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Preface to the First Edition

The book is based on several years of experience of both authors in teaching
linear models at various levels. It gives an up-to-date account of the theory
and applications of linear models. The book can be used as a text for
courses in statistics at the graduate level and as an accompanying text for
courses in other areas. Some of the highlights in this book are as follows.

A relatively extensive chapter on matrix theory (Appendix A) provides
the necessary tools for proving theorems discussed in the text and offers a
selection of classical and modern algebraic results that are useful in research
work in econometrics, engineering, and optimization theory. The matrix
theory of the last ten years has produced a series of fundamental results
about the definiteness of matrices, especially for the differences of matrices,
which enable superiority comparisons of two biased estimates to be made
for the first time.

We have attempted to provide a unified theory of inference from linear
models with minimal assumptions. Besides the usual least-squares theory,
alternative methods of estimation and testing based on convex loss func-
tions and general estimating equations are discussed. Special emphasis is
given to sensitivity analysis and model selection.

A special chapter is devoted to the analysis of categorical data based on
logit, loglinear, and logistic regression models.

The material covered, theoretical discussion, and a variety of practical
applications will be useful not only to students but also to researchers and
consultants in statistics.

We would like to thank our colleagues Dr. G. Trenkler and Dr. V. K. Sri-
vastava for their valuable advice during the preparation of the book. We



vi Preface to the First Edition

wish to acknowledge our appreciation of the generous help received from
Andrea Schopp, Andreas Fieger, and Christian Kastner for preparing a fair
copy. Finally, we would like to thank Dr. Martin Gilchrist of Springer-Verlag
for his cooperation in drafting and finalizing the book.

We request that readers bring to our attention any errors they may
find in the book and also give suggestions for adding new material and/or
improving the presentation of the existing material.

University Park, PA C. Radhakrishna Rao
Miinchen, Germany Helge Toutenburg
July 1995



Preface to the Second Edition

The first edition of this book has found wide interest in the readership.
A first reprint appeared in 1997 and a special reprint for the Peoples Re-
public of China appeared in 1998. Based on this, the authors followed
the invitation of John Kimmel of Springer-Verlag to prepare a second edi-
tion, which includes additional material such as simultaneous confidence
intervals for linear functions, neural networks, restricted regression and se-
lection problems (Chapter 3); mixed effect models, regression-like equations
in econometrics, simultaneous prediction of actual and average values, si-
multaneous estimation of parameters in different linear models by empirical
Bayes solutions (Chapter 4); the method of the Kalman Filter (Chapter 6);
and regression diagnostics for removing an observation with animating
graphics (Chapter 7).

Chapter 8, “Analysis of Incomplete Data Sets”, is completely rewrit-
ten, including recent terminology and updated results such as regression
diagnostics to identify Non-MCAR processes.

Chapter 10, “Models for Categorical Response Variables”, also is com-
pletely rewritten to present the theory in a more unified way including
GEE-methods for correlated response.

At the end of the chapters we have given complements and exercises.
We have added a separate chapter (Appendix C) that is devoted to the
software available for the models covered in this book.

We would like to thank our colleagues Dr. V. K. Srivastava (Lucknow,
India) and Dr. C. Heumann (Miinchen, Germany) for their valuable advice
during the preparation of the second edition. We thank Nina Lieske for
her help in preparing a fair copy. We would like to thank John Kimmel of
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Springer-Verlag for his effective cooperation. Finally, we wish to appreciate
the immense work done by Andreas Fieger (Miinchen, Germany) with re-
spect to the numerical solutions of the examples included, to the technical
management of the copy, and especially to the reorganization and updating
of Chapter 8 (including some of his own research results). Appendix C on
software was written by him, also.

We request that readers bring to our attention any suggestions that
would help to improve the presentation.

University Park, PA C. Radhakrishna Rao
Miinchen, Germany Helge Toutenburg
May 1999



Preface to the Third Edition

The authors of the earlier editions of the book - C. Radhakrishna Rao
and Helge Toutenburg - received various suggestions from readers after the
publication of the second edition. Based on the wide spread readership and
reviews of the book, they decided to revise the second edition of the book
with two more authors - Shalabh and Christian Heumann. Most of the
chapters are updated with recent developments in the area of linear mod-
els and more topics are included. The relationship between the theory of
linear models and regression analysis is discussed in chapter 1. Chapter 2 on
simple linear models is newly introduced for a better understanding of the
concepts in further chapters. It also discuss some alternative regression ap-
proaches like orthogonal regression, reduced major axis regression, inverse
regression, LAD regression besides the direct regression and the method
of maximum likelihood. Such approaches are generally not discussed in
most of the books on linear models and regression analysis. Many parts in
chapter 3 are rewritten and updated. The topics on regression with stochas-
tic explanatory variables, Stein—rule estimation, nonparametric regression,
classification and regression trees, boosting and bagging, tests of parameter
constancy, balanced loss function and LINEX loss function are important
topics included beside others. Some parts in chapter 4 are rewritten and
topics on linear mixed models with normally distributed errors and ran-
dom effects, and measurement error models are introduced. The maximum
likelihood estimation and Stein-rule estimation under linear restrictions are
added in chapter 5. The topics on prediction regions and simultaneous pre-
diction of actual and average values of the study variable are expanded in
chapter 6. Model selection criteria are introduced in chapter 7. A section
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on the treatment of nonignorable nonresponse is introduced in chapter 8.
The full likelihood approach for marginal models for categorical response
variable is expanded and updated in chapter 10.

We owe our thanks to Late Professor V. K. Srivastava (India) for his
continuous encouragement. We thank John Kimmel and Lilith Braun of
Springer-Verlag for their help in the third edition of the book.

We invite the readers to send their comments and suggestions on the
contents and treatment of the topics in the book for possible improvement
in future editions.

University Park, PA C. Radhakrishna Rao
Miinchen, Germany Helge Toutenburg
Kanpur, India Shalabh
Miinchen, Germany Christian Heumann

July 2007
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1

Introduction

Linear models play a central part in modern statistical methods. On the
one hand, these models are able to approximate a large amount of metric
data structures in their entire range of definition or at least piecewise. On
the other hand, approaches such as the analysis of variance, which model
effects such as linear deviations from a total mean, have proved their flex-
ibility. The theory of generalized models enables us, through appropriate
link functions, to apprehend error structures that deviate from the normal
distribution, hence ensuring that a linear model is maintained in principle.
Numerous iterative procedures for solving the normal equations were de-
veloped especially for those cases where no explicit solution is possible. For
the derivation of explicit solutions in rank-deficient linear models, classical
procedures are available, for example, ridge or principal component regres-
sion, partial least squares, as well as the methodology of the generalized
inverse. The problem of missing data in the variables can be dealt with by
appropriate imputation procedures.

1.1 Linear Models and Regression Analysis

Suppose the outcome of any process is denoted by a random variable y,
called as dependent (or study) variable, depends on K independent (or
explanatory) variables denoted by Xy, ..., Xk. Suppose the behavior of y
can be explained by a relationship given by

y=f(X1,.... Xk, Br,...,0k) e (1.1)
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where f is some well defined function and fi,..., 8k are the parameters
which characterize the role and contribution of Xi,..., Xk, respectively.
The term e in (1.1) reflects the stochastic nature of the relationship between
y and Xi,..., Xk and indicates that such a relationship is not exact in
nature. When e = 0, then the relationship (1.1) is called the mathematical
model otherwise the statistical model. The term “model” is broadly used
to represent any phenomenon in a mathematical framework.

The relationship (1.1) is termed as linear if it is linear in parameters
and nonlinear, if it is not linear in parameters. In other words, if all the
partial derivatives of y with respect to each of the parameters 31,..., Bk
are independent of the parameters, then (1.1) is called as a linear model. If
any of the partial derivatives of y with respect to any of the fi,..., 8k is
not independent of the parameters, the model is called as nonlinear. Note
that the linearity or non-linearity of the model is not described by the
linearity or nonlinearity of explanatory variables in the model.

For example

y =1 X2+ Bo/Xo + B3log X3 + e

is a linear model because Jy/90;, (i = 1,2,3) are independent of the
parameters [;, (i = 1,2, 3). On the other hand,

y=BiX1+ B2Xa+ Bslog X +e

is a nonlinear model because dy/951 = 2061 X; depends on [ although
Qy/0pB2 and dy/003s are independent of any of the 51, B2 or (3.

When the function f is linear in parameters, then (1.1) is called a linear
model and when the function f is nonlinear in parameters, then (1.1) is
called a nonlinear model. In general, the function f in (1.1) is chosen as

(X1, . Xk, B, Bk) = 51 Xa + ...+ B XKk (1.2)

to describe a linear model. Since X1, ..., Xk are pre-determined variables
and y is the outcome, so both are known. Thus the knowledge of the model
(1.1) depends on the knowledge of the parameters g, ..., Ok.

The statistical linear modeling essentially consists of developing ap-
proaches and tools to determine (1, ...,k in the linear model

y=00hX1+...+ Xk +e

given the observations on y and Xi,..., Xk.

Different statistical estimation procedures, e.g., method of maximum
likelihood, principal of least squares, method of moments etc. can be em-
ployed to estimate the parameters of the model. The method of maximum
likelihood needs further knowledge of the distribution of y whereas the
method of moments and the principal of least squares do not need any
knowledge about the distribution of y.

The regression analysis is a tool to determine the values of the parame-
ters given the data on y and X7, ..., Xk. The literal meaning of regression
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is “to move in the backward direction”. Before discussing and understand-
ing the meaning of “backward direction”, let us find which of the following
statement is correct:
S1: model generates data or
S2: data generates model.
Obviously, S1 is correct. It can be broadly thought that the model exists
in nature but is unknown to the experimenter. When some values to the
explanatory variables are provided, then the values for the output or study
variable are generated accordingly, depending on the form of the function
f and the nature of phenomenon. So ideally, the pre-existing model gives
rise to the data. Our objective is to determine the functional form of this
model. Now we move in the backward direction. We propose to first col-
lect the data on study and explanatory variables. Then we employ some
statistical techniques and use this data to know the form of function f.
Equivalently, the data from the model is recorded first and then used to
determine the parameters of the model. The regression analysis is a tech-
nique which helps in determining the statistical model by using the data on
study and explanatory variables. The classification of linear and nonlinear
regression analysis is based on the determination of linear and nonlinear
models, respectively.

