬂkxkr; (SSb)
k
and,
V=V = BiXia— D> BiXir =Y Bi(Xew = Xi)- (5.6)
k k k

Thus, MNL models are difference-in-attributes models, characterised by a vector of
generic parameters ;. 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 differences,
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 differences in levels. That is, if
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the reference alternative’s utility is fixed (e.g., zero), (V. — V) is a constant, which is
a linear transformation of the absolute levels. Linear transformations of variables
affect 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 differs across consumers, but is constant within
consumers, (¥, — V,) is a constant for each consumer. Thus, orthogonality within
consumers is preserved.

To test the generic nature of the [, for each attribute, a design must permit one
to estimate alternative-specific effects, or (,, independently of one another and of
the attributes of competing alternatives. That is, the test for generic parameters is
the rejection of parameter alternative-specificness. 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 significantly
worse than the log likelihood of the less-restricted, alternative-specific form.
Ideally we would like such a test to be based on truly independent attribute
effects to minimise the impact of shared covariances between attribute columns.
This can be accomplished by designing choice experiments so that attribute
levels (or differences) 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 (profiles) to create choice sets containing one or more additional alter-
natives, say M total, in any of the following ways:

1. Make M — 1 copies of the initial set of P total profiles, and place the M sets of
profiles in M separate urns. Randomly select one of the P profiles from each of the
M urns without replacement to construct a choice set of exactly M alternatives,
ensuring that none of the M profiles in the set are the same. Continue this process
until all P profiles in each urn have been assigned to P total choice sets of M
alternatives.

2. Improve the statistical efficiency of the first design procedure, as well as enhancing
the identification properties of the design, by creating M different, statistically
equivalent designs. In this case, each urn contains a different design, which
means that across the M urns the designs span M times the design space of the
first option. As well, when one randomly draws profiles from the M urns to make
the P total choice sets, one does not have to eliminate duplicate profiles from sets
because all profiles are different.

3. Further improve design efficiency by first constructing the P total profiles 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



Design of choice experiments 115

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 profiles and construct all possible pairs of each. There will be
exactly P(P — 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 differences are not completely explained by
the observed attributes of alternatives and/or the measured characteristics of consu-
mers, the IID assumption may not be satisfied. 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 satisfied, 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
1ID error assumption. The latter always can be accomplished by designing experiments
such that the attributes (or attribute level differences) 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 satisfied, label-specific intercepts (i.e., overall label utilities)
for J — 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.



116 Stated Choice Methods

Table 5.1a. An example of a simple presence/absence design

Set United Delta Northwest US Airways Southwest

[o<IEN B e WU, TN N U I NS J
> > > U T T
> > T o> > T
> T T > O
I N S NS
o> T T > O

Note: P = present; A = absent.

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
efficient strategy is to design the choice sets using a 27 fractional factorial design. If
one is sure that ITD will be satisfied, one only need select the smallest orthogonal main
effects fraction from the 27 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/ main effects 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 effects design for the other J — 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 11D
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 verified by counting the number of ‘Ps’ in each
column, which totals four for all airlines; the latter can be verified 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 x 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 x 4)/8 = 2, which
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Table 5.1b. Presence/absence design

details

Airline A
Airline B Present Absent
Present 2 2
Absent 2 2

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:

e The marginals for each airline can be estimated independently of the marginals of
every other airline.

e The marginal of each airline is the best estimate of the alternative-specific intercept
or constant in the MNL model.

At this point we have sufficient 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 different levels
of aggregation of choice experiment data; that is, as we proceed from sample aggregate
frequency to totally disaggregate discrete choices different types of effects can be
estimated. However, it should be obvious that the basic effects 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 effects of choice frequency aggregation.

Alternative-specific intercepts can be estimated from several data aggregation levels,
and each will yield the same coefficients up to multiplication by a positive constant.
That is, each set of estimates is exactly proportional to every other; hence, they
differ only in scale. Each level of aggregation can best be appreciated by introducing

notation for the choices. Let Yj;, be the binary choice indicator (=1 if consumer i is
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observed choosing alternative j in choice set ¢, otherwise = 0). Then

e > .Y, =T, or the total number of times the jth airline was chosen in all choice
sets by subjects in the experiment;

e > Y, =T, or the total number of times the jth alternative was chosen in each
choice set, summed over all subjects in the cth choice set;

o > .Y, = T, 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;

e Yy, 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-specific 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 specification, model
estimates from different levels of choice data aggregation will be equivalent once scale
differences 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 differences in choice behaviour at
different levels of aggregation, one must disaggregate to that level which is most
appropriate for explaining the data.

There is a final, 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 different
alternatives may exhibit non-constant variances, and alternatives may share common
unobserved attributes, leading to non-zero off-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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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

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 flawed 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 influenced
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
11D 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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As noted in chapter 4, all-pairs and random assignment of (a priori) designed
profiles 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 effects design from that factorial. That is, the collective design
is an LM factorial, from which one selects the smallest, orthogonal main effects plan.