Consider a simple example to understand the meaning of “regression”.
Suppose the yield of crop (y) depends linearly on two explanatory variables,
viz., the quantity of a fertilizer (X;) and level of irrigation (X2) as

y=05X1+ 02X +e.

There exist the true values of 1 and B2 in nature but are unknown to
the experimenter. Some values on y are recorded by providing different
values to X7 and X5. There exists some relationship between y and X7, X5
which gives rise to a systematically behaved data on y, X7, and X5. Such
relationship is unknown to the experimenter. To determine the model, we
move in the backward direction in the sense that the collected data is used
to determine the parameters (3; and (2 of the model. In this sense such an
approach is termed as regression analysis.

The theory and fundamentals of linear models lay the foundation for de-
veloping the tools for regression analysis that are based on valid statistical
theory and concepts.

1.2 Plan of the Book

Chapter 2 describes the simple linear regression model and standard sta-
tistical approaches like as direct regression, inverse regression, orthogonal
regression, reduced major axis regression, least absolute deviation regres-
sion and the method of maximum likelihood. The concepts related to
testing of hypothesis and confidence interval estimation in the context of
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simple linear models are also discussed. This chapter lays the foundation
for better understanding of the topics in further chapters.

Chapter 3 contains the standard procedures for estimating and testing
in multiple linear regression models with full or reduced rank of the de-
sign matrix, algebraic and geometric properties of the OLS estimate, as
well as an introduction to minimax estimation when auxiliary information
is available in the form of inequality restrictions. The concepts of partial
and total least squares, nonparametric regression along with discussion on
classification and regression trees, boosting and bagging, projection pursuit
regression, functional data analysis and censored regression are introduced.
The method of Scheffé’s simultaneous confidence intervals for linear func-
tions as well as the construction of confidence intervals for the ratio of two
parametric functions are discussed. Tests of parameter constancy, Stein-rule
estimators and regression analysis with stochastic explanatory variables are
presented. Neural networks as a nonparametric regression method and re-
stricted regression in connection with selection problems are introduced.
The balanced loss function along with its extended form and LINEX loss
function are also introduced.

Chapter 4 describes the theory of best linear estimates in the general-
ized regression model, effects of misspecified covariance matrices, as well
as special covariance structures of heteroscedasticity, first-order autore-
gression, mixed effect models, regression-like equations in econometrics,
seemingly unrelated regression equations model, measurement error mod-
els, and simultaneous estimates in different linear models by empirical
Bayes solutions.

Chapter 5 is devoted to estimation under exact or stochastic linear re-
strictions. The comparison of two biased estimations according to the MDE
criterion is based on recent theorems of matrix theory. The results are the
outcome of intensive international research over the last ten years and ap-
pear here for the first time in a coherent form. This concerns the concept
of the weak r-unbiasedness as well.

Chapter 6 contains the theory of the optimal linear prediction and
gives, in addition to known results, an insight into recent studies about
the MDE matrix comparison of optimal and classical predictions according
to alternative superiority criteria. The concept of simultaneous prediction
of actual and average values of study variable is introduced. A separate
section is devoted to Kalman filtering viewed as a restricted regression
method.

Chapter 7 presents ideas and procedures for studying the effect of
single data points on the estimation of 3. Here, different measures for
revealing outliers or influential points, model selection criteria including
graphical methods, are incorporated. Different model selection criteria are
introduced. Some examples illustrate this.

Chapter 8 deals with missing data in the design matrix X. After an in-
troduction to the general problem and the definition of the various missing
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data mechanisms according to Rubin, we describe various ways of handling
missing data in regression models. The chapter closes with the discussion
of methods for the detection of non-MCAR mechanisms. This includes an
introduction into selection models, pattern-mixture models and shared pa-
rameter models. The situations of missing regressor variables and missing
response variables are discussed.

Chapter 9 contains recent contributions to robust statistical inference
based on M-estimation.

Chapter 10 describes the model extensions for categorical response and
explanatory variables. Here, the binary response and the loglinear model
are of special interest. The model choice is demonstrated by means of ex-
amples. Categorical regression is integrated into the theory of generalized
linear models. In particular, GEE-methods for correlated response variables
are discussed. Various extensions to full likelihood models for dependent
categorical data are presented.

An independent chapter (Appendix A) about matrix algebra summarizes
standard theorems (including proofs) that are used in the book itself, but
also for linear statistics in general. Of special interest are the theorems
about decomposition of matrices (A.30-A.34), definite matrices (A.35—
A.59), the generalized inverse, and particularly about the definiteness of
differences between matrices (Theorem A.71; cf. A.74-A.78).

Tables for the y2- and F-distributions are found in Appendix B.

Appendix C describes available software for regression models.

The book offers an up-to-date and comprehensive account of the theory
and applications of linear models, with a number of new results presented
for the first time in any book.



2
The Simple Linear Regression Model

In this chapter, we consider the modeling between the dependent and an
independent variable. When there is only one independent variable in the
linear regression model, the model is generally termed as simple linear
regression model. When there are more than one independent variables,
then the linear model is termed as the multiple linear regression model
which is the subject matter of the next chapter 3. The contents of this
chapter will help the reader in better understanding of further chapters.

2.1 The Linear Model

Consider a simple linear regression model
y=p0+/X+e (2.1)

where y is the dependent (or study) variable and X is an independent (or
explanatory) variable. The parameters Gy and (1 are the intercept term
and slope parameter, respectively, which are usually called as regression
coefficients. The unobservable error component e accounts for the failure
of data to lie on the straight line and represents the difference between the
true and observed realizations of y. For the purpose of statistical inferences,
we assume that e is observed as independent and identically distributed
random variable with mean zero and constant variance o2.

The independent variable is viewed as controlled by the experimenter, so
it is considered as non-stochastic whereas y is viewed as a random variable
with
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E(y) = fo + 51X
and
var(y) = o2 .
Sometimes X can also be a random variable. Such an aspect is explained
later in Section 2.15. In such a case, instead of simple mean and simple
variance of y, we consider the conditional mean of y given X = x as

E(y|z) = Bo + bz

and the conditional variance of y given X = x as
var(y|z) = o? .

The parameters By, 81 and o2 are generally unknown and e is unob-
served. The determination of the statistical model (2.1) depends on the
determination (i.e., estimation) of 3y, 31 and o2.

Ouly T pairs of observations (z¢,y:) (t =1,...,T) on (X, y) are observed
which are used to determine the unknown parameters.

Different methods of estimation can be used to determine the estimates
of the parameters. Among them, the least squares and maximum likelihood
principles are the most popular methods of estimation.

2.2 Least Squares Estimation

We observe a sample of T sets of observations (z¢,y:) (t =1,...,T) and in
view of (2.1), we can write
ye=Po+ b +e (t=1,....T). (22)

The principle of least squares aims at estimating Gy and (3 so that the
sum of squares of difference between the observations and the line in the
scatter diagram is minimum. Such an idea is viewed from different perspec-
tives. When the vertical difference between the observations and the line in
the scatter diagram (see Fig. 2.1(a)) is considered and its sum of squares
is minimized to obtain the estimates of 3y and 31, the method is known as
direct regression.

Another approach is to minimize the sum of squares of difference between
the observations and the line in horizontal direction in the scatter diagram
(see Fig. 2.1(b)) to obtain the estimates of 8y and (1. This is known as
reverse (or inverse) regression method.

Alternatively, the sum of squares of perpendicular distance between the
observations and the line in the scatter diagram (see Fig. 2.1(c)) is mini-
mized to obtain the estimates of Gy and (3;. This is known as orthogonal
regression or magjor axis regression method.
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The least absolute deviation regression method considers the sum of the
absolute deviation of the observations from the line in the vertical direction
in the scatter diagram (see Fig. 2.1(a)) to obtain the estimates of 8y and
Bi-

The reduced major axis regression method proposes to minimize the sum
of the areas of rectangles defined between the observed data points and the
nearest point on the line in the scatter diagram to obtain the estimates of
the regression coefficients (see Fig. 2.1(d)).

(zt,yt)

Y=0+04X Y =060+ 5 X

» Tt » Tt
(a) Direct regression method (b) Reverse regression method
Ye Yt
i i
Y:ﬁo+ﬁ1X (z¢,yt) Y:ﬁo+ﬁ1X
(¢, yt)
(Xt, Ye)
» Tt » Tt
(c) Major axis regression method (d) Reduced major axis method

FIGURE 2.1. Scatter diagrams of different methods of regression

One may note that the principle of least squares does not require any
assumption about the form of probability distribution of e; in deriving the
least squares estimates. For the purpose of deriving the statistical inferences
only, we assume that e;’s are observed as random variable ¢; with E(e;) = 0,
var(e;) = o2 and cov(e,€+) = 0 for all t # t* (t,t* = 1,...,T). This
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assumption is needed to find the mean and variance of the least squares
estimates. The assumption that ¢;’s are normally distributed is utilized
while constructing the tests of hypotheses and confidence intervals of the
parameters.

Based on these approaches, different estimates of 3y and 3; are obtained
which have different statistical properties. Among them the direct regres-
sion approach is more popular. Generally, the direct regression estimates
are referred as the least squares estimates. We will consider here the direct
regression approach in more detail. Other approaches are also discussed.

2.3 Direct Regression Method

This method is also known as the ordinary least squares estimation. The
regression models (2.1) and (2.2) can be viewed as the regression models
for population and sample, respectively. The direct regression approach
minimizes the sum of squares

T

S(Bo, B1) Zet =Y (e — Bo — Brmr)? (2.3)

t=1

with respect to By and ;.
The partial derivatives of (2.3) with respect to Sy and g; are

95 (Bo, ) -
6;0 V=2 ;(yt — Bo — Bixt) (2.4)
and
T
85(5;;51> =2 (g — Bo — Prze)ar, (2.5)
=1

respectively. The solution of §y and (; is obtained by setting (2.4) and (2.5)
equal to zero. Thus obtained solutions are called the direct regression esti-
mators, or usually called as the Ordinary Least Squares (OLS) estimators
of ﬂo and ﬂl-

This gives the ordinary least squares estimates by of By and b; of 31 as

bo = — bi7 (2.6)
SXY
b= gxx 27)

where

T T
1 N N 1 _\2 B 1
SXY:T;(xtfx)(ytfy), SXX:th:(xtfx) , x:Tth

Il
_
o
Il
_

_ T
and j = % Dot Ui
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Further, using (2.4) and (2.5), we have

P800, B) __yN~ gy
o = f2tzzl(f1)72T,

925(Bo, B1) =
aﬁOlQ ' = 2;If7

9S00, 51)  _ ox~ o
9600, = 2;xt—2Tx.

Thus we get the Hessian matrix which is the matrix of second order
partial derivatives as

9%5(Bo,B1)  9°5(Bo,B1)

H = 83 9B00B1
925(Bo,B1)  0°S(Bo.B1)
9BodP1 083

(1o 5t )
— 2( 91: ) (1,2) (2.8)

where 1 = (1,...,1) is a T-vector of elements unity and and z =
(1,...,27)" is a T-vector of observations on X. The matrix (2.8) is posi-
tive definite if its determinant and the element in the first row and column
of H are positive. The determinant of H is

T
|H| = 2<Tzz§T2f2>
t=1

= QTZ(.’L}—Q?)Q
> 0. (2.9)

The case when Zthl(xt —Z)? = 0 is not interesting because then all the
observations are identical, i.e., ; = ¢ (some constant). In such a case there
is no relationship between x and y in the context of regression analysis.
Since Zthl(:z:t — %)% > 0, therefore |H| > 0. So H is positive definite for
any (0o, 01); therefore S(Bo, 51) has a global minimum at (bg, b1).

The fitted line or the fitted linear regression model is

y=1bo+ 0 X (2.10)
and the predicted values are

]:It:bo+b1£lft (til,,T) . (211)
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The difference between the observed value y; and the fitted (or predicted)
value 9 is called as a residual. The t** residual is

€& = Yo~ (t:L---aT)
= Y—U
= Y — (bo +b1$t> . (2.12)

2.4 Properties of the Direct Regression Estimators

Note that by and by from (2.6) and (2.7) are the linear combinations of
Yt (til,,T)
Therefore

T
by = Z kiyy
t=1

where k; = (2, — £)/SXX. Since Y/_, k; = 0 and 3/, keay = 1,

T T
E(b) = Zkt E(y) = Zkt(ﬂo + Br24)
= ﬁ; . : (2.13)

Similarly,

E(bo) = fo - (2.14)

Thus by and by are unbiased estimators of 3y and 1, respectively.
The variance of by is

T
var(by) = Z k var(y;) + Z Z kikex cov(y, y-)
t=1

totr At

T
= o? Z kZ  (since yi,...,yr are independent)
t=1

2

o
= . 2.1
SXX (2.15)
Similarly, the variance of by is
var(bg) = var(y) + 22 var(by) — 2Z cov(@, by)
1 72
= o (T + S;E(X> (since cov(g,b1) =0)  (2.16)
Finally, the covariance between by and by is
cov(bo,b1) = cov(g,b1)— T var(by)
2 —
= 7T (2.17)

SXX
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It can further be shown that the ordinary least squares estimators bg
and b; possess the minimum variance in the class of linear and unbiased
estimators. So they are termed as the Best Linear Unbiased Estimators
(BLUE). Such a property is known as the Gauss-Markov Theorem which is
discussed in the context of multiple linear regression model in next chapter
3.

The estimate of o2 can be obtained from the sum of squares of residuals
as

T

RSS = Y &
t=1
T

= Z(yt —0)?

t=1

T
= > yi—ng® —bhSXY
t=1

T
= > (W —9)°—hSXY
t=1
= SYY - SXY . (2.18)

Thus E(RSS) = (T — 2)0?, so an unbiased estimator of o2 is

, RSS

S :T—2

(2.19)
Note that RSS has only (T' — 2) degrees of freedom. The two degrees of
freedom are lost due to estimation of by and b;.
The estimators of variances of by and b; are obtained as

arbo) = * ( L+ 532 (2.20)
var =5 .
0 T SXX
and
b1) = 2.21
varl) = o (221)

respectively.

It is observed that Zthl €: = 0. In the light of this property, é; can be
regarded as an estimate of unknown e; (¢t =1,...,T) and helps in verifying

the different model assumptions in the given sample. The methods to verify
the model assumptions are discussed in chapter 7.

Further, note that Zthl 2y = 0, Zthl € = 0, Zthl Y = Zthl 7 and
the fitted line always passes through (z, 7).
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2.5  Centered Model

Sometimes when the observations on an independent variable X are mea-
sured around its mean, then the model (2.2) can be expressed as the
centered version of (2.2),

y = Bo+pi(we =)+ T +e (t=1,...,T)

where 83 = By + /1T which relates the models (2.2) and (2.22). The first
order partial derivatives of

S(B5, 61) Z@ =D =B~ Bula—2)* (e (2.22))

t=1 t=1

with respect to 3 and 31, when equated to zero yield the direct regression
least squares estimates of 85 and [ as

by = ¥ (2.23)
and
SXY
= 2.24
bl SXX ) ( )
respectively.

Thus the form of the estimate of slope parameter (3; remains same as
from model (2.2) whereas the form of the estimate of intercept term changes
in the models (2.2) and (2.22).

Further, the Hessian matrix of the second order partial derivatives of
S(Bg, /1) with respect to G5 and (3 is positive definite at G = b§ and
(1 = b1 which ensures that S(Gf, 61) is minimized at 8§ = b§ and 31 = b1.

Considering the deviation e as random variable denoted by €, we assume
that E(e) = 0 and E(ee’) = o*I. Tt follows then

E<b3):6(>)k ) E<b1)zﬁl7
2

2

var(b}) = ff , var(b) = S?(X
In this case, the fitted model of (2.22) is
y=g+bi(z—2), (2.25)
and the predicted values are
G=g+bi(v;—7) (t=1,...,T). (2.26)

Another worth noticing aspect in centered model is that

cov(bg,b1) =0 . (2.27)
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2.6 No Intercept Term Model

A no-intercept model is
Yt :ﬁlxt+et (t: 1,,T) (228)

Such model arises when x; = 0 implies y, = 0 (¢t = 1,...,T). For exam-
ple, in analyzing the relationship between the velocity (y) of a car and its
acceleration (X)), the velocity is zero when acceleration is zero.

Using the data (z¢,y:), t = 1,...,T, the direct regression least squares
estimate of f; is obtained by minimizing S(81) = Y,_, €2 = Sor_ (yr —
Brxy)? as

T
Zt:l Yt Tt

T
Zt:l 93%

Assuming that e is observed as random variable € with E(¢) = 0 and
var(e) = 02, it is seen that for the estimator (2.29),

E®G) = 8
0.2

T
D=1 7

b = (2.29)

var(b]) =

and an unbiased estimator of o2 is
T T
Zt:1 yt2 — by Zt:l Yt Tt
T-1 ’

The second order partial derivative of S(51) with respect to 8 at 81 = by
is positive which insures that b; minimizes S(/51).

2.7 Maximum Likelihood Estimation

We assume that e;’s in (2.2) are observed as random variable €;’s (t =
1,...,T) which are independent and identically distributed with N (0,0?).
Now we use the method of maximum likelihood to estimate the parameters
of the linear regression model (2.1).

In the linear regression model

ye=Po+ Prxe +e (t=1,...,T),

the observations y; (¢ = 1,...,T) are independently distributed with
N(Bo + Biwy,02) for all t = 1,...,T. The likelihood function of the given
observations (7, 1) and unknown parameters 3y, 31, and o2 is

T

1 \'2 1
L(Ita yt;/BOa/B1702) = H <27T0'2) exp |: 252 (yt - /80 - ﬂlzt)Q

t=1
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The maximum likelihood estimates of 3y, 31 and o2 can be obtained by
maximizing L(z¢, yi; Bo, B1,02) or equivalently In L(zy, ys; Bo, 1, 0%) where

hlL('rt?yt;ﬁ(bﬁlaoj) = — (g) In2mr — (g) 1I10'2
1 T
- (202) Z(yt — Bo — frwe)? . (2.30)
t=1

The normal equations are obtained by partial differentiation of (2.30)
with respect to By, 51 and o2 as

. 2 T

81nL<l‘t,ggoﬁ0aﬁl70 ) — E yt — Bo — Brxe) (2.31)
. 2 T

Oln L(mt,gglﬁo,ﬁha ) 701 E (Yt — Bo — Brwe)wy  (2.32)

ﬁ
Il
_

and

OIn L(x¢, ys; Bo, Bi, 02
. 8;20 v - 202 2042 — Bo — Bixe)? .(2.33)

The normal equations (2.31), (2.32) and (2.33) are equated to zero and
the solution is the maximum likelihood estimates of By, 31 and o2 as

b = §—biT, (2.34)
= Sl ) _SXY 2.35)
D= (@ = T)? SXX
and
32 — Ztil(yt —;Jo - Bl$t>27 (2.36)
respectively.

It can be verified that the Hessian matrix of second order partial deriva-
tive of In L with respect to By, 51, and o2 is negative definite at By = 50,
B = 51, and 02 = 32 which ensures that the likelihood function is
maximized at these values.