For example, if there are four choice outcomes, and each is described by nine four-
level attributes, the collective factorial is a 49X4, or 4%, The smallest possible main
effects plan is determined by the total degrees of freedom required to estimate all
implied main effects. That is, the total degrees of freedom are determined by summing
the separate degrees of freedom in each main effect. Each main effect has exactly L — 1
degrees of freedom (= 3 in the present example). There are exactly thirty-six main
effects (4 x 9 attributes); hence there is a total of 36 x 3, or 108 degrees of freedom.

Therefore, the smallest orthogonal main effects 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 effects plans. If one is
willing to sacrifice 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 x alter-
natives relative to parameters to be estimated, the less statistical power. Unbalanced
designs should also be avoided where possible because statistical power differs within
attribute levels and/or between attributes, and artificial 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 suffice 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 difference 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 significant impact on model estimates and inter-
pretation of results.
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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 2% 64 sets
2 16 4 4% 128 sets
4 4 2 216 32 sets
4 4 4 416 64 sets
4 8 2 232 64 sets
4 8 4 4% 128 sets
4 16 2 264 128 sets
4 16 4 454 256 sets
8 4 2 232 64 sets
8 4 4 4% 128 sets
8 8 2 264 128 sets
8 8 4 454 256 sets
8 16 2 2128 256 sets
8 16 4 4128 512 sets
16 4 2 264 128 sets
16 4 4 4% 256 sets
16 8 2 2128 256 sets
16 8 4 4128 512 sets
16 16 2 2236 512 sets
16 16 4 4% 1024 sets

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) significantly different alternative-specific attribute effects for
some alternatives and/or (b) violations of the IIA property of simple MNL models.
The latter two effects arise owing to differences 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 significant differences in the sensi-
tivity of consumers to various attributes, price often being a prime contender. For
example, seemingly significant differences in price effects 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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seemingly higher price sensitivity. Unfortunately, such apparent effects 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 effect 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 definition, 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 effects can be minimised by spending as
much time as possible in advance of the design of experiments and field 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 differences. Such insights rarely can be gained by sitting in one’s
office 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 significant insights
into behaviour before parameter estimation. In turn, this leads to informed and
well-designed experiments or data-collection efforts that produce accurate and valid
empirical insights about choice processes.

5.3.3 Stafistical properties of labelled choice experiments

As previously mentioned, two statistical properties are of interest in labelled and
unlabelled choice experiments, namely identification and precision. Recall that the
former refers to the type(s) of utility and choice process specifications that can be
estimated, and the latter refers to the statistical efficiency of parameters estimated from
the experiment conditional on a maintained specification. Unfortunately, these two
properties are not independent, and precision also depends on sample size, whatever
the maintained specification.
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Specification 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
specification. 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 fixed sample size,
precision will be a function of the number of non-zero attribute level differences
(continuous attributes) or contrasts (qualitative attributes). In general, the fewer
non-zero differences or contrasts, the more precise confidence intervals will be.

Because MNL model parameters are associated with differences or contrasts
between attribute levels, zero differences or contrasts in attribute levels provide no
statistical information about choice because consumers do not have to compare or
trade-off information about that attribute to make a choice. Thus, all else equal, the
more zero attribute level differences in a choice set, the fewer attributes that can
influence choice. Thus, from a design perspective, we seek to develop designs that
minimise the number of zero attribute differences.

In practice, however, this is a very difficult objective to achieve when there are more
than two choice alternatives. One approach is to develop what are termed difference
designs (Louviere and Woodworth 1983). Difference designs require one to begin with
an initial set of profiles, designed or otherwise. Let 4 total attributes describe this
original set of profiles. An additional M choice alternatives can be designed by using
an orthogonal difference design based on the L"* factorial, where L is the number of
levels, assumed constant for all attributes. Thus, if an original set of profiles is created
from an orthogonal fraction of a 44 factorial, an additional M x A difference 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 difference design be —3, —1,+1 and +3; and let the levels of a certain
attribute in the original profiles, say price, be measured in appropriate units (e.g.,
dollars). Then price levels in the original design are operated on by a price difference
column in the difference design associated with a second such that its price attribute
takes on levels £1, 3 dollars relative to the price levels in the original profiles. 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 profiles have four levels, the designed competing profiles all will
have seven levels. The resulting design will be orthogonal in its attribute level differ-
ences, but will not be orthogonal in the absolute attribute levels.

All effects will be defined as attribute level differences relative to the original profile
base. Thus, to estimate non-linear attribute difference main effects and/or interaction
effects, a difference design must accommodate them. One advantage of difference
designs relative to the designs previously proposed for unlabelled alternatives is that
the design matrix requires 4 fewer columns because all differences are relative to the
original profile columns. A second potential advantage of difference designs is that the
attribute columns in the original profile design need not be orthogonal; instead, only



124 Stated Choice Methods

the differences must be orthogonal. Thus, one can design the original (base) profiles to
reflect 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 L4, One selects the smallest orthogonal design from this
factorial that satisfies the desired identification properties. Each choice set is a row in
this fractional factorial design matrix to which a constant is added. The ‘constant’ can
be a fixed attribute profile or an option such as ‘no choice’. As previously noted, this
involves subtraction of a constant from each attribute column, which leaves design
orthogonality unaffected.