It is noted here that the least squares and maximum likelihood estimates
of By and 3, are identical but estimates of o2 differ. In fact,

T-2
§ = ( T )52 (cf. (2.19)). (2.37)
Thus by and b; are unbiased estimators of By and (; whereas §2 is a
biased estimate of o2, but it is asymptotically unbiased. The variances of
bo and by are same as of by and by respectively but var(s?) < var(s?).
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2.8 Testing of Hypotheses and Confidence Interval
Estimation

Consider the simple linear regression model (2.2) under the assumption
that €;’s are independent and identically distributed with N (0, c?).

First we develop a test for the null hypothesis related to the slope
parameter

Hy : 81 = Bo

where 319 is some given constant.
Assuming o2 to be known,

0_2

and so the statistic

Zoy = ~ N(0,1), (2.39)

when H is true.
The 100(1 — )% confidence interval for 5, can be obtained from (2.39)
as

o2
bl + Zl_a/g\/SXX (240)

where z1_,/9 is the (1- /2) percentage point of the N(0,1) distribution.
When o is unknown in (2.38), then we proceed as follows. We know

RSSY\
E<T_2>0

RSS 9
o "~ Xr-2-

and

g

Further, RSS/0? and b; are independently distributed, so the statistic

b1 — B1o

tor =
6-2
\/SXX

b1 —
- 1= (2.41)

RSS
\/(T—Q)SXX

when H is true.
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The corresponding 100(1 — «)% confidence interval of 51 can be obtained

from (2.41) as
RSS
by & tT_Qvl_a/Q\/(T XX (2.42)

A decision rule to test Hy : 51 # [1o can be framed from (2.39) or (2.41) un-
der the condition when ¢2 is known or unknown, respectively. For example,
when o2 is unknown, the decision rule is to reject Hy if

tor]| > tr—2.1-a/2
where tp_51_q/2 is the (1 —a/2) percentage point of the t-distribution
with (T' — 2) degrees of freedom. Similarly, the decision rule for one sided
alternative hypothesis can also be framed.
A similar test statistic and test procedure can be developed for testing
the hypothesis related to the intercept term

Hy : Bo = Boo ,

where [yg is some given constant.
When o2 is known, then the statistic

bo — Boo

Vo (b4 s%x)

Zoo = ~ N(0,1), (2.43)

when Hj is true.
When o2 is unknown, then the statistic

B bo — Boo
foo = RSS (1 22
VES (3 + %)

when Hj is true.
The 100(1 — a)% confidence intervals for Gy can be derived from (2.43)
and (2.44) as

~ s, (2.44)

bo £ 2 (1 + j2 (2.45)
0202\ 7"\ p T gxx '
when o2 is known and
RSS (1 2
bo £ tT—2,1—a/2\/T _ (T + SXX> (2.46)

when o2 is unknown.

A confidence interval for o
RSS/o? ~ x3_,, thus

2 can also be derived as follows. Since

(2.47)

RSS
P X2T—2,a/2 = } =l-a

2
o2 < XT-21-a/2
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The corresponding 100(1 — «)% confidence interval for o2 is

rSS <o’ < RSS (2.48)

2 S 9
XT—21-a/2 XT-2,a/2

A joint confidence region for By and (1 can also be found. Such region
will provide a 100(1 — &)% confidence that both the estimates of 3y and
(1 are correct. Consider the centered version of the linear regression model
(2.22),

Y = By + Pr(xe — %) + €

where G5 = Go+ (1Z. The least squares estimators of G5 and 1 from (2.23)
and (2.24) are

SXY

bp =9 and bl:S’XX’

respectively. Here

E(bg) =05 » E(b) =01,
2 2

. o o
var(by) = T var(by) = SXX"
When o2 is known, then the statistics
b* %
60 N(0,1) (2.49)
V7
and
by —
! fl ~ N(0,1) (2.50)
Vs
are independently distributed. Thus
2
b* _ ﬁ*
G IR (251)
Y&
and
2
br—p
O~ (2.52)

P
SXX

are also independently distributed because bj and b; are independently
distributed. Consequently sum of (2.51) and (2.52),

T — B2 SXX(by— B)?
( 00_2 O) + (012 1) -~ X% ] (253)
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Since

SSE ,
0_2 ~ X1-2

and SSE is independently distributed of b§ and by, so the ratio
(T(b;,ﬁ;;)z + SXXC1=) )/2

() /(T -2
Substituting by = by + b1Z and G5 = Bo + (1T in (2.54), we get

("2?) Lnss)

Qf = T (bo — 50) Z:Ct(bo — Bo)(br — B1) + ng(bl — 51)2 . (2.55)

~ F27T_2 . (254)

where

Since

T -2
PK ) )R%fS_FQT%:pa (2.56)

holds true for all values of 3y and /31, so the 100(1 — a)% confidence region

for By and 3y is
T—-2
< ) >R%fS_F2T e (2.57)

The confidence region given by (2.57) is an ellipse which gives the 100(1—
a)% probability that 8y and (1 are contained simultaneously in this ellipse.

2.9 Analysis of Variance

A test statistic for testing Hy : $; = 0 can also be formulated using the
analysis of variance technique as follows.
On the basis of the identity

Y= = (e —9) — (Gt — ) »
the sum of squared residuals is

T

SO) = S (i)

t=

!

1
T T
= > w9+ Y -0 —2> (5 — 9@ — ) - (2.58)
1 t=1 t=1

t=
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Further derivation yields

> w0 -y =

t=1

M=

(ye — y)b1(xy — )

&~
Il

I
0‘
Mﬂ“

th—af
1

(e — )% .

I
]~ .

&~
Il

1

Thus we have

T T T
Dwe—92=> (-0 +Y (-9 (2.59)
t=1 t=1 t=1

The left hand side of (2.59) is called the sum of squares about the mean or
corrected sum of squares of y (i.e., SS corrected) or SYY. The first term
on right hand side describes the deviations: observation minus predicted
value, viz., the residual sum of squares, i.e.:

T
SS Residual: RSS = (y — i)* . (2.60)
t=1

whereas the second term describes the proportion of variability explained
by regression,

T

SS Regression: SSpgeg = Z(g}t —9)%. (2.61)
t=1

If all observations y; are located on a straight line, we have obviously
Zt 1(yt ) = 0 and thus SScorrected - SSReg

Note that SSReg has only one degree of freedom as it is completely
determined by by, SYY has (T — 1) degrees of freedom due to constraint
Zthl(yt —g) =0 and SSF has (T — 2) degrees of freedom as it depends
on by and by.

All sums of squares are mutually independent and distributed as Xif
with df degrees of freedom if the errors are normally distributed.

The mean square due to regression is

SSrEG

MSReq = 1 (2.62)
and mean square due to residuals is
RSS
MSE = . (2.63)

T-2
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The test statistic for testing Hy : 81 = 0 is
_ M SRey
 MSE

If Hy : B1 = 0 is true, then MSgr., and MSE are independently
distributed, and

Fo (2.64)

y~Fir_s.
The decision rule for Hy : #1 # 0 is to reject Hp if
Fo>Fir-21-a
at (1 — )% level of significance. The test procedure can be described in an

Analysis of Variance table.

TABLE 2.1. Analysis of Variance for testing Ho : 81 =0

Source of variation Sum of squares Degrees of freedom Mean Square

Regression SSReg 1 M SRegq
Residual SSE T—-2 MSE
Total SYY T—-1

The sample correlation coefficient then may be written as

SXY
Toy = .
Y VSXXVSYY
Moreover, we have
SXY SYY
The estimator of o2 in this case may be expressed as
1 1
2 _ 22 _
s 7T_2Zet7T_2RSS. (2.66)
Various alternative formulations for RSS are in use as well:
T
RSS = Y [y — (bo+ byzy))?
t=1
T
= Z [(ye — §) — ba (2 — 2)]
t=1
= SYY +b0iSXX —201SXY
= SYY —biSXX
SXY)?
= SYY - ( ) . (2.67)

SXX
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Further relations become immediately apparent:
SScorrected =S5YY
and

SSpey = SYY —RSS
(SXY)?
SXX
= bWSXX
= bSXY .

2.10 Goodness of Fit of Regression

It can be noted that a good fitted model is obtained when residuals are
small. So a measure of quality of fitted model can be obtained with RSS.
For the model (2.2), when intercept term is present in the model, a measure
of goodness of fit is given by

RSS
2 — —
Bo= 1 SYY
SSReg
SYY -

This is known as the coefficient of determination. The ratio SSge,/SYY
describes the proportion of variability that is explained by regression in
relation to the total variability of y. The ratio RSS/SYY describes the
proportion of variability that is not covered by the regression.

It can be seen that

(2.68)

R? = riy.
Clearly 0 < R? < 1, so a value of R? closer to one indicates the better
the fit and value of R? closer to zero indicates the poorer the fit.
It may be noted that when the regression line passes through origin, ¢.e.,
Bo = 0, then R? can not be used to judge the goodness of fitted model. In
such a case, a possible measure of goodness of fit can be defined as

T éQ
Ry=1-Z=1 (2.69)
D Vi

The mean sum of squares due to residuals, SSE/df can also be used
as a basis of comparison between the regression models with and without
intercept terms.
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2.11 Reverse Regression Method

The reverse (or inverse) regression approach minimizes the sum of squares
of horizontal distances between the observed data points and the line in
the scatter diagram (see Fig. 2.1(b)) to obtain the estimates of regression
parameters. The reverse regression estimates Bor of By and Big of By for
the model (2.2) are obtained as

Bor = §-—PirE (2.70)
and

. SYY

Pir = Sxy (2.71)

See Maddala (1992) for the derivation of (2.70) and (2.71). An important
application of reverse regression method is in solving the calibration prob-
lem, see, e.g., Toutenburg and Shalabh (2001a), Shalabh and Toutenburg
(2006).

2.12  Orthogonal Regression Method

Generally when uncertainties are involved in dependent and independent
variables both, then orthogonal regression is more appropriate. The least
squares principle in orthogonal regression minimizes the squared perpen-
dicular distance between the observed data points and the line in the
scatter diagram to obtain the estimates of regression coefficients. This is
also known as major axis regression method. The estimates obtained are
called as orthogonal regression estimates or major axis regression estimates
of regression coefficients.

The squared perpendicular distance of observed data (z:,y;) (t =
1,...,T) from the line (see Fig. 2.1(c)) is

di = (Xe —2)* + (Vi —)” (2.72)

where (X;,Y;) denotes the " pair of observation without any error which
lie on the line.
The objective is to minimize Zle d? to obtain the estimates of By and

Bl;The observations (z¢,y:) (t =1,...,T) are expected to lie on the line
i = fo+biXe
and define
E = Y fo— X, = 0. (2.73)

The regression coefficients are to be obtained by minimizing (2.72) un-
der the constraint (2.73) using the Lagrangian’s multiplier method. The
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Lagrangian function is

T T
Lo=Y di =2) ME, (2.74)
t=1 t=1
where Aq, ..., A are the Lagrangian multipliers. The set of equations are
obtained by setting
0L, 0L, oL, 0L,
aXt s a}/; s aﬂo an aﬂl ( ) ) )
Thus
0L,
t
0L,
9Y; = Yi—y)—A =0 (2.76)
t
dL, =
= > X =0 (2.77)
dfo —
dL, =
= ) MX; =0. (2.78)
0p t=1
Since

Xt = Tt — >\t/81 (Cf (275))

Y, = ye+XM (cf (2.76)),
SO
Ei = (yi + M\i) — o — Ba(ze — M) =0 (cf. (2.73))
or
_ Bot+Biwe —ye
At = @ (2.79)
Also
S (Bo + Brae —ye)
i 5 =0 (cf. (2.77)) (2.80)
and

> Xl —ABr) =0 (cf. (2.75) and cf. (2.78)).

=1
Substituting A; from (2.79), we have

S ioy (Bowe + Brad —yewe)  B1(Bo+ Pra — yi)? _
1+ avap 0 @S
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Solving (2.80), we obtain an orthogonal regression estimate of Gy as

Boor = Y- BrorT

where Blo Rr is an orthogonal regression estimate of (1.
Now, using (2.82) in (2.81), we solve for 3; as
T
Z (1+ B37) [Jar — Bray + Prag — z4yy]
t=1
T

B> (G = 5T+ bz —yi)* =0

t=1

or
T
(14 57) Z [ye =y — Pr(ze — T)]
-
+061 Z [~ —9) + Bular — 7)) =0
t=1
or
T T
(1+51) Z up +2)(ve — frwe) + B Z(*Ut + frug)? =0
t=1 t=1

where uy = x; — T and vy = Yy — 4.
Since Zle uy = Zle vy = 0, so (2.83) reduces to

T
Z ﬂﬂltvt + O (ui — ’Uf) - Utvt] =0
t=1

or

BZSXY + B1(SXX —SYY) - SXY =0.

Solving (2.84) gives the orthogonal regression estimate of (1 as

. (SYY — SXX)+sgn(SXY)/(SXX — SYY)? +4SXY

10k = 2SXY

(2.82)

(2.83)

(2.84)

(2.85)

where sgn(SXY) is the sign of SXY. Notice that (2.85) gives two solutions
for Bior. We choose the solution which minimizes Zf:l df. The other

solution maximizes Zthl d? and is in the direction perpendicular to the

optimal solution.

The optimal solution can be chosen with the sign of SXY. If SXY > 0,

then sgn(SXY) =1 and if SXY <0, then sgn(SXY) = —
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2.13 Reduced Major Axis Regression Method

The least squares approaches generally minimize distances between the
observed data points and the line in the scatter diagram. Alternatively,
instead of distances, the area of rectangles defined between corresponding
observed data points and nearest point on the line in the scatter diagram
can also be minimized. Such an approach is more appropriate when the
uncertainties are present in study and explanatory variables both and is
called as reduced major axis regression.

The area of rectangle extended between the
the line (see Fig. 2.1(d)) is

t*" observed data point and

At = (Xt Nllit)(}/t Nyt) (t: 1,,T) .
where (X, Y;) denotes the #*" pair of observation without any error which

lie on the line.
The total area extended by T data points is

D A=Y (X~ )Y~ y) - (2.86)

All observed data points (z¢,y:) (t = 1,...,T) are expected to lie on the
line
Yi = o+ b1 Xy
and define
— Bo+ /X =0.

So the sum of areas in (2.86) is to be minimized under the constraints E;
to obtain the reduced major axis estimates of regression coefficients. Using
the Lagrangian multipliers method, the Lagrangian function is

T
A= B

[M]=

Lg =
t=1 t=1
T
t=1
where p1, ..., ur are the Lagrangian multipliers. The set of equations are
obtained by setting
oL oL oL oL
B_o, " F=0 TF=0 TF=0@=1,..T). (2.89)

0X: Y;
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Thus
oL
aXIf = (Yi—y)+ B = 0 (2.89)
oL
an = (Xe—a)+m =0 (2.90)
T
%;: = ;Mt =0 (2.91)
oL d
3ﬂf = ;MtXt = 0. (2.92)
Now
Xt = x¢+ Ht (Cf (290))
Yio = ye— e (cf. (2.89)) (2.93)
Bo+ 51 Xe = yr— P
Bo+Bi(xe +pe) = ye—Bripe  (cf. (2.93)) (2.94)
e XTI D (2.95)

201

Substituting p; in (2.91), we get the reduced major axis regression
estimate of Gy as

Borm =T — PrirmE (2.96)

where fil ry is the reduced major axis regression estimate of ;. Using
(2.90), (2.95) and (2.96) in (2.92), we get

" ) B _ _
Z <yt -y +2ﬂ51x - ﬂﬂ’t) (It Y=y +2%1I - 51%) —0. (2.97)
t=1

Let uy = x4 — & and vy = y; — ¥, then (2.97) becomes

M=

(ve — Brug)(ve + Prug +2612) =0 . (2.98)

t=1
. T T .
Using >, us =>,_; vy =01in (2.98), we get
T T
St Y et =0
t=1 t=1
which gives the reduced major axis regression estimate of 3; as

SYYy

Birm = sgn(SXY)\/SXX (2.99)
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where sgn(SXY) =1if SXY > 0 and sgn(SXY) = —1if SXY < 0. Note
that (2.63) gives two solutions for 81 gas. We choose the one which has
same sign as of SXY.

2.14 Least Absolute Deviation Regression Method

In the method of least squares, the estimates of the parameters Gy and 3
in the model (2.2) are chosen such that the sum of squares of deviations
Zthl e? is minimum. In the method of least absolute deviation (LAD)
regression, the parameters 3y and 5 in model (2.2) are estimated such that
the sum of absolute deviations ZtT:1 let| is minimum. The LAD estimates
BO 1 and /3’1 1 are the values By and (31, respectively which minimize

T
LAD(fo, 1) = Y _ Iy — Bo — Bz

t=1

for the given observations (xs,y:) (¢t =1,...,T).

Conceptually, LAD procedure is simpler than OLS procedure because
|é| (absolute residuals) is a more straightforward measure of the size of
the residual than ¢2 (squared residuals). But no closed form of the LAD
regression estimates of Gy and (3 is available. Only algorithm based LAD
estimates can be obtained numerically. The non-uniqueness and degeneracy
concepts are used in algorithms to judge the quality of the estimates. The
concept of non-uniqueness relates to that more than one best lines pass
through a data point. The degeneracy concept describes that the best line
through a data point also passes through more than one other data points.
The algorithm for finding the estimators generally proceeds in steps. At
each step, the best line is found that passes through a given data point.
The best line always passes through another data point, and this data point
is used in the next step. When there is nonuniqueness, then there is more
than one best line. When there is degeneracy, then the best line passes
through more than one other data point. When either of the problem is
present, then there is more than one choice for the data point to be used
in the next step and the algorithm may go around in circles or make a
wrong choice of the LAD regression line. The exact tests of hypothesis and
confidence intervals for the LAD regression estimates can not be derived
analytically. Instead they are derived analogous to the tests of hypothesis
and confidence intervals related to ordinary least squares estimates. The
LAD regression is discussed in Section 9.2.

More details about the theory and computations for LAD regression can
be found in Bloomfield and Steiger (1983), Birkes and Dodge (1993), Dodge
(1987a; 1987b; 1992; 2002).
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2.15 Estimation of Parameters when X Is
Stochastic

Suppose both dependent and independent variables are stochastic in the
simple linear regression model

y=0+MhX+e (2.100)

where the deviations are observed as random variable €. The observations
(xe,y¢), t = 1,...,T are assumed to be jointly distributed. Then the
statistical inferences, which are conditional on X, can be drawn in such
cases.

Assume the joint distribution of X and y to be bivariate normal
N (fha, phy; 02,05, p) Where pi, and p, are the means of X and y; o2 and
05 are the variances of X and y; and p is the correlation coefficient be-
tween X and y. Then the conditional distribution of y given X = =z is
univariate normal with conditional mean

E(y|X =z) = fo + i
and conditional variance
var(y|X = o) = 02, = 02(1 — p?)
where

Bo =y — Hzh (2.101)

and
go= Y. (2.102)
Ox

Thus the problem of estimation of parameters, when both X and y are
stochastic, can be reformulated as the problem of estimation of parameters
when T observations on conditional random variable y| X = z are obtained
as yglze (t = 1,...,T) which are independent and normally distributed
with mean (83p + B12¢) and variance o2, with nonstochastic X.

The method of maximum likelihood yields the same estimates of 5y and
(1 as earlier in the case of nonstochastic X as

bo =7 — b1 T (2.103)
and

= SXY

by = Sx X (2.104)
respectively.

Moreover, the correlation coefficient

OyOz
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can be estimated by the sample correlation coefficient
Sy = 9w — )
T - T _
\/thl(zt - I)Q\/Zt:1(yt —9)?
SXY

ﬁ =

VSXX\/SYY
= bl\/g)gf (2.106)
Thus
- - SXX
p L Syy
_ SXY
SYY
SYy - &
SYY
= R? (2.107)

which is same as the coefficient of determination mentioned as in Section
2.10. Thus R? has the same expression as in the case when X is fixed. Thus
R? again measures the goodness of fitted model even when X is stochastic.
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The Multiple Linear Regression Model
and Its Extensions

The main topic of this chapter is the linear regression model with more
than one independent variables. The principles of least squares and maxi-
mum likelihood are used for the estimation of parameters. We present the
algebraic, geometric, and statistical aspects of the problem, each of which
has an intuitive appeal.