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
significant number of between-alternative attribute differences 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 first 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 differences.
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 effects 2°~* fraction of the
2% factorial. As explained above, the three attributes of commuter train and city bus
are treated as a collective 2° factorial, and the smallest orthogonal main effects
design is used to create the choice alternatives and the choice sets. Each row in the
design is a choice set. Inspection of attribute differences (train minus bus) reveals
two zero differences for the frequency of service attribute. Thus, this design is not
optimally efficient. Also, the attribute differences 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 difference subtracted from each column.
The constant alternative used in this example differs for each respondent, hence, it
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Table 5.4. Example of a labelled design and resulting attribute differences

Commuter train City bus Attribute differences

Set 1-way Freq. Time 1-way Freq. Time 1-way Freq. Time

1 $1.20 5 10 $2.00 15 15 —-0.80 -—10 -5
2 $1.20 5 20 §2.00 30 30 -080 -25 -10
3 $1.20 15 10 §3.00 30 30 -1.80 —-15 =20
4 $1.20 15 20 $3.00 15 15 —1.80 0 +5
5 $2.20 5 10 §3.00 30 15 —-0.80 25 -5
6 $2.20 5 20 $3.00 15 30 —-0.80 —10 +5
7 $2.20 15 10 $2.00 15 30 -+0.20 0 -5
8 §2.20 15 20 §2.00 30 15 +0.20 -15 -10

Table 5.5a. A4 labelled experiment with constant third option

Commuter train City bus

1-way Freq. Time I-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 differences

$2.20 5 20 $2.00 30 15 All columns have a
$1.20 5 20 $3.00 15 15 constant difference
$2.20 15 10 $3.00 30 15 subtracted (e.g., k).
$2.20 15 20 $2.00 15 15 Thus, difference =

$1.20 15 20 $3.00 15 30 column — 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
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Table 5.6. Attribute level differences resulting from random design

Commuter train City bus Attribute differences

Set 1-way Freq. Time 1-way Freq. Time 1-way Freq. Time

1 §1.20 5 10 §3.00 15 30 -180 —-10 =20
2 $1.20 5 20 $2.00 15 30 -0.80 —-10 —10
3 $1.20 15 10 $3.00 30 15 —-1.80 —15 -5
4 §1.20 15 20 §2.00 30 15 -080 —-15 =55
5 $2.20 5 10 $2.00 15 15 +0.20 -10 -5
6 $2.20 5 20 $3.00 15 15 —-0.80 —10 +5
7 §220 15 10 §2.00 30 30 +0.20 —-15 =20
8 $220 15 20 §3.00 30 30 -0.80 —-15 —10

represents a distribution instead of a single, fixed 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 x alternative x 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 profiles for train and bus, put the bus
and train profiles in different urns and generate pairs by randomly selecting a profile
from each urn without replacement, as illustrated in table 5.6. Interestingly, this design
is statistically more efficient than the design in table 5.5a. That is, the correlation
between the service frequency and travel time differences is 0.16, about a third of
that in the table 5.5a design. As before, correlations between the other attribute
difference columns are zero. Thus, a randomly generated design can be more efficient
than an orthogonal design, but this result need not hold in general, and in our experience,
is not common.

5.4 Avadilability designs for labelled alternatives

Thus far our discussion has dealt with designs that generate choice sets of fixed 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 differs from the previous intro-
duction to availability designs due to the additional complication that the alternatives
also can differ in ‘their attributes’ when ‘present’ (or available). These design problems
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arise when choice options are characterised by differential ‘availability’ of options, the
simplest class of which were previously introduced. Some problems to which such
designs apply include:

e Out of stock. How do supply interruptions or difficulties affect choices?

e 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?

e New product introductions. How do choices change in response to new entrants that
may or may not be introduced?

e 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 fixed (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 2’ factorial. It was
mentioned previously that if the IID error assumption does not hold, different design
strategies are needed, such as combining an orthogonal main effects design with its
exact foldover; or designs in which all main and two-way interaction effects are ortho-
gonal. A disadvantage of basing availability designs on 27 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 effects 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-effects 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 offer significant advantages for modelling switching behaviour over
scanner and other sources of panel choice data: option presence/absence is orthogonal
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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 2°73 orthogonal main effects 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 2673 orthogonal main effects 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°7% orthogonal main effects design

0 d AW —
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>30T Y >
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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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approaches for this problem: (a) an orthogonal fraction of a 27 design is used to design
presence/absence conditions, and designed attribute profiles are randomly assigned
without replacement to make choice sets in each condition; (b) a fraction of a 27
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, profiles for each alternative can be
designed as the entire 2° or 1/2 of the 2° (i.e., 2°~!). We use the latter to illustrate
the process to save space, and instead of using random assignment, a Latin square is
used to rotate profiles across alternatives within and between sets because there are
as many alternatives as profiles. The latter ensures that each alternative receives the
same profiles an equal number of times and no profile 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
2’ factorial to design availability conditions, and a second fraction of the 2** to
design attribute profiles and choice sets in each condition (/. is the number of alter-
natives in the cth condition). To save space, the design involves three alternatives
(A, B, ©), each with three two-level attributes. The availability conditions are based
on the 2°7!, 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:

e Presence/absence of alternatives is orthogonal and balanced.

e Attributes of alternatives are nested within ‘presence’ levels.

e 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.

e 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° 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
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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 2°

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 2°

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 2°

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.