3.1 The Linear Model

Let y denotes the dependent (or study) variable that is linearly related to K
independent (or explanatory) variables X1, ..., Xk through the parameters
0B1,..., 0Kk and we write

y=X101+ -+ X0k +e. (3.1)

This is called as the multiple linear regression model. The parameters
0B1,...,0K are the regression coefficients associated with X1,..., Xk, re-
spectively and e is the difference between the observed and the fitted linear
relationship.

We have T sets of observations on y and (Xi,...,Xk), which we
represent as follows:

Y1 11 - TK1 y1733/1
(v, X)=1 + : =y, 2(1), - T(K)) =

yr Tir -+ TKT yr, x’T
(3.2)
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where y = (y1,...,yr) is a T-vector, x; = (x1i,...,2K;)" is a K-vector
and z(jy = (2j1,...,27)" is a T-vector. (Note that in (3.2), the first, third
and fourth matrices are partitioned matrices.)

In such a case, there are T observational equations of the form (3.1):

y=zB+e, t=1,...,T, (3.3)
where 8’ = (01, ..., Bk ), which can be written using the matrix notation,
y=XB+e, (3.4)

where X is a T' x K design matrix of T observations on each of the K
explanatory variables and e = (e1,...,ep). If 1 = (1,...,1); then
represents the intercept term in the model (3.4).

We consider the problems of estimation and testing of hypotheses on 3
under some assumptions. A general procedure for the estimation of 3 is to
minimize

T T

D Mer) = My, — i) (3.5)

t=1 t=1

for a suitably chosen function M, some examples of which are M (z) = ||
and M (z) = x? and more generally, M(z) = |z|P. In general, one could
minimize a global function of e such as max; |e;| over ¢. First we consider
the case M(z) = 2%, which leads to the least-squares theory, and later
introduce other functions that may be more appropriate in some situations.

Assumptions in Multiple Linear Regression Model

Some assumptions about the model (3.4) are needed for drawing the statis-
tical inferences. For this purpose, we assume that e is observed as a random
variable € with the following assumptions:

(i) E(e) =

(i) E(ee’) = O'QITa
(iii) Rank(X) = K,
(iv) X is a non-stochastic matrix and
(v) € ~ N(0,02Ir).

These assumptions are used to study the statistical properties of estimators
of regression coefficients. The following assumption is required to study
particularly the large sample properties of the estimators:

(vi) limyo(X'X/T) = A exists and is a non-stochastic and non-
singular matrix (with finite elements).
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The independent variables can also be stochastic in some cases. A case
when X is stochastic is discussed later in Section 3.12 . We assume that X
is non-stochastic in all further analysis.

3.2 The Principle of Ordinary Least Squares (OLS)

Let B be the set of all possible vectors (3. If there is no further information,
we have B = RX (K-dimensional real Euclidean space). The object is to
find a vector o' = (by,...,bxk) from B that minimizes the sum of squared
residuals

SB) =) el =ce=(y—Xp)(y—Xp) (3.6)

t=1

given y and X. A minimum will always exist, since S(8) is a real-valued,
convex, differentiable function. If we rewrite S(3) as

SB)=y'y+ X' XB-26X"y (3.7)

and differentiate with respect to 3 (with the help of Theorems A.91-A.95),
we obtain

O0SB) _ xiva_ox
by = 2XXB-2X'y, (3.8)
2
? ;;f ) 2X'X  (at least nonnegative definite). (3.9

Equating the first derivative to zero yields what are called the normal
equations

X'Xb=X"y. (3.10)
If X is of full rank K, then X’X is positive definite and the unique solution
of (3.10) is
b= (X'X)"'Xy. (3.11)
If X is not of full rank, equation (3.10) has a set of solutions
b=(X'X)"Xy+ (I - (X'X)" X' X)w, (3.12)

where (X'X)” is a g-inverse (generalized inverse) of X’'X and w is
an arbitrary vector. [We note that a g-inverse (X'X)~ of X'X sat-
isfies the properties X'X(X'X)"X'X = X'X, X(X'X)"X'X = X,
X'X(X'X)” X' = X', and refer the reader to Section A.12 in Appendix A
for the algebra of g-inverses and methods for solving linear equations, or to
the books by Rao and Mitra (1971), and Rao and Rao (1998).] We prove
the following theorem.
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FIGURE 3.1. Geometric properties of OLS, 8 € R(X) (for T'= 3 and K = 2)

Theorem 3.1

(i) § = Xb, the empirical predictor of y, has the same value for all
solutions b of X' Xb= X'"y.

(ii) S(B), the sum of squares defined in (3.6), attains the minimum for
any solution of X' Xb= X'y.
Proof: To prove (i), choose any b in the set (3.12) and note that
Xb = X(X'X)"X'y+X(I—(X'X)"X'X)w
= X(X'X)"X'y (which is independent of w).

Note that we used the result X (X'X)~X’X = X given in Theorem A.81.
To prove (ii), observe that for any g,

5(8) (y—Xb+X(b—0)(y— Xb+X(b-p))
= (y—Xb)'(y—X0)+(b—B)X'X(b-B)+2(0b-p)X'(y - Xb)
= (y—Xb)(y—Xb)+(b—-p8)X'X(b—03), using (3.10)
> (y—Xb)'(y—Xb)=5(b)
= yy—-2/Xb+ VX' Xb=9y'y—- VX' Xb=vy'y—79'7. (3.13)

3.3 Geometric Properties of OLS

For the T' x K-matrix X, we define the column space
R(X)={0: 0=Xp, 3cRE},

which is a subspace of R”. If we choose the norm ||z|| = (2/x)'/? for 2 € R”,

then the principle of least squares is the same as that of minimizing || y—6 ||

for € R(X). Geometrically, we have the situation as shown in Figure 3.1.
We then have the following theorem:
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Theorem 3.2 The minimum of || y— 6 || for 0 € R(X) is attained at  such
that (y— G)LR( ), that is, when y—0 is orthogonal to all vectors in R(X),
which, is when 0 is the orthogonal projection of y on R(X). Such a 0 exists
and is unique, and has the explicit expression

0=Py=XX'X)"X"y, (3.14)
where P = X(X'X)~ X' is the orthogonal projection operator on R(X).

Proof: Let 0 € R(X) be such that (y — 6) LR(X), that is, X’(y — ) = 0.
Then

ly—0° = (y—0+0-0)(y—0+06-10)
= W=-0'G-0+0O-0)0-0)>|y—0]|>

since the term (y — )’ (§ — 0) vanishes using the orthogonality condition.
The minimum is attained when 6 = 6. Writing =X /6’, the orthogonality
condition implies X'(y — Xﬂ) = 0, that is, X’X3 = X’y. The equation
X’'X3 = X'y admits a solution, and X3 is unique for all solutions of 3 as
shown in Theorem A.79. This shows that § exists.

Let (X’X)~ be any g-inverse of X’X. Then 3 = (X'X)~ X’y is a solution
of X'X3 = X'y, and

X3=X(X'X)"X'y= Py,
which proves (3.14) of Theorem 3.2.

Note 1: If rank(X) = s < K, it is possible to find a matrix U of order
(K —s) x K and rank K — s such that R(U')NR(X’) = {0}, where 0 is the
null vector. In such a case, X'X + U'U is of full rank K, (X'X + U'U)~!
is a g-inverse of X’X, and a solution of the normal equation X' X3 = X'y
can be written as

= (X'X+UU) " (X'y+U'u), (3.15)

where w is arbitrary. Also the projection operator P defined in (3.14) can
be written as P = X (X'X +U'U)~1X’. In some situations it is easy to find
a matrix U satisfying the above conditions so that the g-inverse of X’'X
can be computed as a regular inverse of a nonsingular matrix.

Note 2: The solution (3.15) can also be obtained as a conditional least-
squares estimator when  is subject to the restriction U = u for a given
arbitrary u. To prove this, we need only verify that B as in (3.15) satisfies
the equation. Now

up

UX'X +U'U)" N(X'y + Uv)
UX'X+UU) Wu=u,

which is true in view of result (iv) of Theorem A.81.
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Note 3: It may be of some interest to establish the solution (3.15) using
the calculus approach by differentiating

(y—XB)'(y—XB)+N(UB —u)
with respect to A and 3, where A is a Lagrangian multiplier, which gives
the equations
X'XB = X'y+U'X,
Ug = u,
yielding the solution for § as in (3.15).

3.4 Best Linear Unbiased Estimation

3.4.1 Basic Theorems

In Sections 3.1 through 3.3, we viewed the problem of the linear model
y = X[+ e as one of fitting the function X3 to y without making any
assumptions on e. Now we consider e as a random variable denoted by e,
make some assumptions on its distribution, and discuss the estimation of
(3 considered as an unknown vector parameter.

The usual assumptions made as in Section 3.1 are

E(e) =0, E(ee') = 0?1, (3.16)

and X is a fixed or nonstochastic matrix of order T' x K, with full rank K.

When E(e€e’) = 021, then €’s are termed as homoscedastic or spherical
disturbances. When it does not hold true, then €’s are termed as het-
eroscedastic or non-spherical disturbances. Similarly, when X is a rank
deficient matrix, then the problem is termed as multicollinearity (cf. Section
3.14).

We prove two lemmas that are of independent interest in estimation
theory and use them in the special case of estimating 3 by linear functions
of y.

Lemma 3.3 (Rao, 1973a, p. 317) Let T be a statistic such that E(T) = 0,
V(T) < oo, V(.) denotes the variance, and where 6 is a scalar parame-
ter. Then a necessary and sufficient condition that T is MVUE (minimum
variance unbiased estimator) of the parameter 0 is

cov(T,t) =0 V¥t suchthat E({)=0 and V(t)<oo. (3.17)
Proof of necessity: Let T be MVUE and ¢ be such that E(¢f) = 0 and
V(t) < co. Then T + At is unbiased for 6 for every A € R, and

V(T +X) = V(T)+ X NV(t) +2\cov(T,t) > V(T)
= AN V(t) + 2 cov(T,t) >0 VA
= cov(T,t)=0.
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Proof of sufficiency: Let T be any unbiased estimator with finite variance.
Then T — T is such that E(T —T) =0, V(T — T) < oo, and
V(T)=V(T+T-T) = V(T)+V(T -T)+2cov(T, T —T)
= V(T)+ V(T -T)>V(T)
if (3.17) holds.

Let T" = (T1,...,Tx) be an unbiased estimate of the vector parameter
0" = (01,...,0k). Then the k x k-matrix

V(T1) cov(Th,Tz) -+ cov(Ty,Ty)
D(T) = E(T—6)(T—0) - 5 z z z
cov(Ty, T1) cov(Ty,T) --- V(Tk)
(3.18)

is called the dispersion matrix of 7. We say Ty is MDUE (minimum dis-
persion unbiased estimator) of 8 if D(T) — D(Tp) is nonnegative definite,
or in our notation

D(T)—-D(Tp) > 0 (3.19)
for any T such that E(T) = 0.

Lemma 3.4 Ifﬂo is MVUE of@i, 1= 1, .. .,k, then Té = (Tlo, ‘e ,Tko) 8
MDUE of 6 and vice versa.

Proof: Consider a'Ty, which is unbiased for a'6. Since cov(T;o,t) = 0 for
any t such that E(t) = 0, it follows that cov(a’Tp,t) = 0, which shows that

V(d'Ty) = d'D(Ty)a < a’'D(T)a, (3.20)
where T is an alternative estimator to Ty. Then (3.20) implies
D(Ty) < D(T). (3.21)

The converse is true, since (3.21) implies that the i** diagonal element of
D(Ty), which is V(Tjo), is not greater than the i'" diagonal element of
D(T'), which is V(T;).

The lemmas remain true if the estimators are restricted to a partic-
ular class that is closed under addition, such as all linear functions of
observations.

Combining Lemmas 3.3 and 3.4, we obtain the fundamental equation
characterizing an MDUE ¢ of 8 at a particular value 6y:

cov(t,z|0p) =0 Vz suchthat E(z|f)=0 Vb, (3.22)

which we exploit in estimating the parameters in the linear model. If there
is a t for which (3.22) holds for all 6y, then we have a globally optimum
estimator. The basic theory of equation (3.22) and its applications is first
given in Rao (1989).
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We revert back to the linear model
y=Xp+e (3.23)
with E(e) = 0, D(¢) = E(e€’) = 021, and discuss the estimation of 3. Let
a + b’y be a linear function with zero expectation, then
E(a+by) = a+bXp=0 Vg
= a=0, VYX=0 or beR(2Z),

where Z is the matrix whose columns span the space orthogonal to R(X)
with rank(Z) = T — rank(X). Thus, the class of all linear functions of y
with zero expectation is

(Ze)y=<Z"y, (3.24)
where c is an arbitrary vector.

Case 1: Rank(X) = K. Rank(Z) =T — K and (X'X) is nonsingular, ad-
mitting the inverse (X’X)~!. The following theorem provides the estimate

of 3.

Theorem 3.5 The MDLUE (minimum dispersion linear unbiased estimator)

of B is
f=(X'X)"'X"y, (3.25)

which is the same as the least squares estimator of B, and the minimum
dispersion matrix is

(X' X))t (3.26)

Proof: Let a + By be an unbiased estimator of 3. Then

E(a+By)=a+BXpg=p V8 = a=0,BX=1. (3.27)
If By is MDLUE, using equation (3.22), it is sufficient that
0 = cov(By,dZ'y) Ve
0’BZc Ve
= BZ=0 = B=AX" forsomeA. (3.28)

Thus we have two equations for B from (3.27) and (3.28):
BX =1, B=AX'.
Substituting AX’ for B in BX = I:
AX'X)=1 & A=X'X)"', B=XX)'X, (3.29)
giving the MDLUE
B=By=(X'X)"'X"y
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with the dispersion matrix
D) = D(X'X)"'X'y)
= (X’X)"'X'Dy)X(X'x)"!
AX' X)X X(X'X)T =03(X'X)!
which proves Theorem 3.5.
Case 2: Rank(X) = r < K (deficiency in rank) and rank(Z) =T — r, in
which case X'X is singular. We denote any g-inverse of X’X by (X'X)~
The consequences of deficiency in the rank of X, which arises in many
practical applications, are as follows.

(i) The linear model, y = X3 + €, is not identifiable in the sense that
there may be several values of § for which X has the same value, so
that no particular value can be associated with the model.

(ii) The condition of unbiasedness for estimating 3 is BX = I, as derived
n (3.27). If X is deficient in rank, we cannot find a B such that
BX =1, and thus 8 cannot be unbiasedly estimated.

(iii) Let I’8 be a given linear parametric function and let a + b’y be an
estimator. Then

E(a+by)=a+bXp3=0I'8 = a=0, X'b=I. (3.30)

The equation X’b = [ has a solution for b if | € R(X’). Thus, al-
though the whole parameter is not unbiasedly estimable, it is possible
to estimate all linear functions of the type '8, I € R(X’). The fol-
lowing theorem provides the MDLUE of a given number s such linear
functions

UB,...,I.B) = (L'B) with L=(l,....L,). (3.31)
A linear function m’( is said to be nonestimable if m ¢ R(X’).

Theorem 3.6 Let L' be s linear functions of 8 such that R(L) C R(X'),
implying L = X'A for some A. Then the MDLUE of L'3 is L'B, where
B = (X'X)" X'y, and the dispersion matriz of L' 3 is 02 L' (X' X))~ L, where
(X'X)~ is any g-inverse of X'X.

Proof: Let Cy be an unbiased estimator of L'3. Then
E(Cy)=CXB=L'F = CX=1L".
Now
cov(Cy, Z'y) =6’CZ=0 = C=BX' forsome B.

Then CX = L' = BX'X = L, giving B = L'(X’'X)~ as one solution, and
C=BX'=L'(X'X)"X'. The MDLUE of L'3 is

Cy=L(X'X)"X'y=L3.
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An easy computation gives D(L'3) = 02L'(X'X)~ L.
Note that 8 is not an estimate of 3. However, it can be used to compute
the best estimates of estimable parametric functions of .

Case 3: Rank(X) = r < K, in which case not all linear parametric func-
tions are estimable. However there may be additional information in the
form of linear relationships

u=UB+¢ (3.32)

where U is an s x K-matrix, with E(§) = 0 and D(5) = o2I. Note that
(3.32) reduces to a nonstochastic relationship when oy = 0, so that the
following treatment covers both the stochastic and nonstochastic cases. Let
us consider the estimation of the linear function p’3 by a linear function of
the form a’y + b’u. The unbiasedness condition yields

E(dy+bu)=dXp+bUB=p8 = Xa+Ub=p. (3.33)
Then
V(a'y + b'u) = d’ac® + b'bog = o*(a’a + pb'b), (3.34)

where p = 02 /02, and the problem is one of minimizing (a’a+ pb'b) subject
to the condition (3.33) on a and b. Unfortunately, the expression to be
minimized involves an unknown quantity, except when oy = 0. However, we
shall present a formal solution depending on p. Considering the expression
with a Lagrangian multiplier

a'a+pb'b+2N(X'a+U'b—p),
the minimizing equations are
a=X\, pb=UX, X'a+Ub=p.

If p # 0, substituting for a and b in the last equation gives another set of
equations:

(X'X+p 'U'UN=p, a=X\, b=UA (3.35)
which is easy to solve. If p = 0, we have the equations
a=X\, b=U)\, X'a+Ub=p.
Eliminating a, we have
X'XX+Ub=p, UX=0. (3.36)

We solve equations (3.36) for b and A and obtain the solution for a by
using the equation a = X A\. For practical applications, it is necessary to
have some estimate of p when oy # 0. This may be obtained partly from
the available data and partly from previous information.
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3.4.2 Linear Estimators

The statistician’s task is now to estimate the true but unknown vector (3
of regression parameters in the model (3.23) on the basis of observations
(y, X) and assumptions already stated. This will be done by choosing a
suitable estimator B, which then will be used to calculate the conditional
expectation E(y|X) = X3 and an estimate for the error variance o2. It is
common to choose an estimator B that is linear in g, that is,

B=Cy+d, (3.37)

where C': K xT and d : K x 1 are nonstochastic matrices to be determined
by minimizing a suitably chosen risk function.
First we have to introduce some definitions.

Definition 3.7 B is called a homogeneous estimator of 8 if d = 0; otherwise
0 is called heterogeneous.

In Section 3.2, we have measured the model’s goodness of fit by the sum
of squared errors S(f). Analogously we define, for the random variable [,
the quadratic loss function

L(B,B8,A) = (6—B)AB - B), (3.38)

where A is a symmetric and > 0 (i.e., at least nonnegative definite) K X
K-matrix. (See Theorems A.36—A.38 where the definitions of A > 0 for
positive definiteness and A > 0 for nonnegative definiteness are given.)

Obviously the loss (3.38) depends on the sample. Thus we have to con-
sider the average or expected loss over all possible samples, which we call
the risk.