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 different
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 2° to illustrate the options in which attributes are
denoted by uppercase letters, and attribute levels by Os and 1s.
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Attributes
Profiles 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 profiles described by six two-level attri-
butes. We now illustrate several ways to design choice experiments based on these
profiles.

1. Randomly pair the 8 profiles without replacement or duplication to create eight
pairs or choice sets:

Profile Order 1 Profile Order 2 Differences in levels
3 010111 6 101101 -1 1-1 0 1 0
5 100110 2 001011 1 0-1 1 0-1
2 001011 7 110001 -1-1 1 0 1 0
7 110001 4 011100 I 0-1-1 0 1
1 000000 3 010111 0-1 0-1-1-1
6 101101 1 000000 1 01 1 0-1
8 111010 5 100110 01 1-1 0 0
4 011100 8 111010 -1 0 0 1 1 0

2. Randomly pair the eight profiles and a foldover or a statistically equivalent design
without replacement to create eight choice sets:

Random Random Differences

Set no. original profiles foldover profiles in attribute levels

1 010111 6101000 -1 1-1 1 1 1
2 100110 2001110 1 0-1 0 0 0
3 001011 7110100 -1-1 1-1 1 1
4 110001 4011001 1 0-1 0 0 O
5 000000 3010010 0-1 0 0-1 0
6 101101 1000101 1 01 0 0 0
7 111010 5100011 01 1 0 0-1
8 011100 111111 -1 0 0 0-1-1




3.

Appendix A5

133

Pair each of the eight profiles with their exact foldover to create eight choice

sets:

Differences

Set no. Original profiles Foldover profiles in attribute levels

1 000000 111111 -1 -1-1-1-1-1
2 001011 110100 -1-1 1-1 1 1
3 010111 101000 -1 1-1 1 1 1
4 011100 100011 -1 1 1 1-1-1
5 100110 011001 I-1-1 1 1-1
6 101101 010010 I-1 1 1-1 1
7 110001 001110 I 1-1-1-1 1
8 111010 000101 I 1 1-1 1-1

4. Treat both left- and right-hand attributes as 12 total, and construct the smallest
orthogonal main effects design of the 2!>~® factorial to make the choice sets:

Ist 6 Atts 2nd 6 Atts Attribute diffs
Choice set no. ABCDEF ABCDEF A B C D E F
1 000000 000000 00 0 0 0 O
2 000101 011101 0-1-1 0 0 0
3 001001 101110 -1 0 0-1-1 1
4 001100 110011 -1-1 1 1-1-1
5 010010 011011 0 0-1 0 0-1
6 010111 000110 01 0 0 0 1
7 011011 110101 -1 0 1I-1 1 0
8 011110 101000 -1 1 0 1 1 0
9 100010 101101 0 0-1-1 1-1
10 1001 11 110000 0-1 0 1 1 1
11 101011 0000 11 1 01 0 0 O
12 101110 011110 1-1 0 0 0 O
13 110000 110110 0 0 0-1-1 0
14 110101 101011 0O I -1 1-1 0
15 1 11001 011000 1 0 0 0 0 1
16 111100 000101 1 1-1 0 0-1

We use LRT (light rail transit) systems to illustrate design options for profiles

(alternatives). The attributes and levels in the table below are pedagogically convenient
but do not necessarily represent realistic values. Once profiles 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 x trip length Short trips ($1.29/$1.59); long trips ($1.79/$2.09)

Factorial combination of these attributes and levels results in 4 x 27 (= 512) profiles
(i.e., LRT ‘systems’), involving ten main effects 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 effects requires sixty-four profiles. The latter is a large number of profiles
for consumers to evaluate, but may be feasible if sufficient incentives are offered 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 affects 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 affects 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 profiles are too many for consumers to evaluate, one may wish
to consider these options instead:

1. The smallest orthogonal main effects fraction for the LRT example produces
sixteen profiles, from which ten main effects and an intercept are estimated, a
high ratio of estimates to data points. If significant interactions are omitted, the
estimates of the main effects will be biased, and the nature and magnitude of this
bias cannot be determined.

2. The smallest orthogonal main effects design can be folded over to make another
sixteen profiles, or a total of thirty-two, from which ten main effects and an
intercept can be estimated. This design protects main effects from unobserved
and significant linear x linear 2-way interactions. We noted earlier that most
model variance is explained by main effects, the next largest proportion by two-
way interactions, the next by three-way interactions, etc. Thus, orthogonalising
the linear x 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 significant
higher-order interactions.

3. If the likely two-way interactions involve a key attribute such as fare x trip-length
(FTL), these interactions can be estimated by combining each FTL level (4) with a
main effects design for the other seven attributes, such as 2774, which creates eight
profiles or a total of thirty-two profiles 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 effects are not protected from unobserved and significant two-way
and higher order interactions, hence will be biased if other omitted two-way or
higher-order interactions are significant.

Let us now illustrate two of the foregoing possibilities. The table below contains
sixteen LRT profiles. These profiles 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 profiles can be made by simply reversing the labels on the codes (e.g., 0 = yes
and 1 = no or vice versa) systematically to create different sets of sixteen profiles. One
also can rotate the two-level attribute columns to create different profiles. Finally,
more statistically equivalent profiles 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 effects design to construct sixteen profiles as shown in the following
table.

Fare x trip Serv.
Profile length Clean  frq. Stop H Stop W Seat A/C Patrols

1 0=sht @$1.29 0=No 0=15 0=16b 0=16b 0=Yes O0=Yes 0=Yes
2 0=sht @$1.29 0=No 1=30 0=16b 1=3b 1=No 0=Yes 1=No
3 0=sht @$1.29 1=Yes 0=15 1=3b 0=16b 1=No 1=No 0=Yes
4 0=sht @$1.29 1=Yes 1=30 1=3Db 1=3b 0=Yes 1=No 1=No
5 I=sht @$1.59 0=No 0=15 0=16b 1=3b 0=Yes 1=No 0=Yes
6 I=sht @$1.59 0=No 1=30 0=16b 0=16b 1=No 1=No 1=No
7 1 =sht @$1.59 1=Yes 0=15 1=3b 1=3b 1=No 0=Yes 0=Yes
8 l=sht @$1.59 1=Yes 1=30 1=3b 0=16b 0=Yes O0=Yes 1=No
9 2=Ilon @$1.79 0=No 0=15 1=3b 0=16b 1=No 0=Yes 1=No
10 2=lon @$1.79 0=No 1=30 1=3Db I1=3b 0=Yes O0=Yes 0=Yes
11 2=lon @$1.79 1=Yes 0=15 0=16b 0=16b 0=Yes 1=No [1=No
12 2=Ilon @$1.79 1=Yes 1=30 0=16b 1=3b 1=No 1=No 0=Yes
13 3=lon @$2.09 0=No 0=15 1=3b 1=3b 1=No 1=No 1=No
14 3=lon @$2.09 0=No 1=30 1=3b 0=16b 0=Yes 1=No 0=Yes
15 3=lon @$2.09 1=Yes 0=15 0=16b 1=3b 0=Yes O0=Yes 1=No

16 3=lon @$2.09 1=Yes 1=30 0=16b 0=16b 1=No 0=Yes 0=Yes
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The final 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 x 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 effects design (i.e., the 27°%) to
make eight descriptions of the other seven attributes, and then (b) combine the
profiles with each of the four levels of FTL to make thirty-two total profiles. This
construction method insures that each of the FTL levels contains an orthogonal
array representing the main effects of the other seven attributes. Hence, each level of
FTL is completely crossed with the same main effects design for the other attributes,
ensuring that each two-way interaction with FTL can be estimated. The final design is
shown below.

Fare x trip Serv.
Profile length Clean frq. StopH Stop W Seat A/C Patrols
1 0=sht @$1.29 0=3b 0=No 0=15 0=Yes 0=16b 0=Yes 0=Yes
2 0=sht @$1.29 0=3Db 0=No 1=30 0=Yes 1=3b I1=No 1=No
3 0=sht @$1.29 0=3b 1=Yes 0=15 I1=No 0=16b 1=No 1=No
4 0=sht @$1.29 0=3b 1=Yes 1=30 1=No 1=3b 0=Yes 0=Yes
5 0=sht @$1.29 1=16b 0=No 0=15 1=No 1=3b 0=Yes 1=No
6 0=sht @$1.29 1=16b 0=No 1=30 1=No 0=16b 1=No 0=Yes
7 0=sht @$1.29 1=16b 1=Yes 0=15 0=Yes 1=3b I=No 0=Yes
8 O0=sht @$1.29 1=16b 1=Yes 1=30 0=Yes 0=16b 0=Yes 1=No
9 l=sht @$1.59 0=3b 0=No 0=15 0=Yes 0=16b 0=Yes 0=Yes
10 l=sht @$1.59 0=3b 0=No 1=30 0=Yes 1=3b 1=No 1=No
11 l=sht @$1.59 0=3b I1=Yes 0=15 I1=No 0=16b 1=No 1=No
12 l=sht @$1.59 0=3b 1=Yes 1=30 1=No 1=3b 0=Yes 0=Yes
13 I=sht @$1.59 1=16b 0=No 0=15 1=No 1=3b 0=Yes 1=No
14 I=sht @$1.59 1=16b 0=No 1=30 1=No 0=16b 1=No 0=Yes
15 l=sht @$1.59 1=16b 1=Yes 0=15 0=Yes 1=3D 1=No 0=Yes
16 l=sht @$1.59 1=16b 1=Yes 1=30 0=Yes 0=16b 0=Yes 1=No
17 2=Ilon @$1.79 0=3b 0=No 0=15 0=Yes 0=16b 0=Yes 0=7Yes
18 2=Ilon @$1.79 0=3b 0=No 1=30 0=Yes 1=3b 1=No 1=No
19 2=lon @$1.79 0=3b I1=Yes 0=15 I1=No 0=16b 1=No I1=No
20 2=lon @$1.79 0=3b 1=Yes 1=30 1=No 1=3b 0=Yes 0=Yes
21 2=Ilon @$1.79 1=16b 0=No 0=15 1=No 1=3b 0=Yes 1=No
22 2=lon @$1.79 1=16b 0=No 1=30 I1=No 0=16b 1=No 0=Yes
23 2=lon @$1.79 1=16b 1=Yes 0=15 0=Yes 1=3D 1=No 0=Yes
24 2=lon @$1.79 1=16b 1=Yes 1=30 0=Yes 0=16b 0=Yes 1=No
25 3=Ilon @$2.09 0=3b 0=No 0=I15 0=Yes 0=16b 0=Yes 0=Yes
26 3=Ilon @$2.09 0=3Db 0=No 1=30 0=Yes 1=3b 1=No 1=No
27 3=Ilon @$2.09 0=3b I1=Yes 0=15 I=No 0=16b 1=No I1=No
28 3=lon @$2.09 0=3b 1=Yes 1=30 I1=No 1=3b 0=Yes 0=Yes
29 3=Ilon @$2.09 1=16b 0=No 0=15 I=No 1=3b 0=Yes 1=No
30 3=Ilon @$2.09 1=16b 0=No 1=30 I=No 0=16b 1=No 0=Yes
31 3=lon @$2.09 1=16b 1=Yes 0=15 0=Yes 1=3D 1=No 0=Yes
32 3=lon @$2.09 1=16b 1=Yes 1=30 0=Yes 0=16b 0=Yes 1=No
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The above design strategies are only two of many ways to reduce profile numbers.
For example, a foldover can be made from the first 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 effects 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
profiles, and if combined with each of the four FTL levels, results in 128 total profiles.
All main effects 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.



6 Relaxing the IID
assumption — introducing
varianis 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 difference 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 effort is being
devoted to increasing the behavioural realism of discrete-choice models. This effort 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 specification of the indirect utility expression U, 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 ¢ can be interpreted

138
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in an SP context as an SP profile 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.

A

)\i,r—l

Uy = aj + ¢i,r—l ChOicei,r—l + Nt Bige Xiger + )\ir’qu + €irs (6-1)

a;, = alternative-specific constant (ASC) representing the mean of the distribution
of the unobserved effects in the random component ¢;, associated with alter-
native 7 at time period 7 (or alternative 7 in choice set 7). This is also referred
to as the location parameter.

Y;,—1 = the utility parameter associated with the lagged choice response from period
t — 1, which takes the value 1 if the chosen alternative in period ¢ is the same
as the chosen in period ¢ — 1 (i.e., it =i, — 1) (see Hensher et al. 1992).

Ai; = 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 effects for alternative i at time period . This parameter can
be set to 1 across all alternatives when the standard deviations are identically
distributed. A\;, may vary between data sets (e.g., stated choice and revealed
preference data drawn from the same or different samples of individuals in a
closed population) and between alternatives, and/or time periods/decision
contexts for the same individual.

Bi; = the utility parameters which represent the relative level of satisfaction or
saliency associated with the kth attribute associated with alternative i in time
period ¢ (or choice set ¢ in repeated SP tasks).

Xy, = the kth (exogenous) attribute associated with alternative i and time period .

Yy = individual-specific effect or unobserved heterogeneity across the sampled
population, for each individual ¢ in time period (or choice set) ¢. This para-
meter may be a fixed effect (i.e., a unique estimate per individual) or a
random effect (i.e., a set of values randomly assigned to each individual
drawn from an assumed distribution). As a random effect, this unobserved
term is part of an error component’s structure, assumed to be independent
of other unobserved effects but permissible to be correlated across alterna-
tives. Identification of v,, requires multiple observations per individual from
a panel of RP data and/or repeated SP tasks — see Appendix B6.

ey, = 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 —1)/2
covariances; at least one variance must be normalised to 1.0 and at least
one row of covariances set to zero for identification (Bunch 1991) (note that
the model is estimated as a series of differences between the chosen and each
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non-chosen alternative). By separating the unobserved heterogeneity (v,,)
across the sample, from ¢; we have a components form of the random
sources of indirect utility. Any suppression of other sources of unobserved
influences 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 define the attributes of alter-
natives. This can include socioeconomic characteristics of the sample and contextual
effects such as task complexity, fatigue, data collection method and interviewer iden-
tifier. The functional form can be of any estimable specification, for example:

Air = 6pi + 61, Income;, + 6,; TaskComplexity,,, (6.2a)
Bik: = poi + pruAAge;, + o HouseholdSize;,. (6.2b)

A comparison of equation (6.1) and equation (3.24) in chapter 3 will show that the
MNL model assumes:

e a single cross-section and thus no lagged structure,

e non-separation of taste and other component ‘weights’ defining the role of attri-
butes in each indirect utility expression (due to a confoundment with scale),

e scale parameters that are constant across the alternatives (i.e., constant variance
assumption), arbitrarily normalised to one in (3.24),

e random components that are not serially correlated,

e fixed utility parameters, and

e 1o unobserved heterogeneity.

As one permits complex structures for the unobserved effects 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 simplification 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:

Uyje = g + 74Pyt + By Xy + €4 (6.2¢)

U,j; is the utility that individual ¢ receives given a choice of alternative j on occasion ¢.
In a stated choice experiment, ¢ can index choice tasks. P, denotes price, and X
defines an observed attribute of j. ay; is the individual-specific intercept for alter-

native j arising from ¢’s preferences for unobserved attributes j. v, and 3, are



Relaxing the IID assumption 141

individual-specific utility parameters intrinsic to the individual and hence invariant
over choice occasions. €., are occasion-specific shocks to ¢’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:

Wyjr = Qg + 5Py + Bq/'Xqit + Egjts (6.3a)

where ~ denotes the individual-specific deviation from the population mean. From
the analyst’s perspective, the variance of this error term for individual ¢ on choice
occasion ¢ is (Keane 1997)

, _ 2 2 2 2 2 2
var (wy;,) = 0y + Py0y + X035 + of, (6.3b)
and the covariance between choice occasions 7 and ¢ — 1 is

2 2 2
COV (Wyjs, Wojni—1) = T+ PyioPyjim105 + Xy X yj1-105. (6.3c)

Equations (6.3b) and (6.3¢) reveal two interesting consequences of ignoring hetero-
geneity in preferences (Keane 1997). First, the error variance will differ 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 effects 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 efficient estimates of choice model parameters one should
include a specification 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 effects and lead to IIA violations.

The chapter is organised as follows. Understanding the role of the unobserved
influences 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 offers 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
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NL model provides the springboard for further relaxation of the structure of the
random errors.

Given the significant 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 differences 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 first two moments of the EV1 distribution.
The EV1 distribution is defined by the density function

f(x)= Ae e — 00 < x < o0

(NB: / f(x)dx = / Ae Mo dx = [e—f**ﬁo& = 1)_

The mean is given by the mode of the distribution () + J, where

J :/ xf(x)dx :/ Ave Mo dy = 1/)\/ ye e ¢ dy.

o0 —00 —00

: 1 [ .
Write e’ =z .. J = X / e “logzdz= %, where v is Euler’s constant (= 0.577).

o0
The variance is given by k = / x*f(x)dx — p?, where p is the mean.
o0

. > e 1 e
Write ' :/ x*f (x) dx :/ AxPe™Me ¢ My =2 ye e dy
—00 —00 s
Write e ¥ =z " k' =4 /OO e""(logz)2 dz = 1 W—Z +9) k= i

.. )\2 A >\2 6 .. 6A2.

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
influence on overall relative utility, and hence choice outcomes. For the MNL model



Relaxing the IID assumption 143

the variances of the unobserved effects are the same (equivalently, A\ =\, =
Ai =+ =)y). The means can differ but could be the same by coincidence. A is the
only unknown element of the variance formula (7 = 3.14159). The variance of the
unobserved effects is inversely proportional to 2. Alternatively, X is inversely propor-
tional to the standard deviation of the unobserved effects. )\ 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 ); becomes an additional (constant) multiplicand of each of the attributes influ-
encing choice:

Vig = Nicty + NiBy Xy + -+ NiBu Xy + - - + NiBix Xiggy k= 1,.. . K, (6.4a)
where [y, 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:

(Vig/ \i) = i + ByXig + - + B Xigg + - - - + Bix Xikgs (6.4b)
exp(Vig/\i)
g = J—q, (6.4¢)
> exp(Vy/N)
Jj=1

noting that, from McFadden’s generalised extreme value model, the utility function
for alternative i is defined as fyl-l/A’ = exp(Vi)l/A’ =exp(V;/\).

The scale parameter, A, 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). Differences in A in an EV1 model
specification 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.

A is also the source of information to identify the extent to which the standard
deviations of the unobserved components differ 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 differently from
other sets of alternatives with their own similar standard deviation profiles, 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 differ from other alternatives whose
standard deviations are similar to each other but different from the first 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 unaffected 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 reflect differential degrees of similarity
or dissimilarity.

The NL model provides a way not only to link different 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 X (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, defined 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 effects for each indirect utility expression. However, beha-
vioural intuition can often assist in specifying nested structures because differences in
variances of unobserved effects (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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Figure 6.1 An hierarchical model structure

within the generic category g is given in equation (6.5):

Ugm = Ug + Um\g7m € Mg7g €G. (65)

The hierarchical structure is given in figure 6.1.

Let us write the U,,, expression in terms of component vectors for the observed ()

and unobserved (u, €) influences on choice:

Ugm = Vg+ Vm\g+ug+5m|g>m = la"'aMg:g = la"'aG (66)
and define the variance—covariance matrix in terms of the associated elements
Z = E[(:U‘g + gm\g) * (Ng/ + Em’\g’)}' (67)
gm.g'm’

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 defined by equation (6.8), or a nested logit model.

P exp()\g(Vg + Vg*)) ) exp((A Vm\g) (6.8)
¢ Z exp()‘g(Vg’ =+ Vg’*)) Z exp()‘m’Vm’\g)
g'eG m'eM,
where
Vo = Ip = (1/),,) log Z exp(A Vinlg) + Euler’s constant. (6.9a)
m'eM,
By substitution of (6.9a) into (6.8), we get:
A
exp ()\ng + )\i 10g Z CXP(Am Vm’\g))
. m m'eMg exp()‘m Vm|g)
Pgm_ Ayt 'Zex()\,[/,)
Zexp <)\g, Ve +)\—glog Z exp()\ermr‘g)> 2 Pl Vil
g'eG m' m'eMg meMg
(6.9b)

I, is the inclusive value (IV) index with parameter A, /),,. The scale parameter ), 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 (}A,,) between the
elemental modes in each partition are left free to be estimated. Alternatively, one could
set A, = 1 and allow A, to be estimated. It should be noted, however, that the alter-
native normalisations only produce identical results (e.g., overall goodness-of-fit 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 I'Vs to be different within a level will produce different 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 different 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 sufficiency 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 A\, < A, or A,/A, < 1. The MNL model,
which sets A, = A, produces \,/A,, = 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 0 < (A\/A,,) < 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., A/ \,)
can be interpreted as the correlation between any two indirect utility expressions for
alternatives below the node of the branch where I, is defined.

The proof of this is based on Ben-Akiva and Lerman, 1985: 289:

Ag _ 7/ (V60 (eg + €4.))
Am 71-/(\/E‘T(Em\g)
= U(Eln/g)/g(€g + Em|g)

= U(Em/g)/o'(eg + Emlg) (6103)

(noting the common variance of e, and €,,,)
0.5
= [Var (Em|g)/var (Eg + Em\g)] .

By further rearrangement of (6.10a), we get (6.10b):

ﬁ ={1- [var(gg*)/var(sg* + 5,,1‘5,)]}0‘5 (6.10b)

m
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noting that the covariance of the utilities of two alternatives within a partition is equal
to var (g,,), we get

={1- [cov(le‘g, VmZ‘g)/Var(sg* + 5m‘g)]}0‘5.

By noting that the variance of two unobservable components (from upper and lower
levels) of the utility of alternative m|g, equals the variance of V., we get

s sz\g)/var( lelg)}}o‘s

= {1 - [COV(le\ga Vmg\g)/[[var(Vm]\g)var(sz\g)”O.S]}o's

0.
= [ —corr(Vy g5 Vinyle)] 3

= {1 — [cov(V,

Thus 1 — ()\g/)\m)z 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 figure
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 differs from MNL. That test is as follows: a t-test suggests that if the IV
parameter 1/),, for a branch (setting A, = 1) does not differ statistically from 1.0,
then an NL specification (or a part representing a particular partition) can be col-
lapsed to MNL. In practice, if )\, 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 significantly different 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 different )\, for the private and public transport nests in figure 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
different partitions.

It is important to note that even if the As for each branch are significantly different
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 As
within the 0-1 bound. Therefore, analysts have to evaluate a number of trees, and if
the s differ 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-fit is the pre-
ferred structure (in a statistical sense).

There are 2¥ 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 sufficiency 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 sufficient
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 specification 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 specific 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/N),=1/(1-0),b=1,...,B (6.11)

and

(1/X), = 4/B(1 = Qp) + (1 +70,)(1 — ©)|**Vb € G = {1 (h) > 3},
(6.12)

where Q, is the marginal probability that an alternative from within branch b is
selected, 7(h) is the number of alternatives in the ith branch, and Gj 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 differences in cross-substitution
elasticities. The elasticity formula for NL models differs according to whether alter-
natives (direct elasticities) or pairs of alternatives (cross elasticities) are associated with
the same or different 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 modified 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:

0= 2+ {5 0= )| (6.13)

where P, is the marginal probability of choosing alternative m and P, is the prob-
ability of choosing alternative m conditional on choice set G. The NL cross elasticity
for alternatives m and m’ in a partition of the nest is:

[ {1 it s
m

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 figure 6.1), followed
by calculation of inclusive values I, 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 pot