Definition 3.8 The quadratic risk of an estimator 3 of B is defined as
R(B,8,4) = E(6 — B A(B — B). (3.39)

The next step now consists of finding an estimator B that minimizes the
quadratic risk function over a class of appropriate functions. Therefore we
have to define a criterion to compare estimators:

Definition 3.9 (R(A) superiority) An estimator (5 of 3 is called R(A)

superior or an R(A)-improvement over another estimator Bl of B if

R(f1, 8, A) — R(B2,8,4) > 0. (3.40)
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3.4.8 Mean Dispersion Error

The quadratic risk is closely related to the matrix-valued criterion of the
mean dispersion error (MDE) of an estimator. The MDE is defined as the
matrix

M(8,8) = E(5 — B)(5 — B)'- (3.41)
We again denote the covariance matrix of an estimator 3 by V(B):
V(B) = E(3 - E(8))(8 - E(B))" (3.42)

If E(3) = 3, then 3 will be called unbiased (for 3). If E(3) # 3, then 3 is

called biased. The difference between E(() and § is

Bias(8, 8) = E(B) — 3. (3.43)

If 3 is unbiased, then obviously Bias(ﬁ, B8) =0.
The following decomposition of the mean dispersion error often proves
to be useful:

M(3.B) = EI(B - E(3) + (EG) - OII(5 - ER)) + (E(G) - 5]

= V(B) + (Bias(8, 8))(Bias(5, 8))’, (3.44)

that is, the MDE of an estimator is the sum of the covariance matrix and
the squared bias (in its matrix version, i.e., (Bias(3, 3))(Bias(3, 3))").

The weighted mean dispersion error with the positive semidefinite matrix
W is defined as the matrix

WM(B,8) = E(B—BW (B -8 . (3.45)

When W = X’X, then the matrix in (3.45) is termed as predictive mean
dispersion error.

MDE Superiority

As the MDE contains all relevant information about the quality of an esti-
mator, comparisons between different estimators may be made on the basis
of their MDE matrices.

Definition 3.10 (MDE | criterion) Let Bl and BQ be two estimators of (.
Then (5 is called MDE-superior to 31 (or B2 is called an MDE-improvement
to 1) if the difference of their MDE matrices is nonnegative definite, that
18, if
A(fr, B2) = M(Br, B) = M(52,8) = 0. (3.46)
MDE superiority is a local property in the sense that (besides its
dependency on ¢?) it depends on the particular value of 3.

The quadratic risk function (3.39) is just a scalar-valued version of the
MDE:

R(B,8,A) = tr{AM(3,8)} . (3.47)
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One important connection between R(A) superiority and MDE superi-
ority has been given by Theobald (1974) and Trenkler (1981):

Theorem 3.11 Consider two estimators (31 and 3 of B. The following two
statements are equivalent:

A(Br, B2)
R(Br. B, A) = R(Ba, B, A) = tr{AA(S1, B2)}
for all matrices of the type A = aa’.
Proof: Using (3.46) and (3.47) we get

R(B1,B,A) — R(Ba, B, A) = tr{AA(By, o)} (3.50)

From Theorem A.43 it follows that tr{AA(81,32)} > 0 for all matrices
A =ad >0 if and only if A(S;,02) > 0.

3.5 Estimation (Prediction) of the Error Term ¢
and o2

The linear model (3.23) may be viewed as the decomposition of the observa-
tion y into a nonstochastic part X 3, also called the signal, and a stochastic
part €, also called the noise (or error), as discussed in Rao (1989). Since we
have estimated X3 by X /3’, we may consider the residual

é=y—X3=(1—-Px)y, (3.51)

where Px = X(X'X)~X' is the projection operator on R(X), as an
estimator (or predictor) of €, with the mean prediction error

D(é) = D(y—XpB)=D(I— Px)y
= o*(I - Px)(I - Px)=0c*1I— Px). (3.52)

However, the following theorem provides a systematic approach to the
problem.

Theorem 3.12 The MDLU predictor of € is é as defined in (3.51).
Proof: Let C'y be an unbiased predictor of €. Then
E(C'y)=C'Xp=0 V3 = (C'X=0. (3.53)
The dispersion of error is
D(e—C'y) =D(e—C'e) =*(I - C")(I - C).
Putting I — C’ = M, the problem is that of finding
min MM’ subject to MX = X . (3.54)
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Since Py and Z span the whole R”, we can write
M' = PxA+ZB for some A and B,
giving
X' =X'M = XA,
MM = APxA+BZZB
= AXX'X)"X'A+B'Z'ZB
X(X'X)"X'+B'Z'ZB > Px
with equality when B = 0. Then
M =PxA=XX'X)"X'A=XX'X)"X',
and the best predictor of € is
é=Cly=(I-M)y=(I-Px)y.

Using the estimate ¢ of ¢ we can obtain an unbiased estimator of o2 as

1, R 1
s? = T_re’(IfPX)e: T_ry’(I—PX)y (3.55)
since (with rank (X) =)
1 1
2y T _ _ _
B(s) = . EWU—-Pxyl=,  tr(I-Px)D(y)
o? T—r
— I—Px)=o? =02,
Tfrtr( x)=o T—r 7

3.6 Classical Regression under Normal Errors

All results obtained so far are valid irrespective of the actual distribution of
the random disturbances ¢, provided that E(¢) = 0 and E(e¢’) = 021. Now,
we assume that the vector € of random disturbances ¢; is distributed accord-
ing to a T-dimensional normal distribution N(0,02I), with the probability
density

T
1 1
fleo.’n) = [Lero) b ow ()

t=1

T
_T 1
= (2m0?)" 2 exp {—202 Ze?} . (3.56)
t=1

Note that the components e (¢t = 1,...,T) are independent and
identically distributed as N(0,02). This is a special case of a general
T-dimensional normal distribution N (u,Y) with density

F(E ) = (@) TIZ]) exp {;@ sl - m}. (3.57)
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The classical linear regression model under normal errors is given by

y=XpB+e,
e~ N(0,0%1), (3.58)
X nonstochastic, rank(X) = K.

3.6.1 The Mazimum-Likelihood (ML) Principle

Definition 3.13 Let & = (&1, ...,&)" be a random variable with density func-
tion f(&;0), where the parameter vector © = (01,...,0,,) is an element
of the parameter space Q0 comprising all values that are a priori admissible.

The basic idea of the maximum-likelihood principle is to consider the
density f(&;©) for a specific realization of the sample &, of £ as a function
of O:

L(©) = L(O1,...,0,) = f(£:;0).

L(©) will be referred to as the likelihood function of © given &p.
The ML principle postulates the choice of a value © € ) that maximizes
the likelihood function, that is,

L(6) > L(©) forall® € Q.

Note that 6 may not be unique. If we consider all possible samples, then
O is a function of £ and thus a random variable itself. We will call it the
maximum-likelihood estimator of ©.

3.6.2 Mazximum Likelihood Estimation in Classical
Normal Regression

Following Theorem A.82; we have for y from (3.58)

y=XB+e~N(XB,0°I), (3.59)
so that the likelihood function of y is given by
1
L(3,0%) = (27702)75 exp {— 902 (y—XB)(y — Xﬁ)} ) (3.60)
o

Since the logarithmic transformation is monotonic, it is appropriate to
maximize In L(3,02) instead of L(3,0?), as the maximizing argument re-
mains unchanged:

2(172 (y— XB)'(y — XP). (3.61)

If there are no a priori restrictions on the parameters, then the parameter
space is given by Q = {3;02 : 3 € R¥;0% > 0}. We derive the ML

InL(B,0%) = —g In(270?) —
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estimators of 3 and o2 by equating the first derivatives to zero (Theorems
A.91-A.95):

OlnL 1

o ol = Lexw-xs) =0, (3.62)
) gt = =gt e~ KB = XB) =0, (363)

The likelihood equations are given by

I X'XB=X'y, }

() & = hy— XByY(y-Xp). (364

Equation (I) of (3.64) is identical to the well-known normal equation (3.10).
Tts solution is unique, as rank(X) = K and we get the unique ML estimator

B=b=(X'X)"'X"y. (3.65)

If we compare (II) with the unbiased estimator s? (3.55) for o2, we see
immediately that

6° = s, (3.66)

so that 62 is a biased estimator. The asymptotic expectation is given by
(cf. Theorem A.102 (i))

Jim. E(%) = E(6%)
= E(s?)
= o2 (3.67)

Thus we can state the following result.

Theorem 3.14 The mazimum-likelihood estimator and OLS estimator of (8
are identical in the model (3.59) of classical normal regression. The ML
estimator 62 of o2 is asymptotically unbiased.

Note: The Cramér-Rao bound defines a lower bound (in the sense of defi-
niteness of matrices) for the covariance matrix of unbiased estimators. In
the model of normal regression, the Cramér-Rao bound is given by

V() = o (X'X) 7,

where 3 is an arbitrary estimator. The covariance matrix of the ML es-
timator is just identical to this lower bound, so that b is the minimum
dispersion unbiased estimator in the linear regression model under normal
€rTorS.
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3.7 Consistency of Estimators

The OLSE of 3 under the model (3.4) with e = € is b = (X'X)~1 X’y and
V(b) = o*(X'X)"L.

Under the assumption that limp_. (X'X/T) = A exists as a
nonstochastic and nonsingular matrix (with finite elements),
1 /X'x\"!
. o 2 .
Jm Vo) = o (%)

1
2 1 -1
= 1 A
R T
= 0. (3.68)

This implies that OLSE converges to 8 in quadratic mean and not only in
probability. Thus OLSE is a consistent estimator of (.

Same conclusion can also be drawn using the notion of probability in
limits. Consider a series {0} = 21 22 of random variables. Each
random variable has a specific distribution, variance, and expectation. For
example, z(!) could be the sample mean of a sample of size t of a given
population. The series {2} would then be the series of sample means of
a successively increasing sample. Assume that z* < oo exists, such that

tlim P{|z® —2*| > 6} =0 for every 4> 0.

Then z* is called the probability limit of {z(t)}, and we write plim z(*) = z*
or plim z = z* (cf. Definition A.101 and Goldberger, 1964, p. 115).

The consistency conclusion about OLSE can also be obtained under the
weaker assumptions that

X'X
plim ( T ):A* (3.69)

T—o00

exists and is a nonsingular and nonstochastic matrix such that

X/
plim ( TG) =0. (3.70)

The assumptions (3.69) and (3.70) are denoted as plim (X'X/T) = A, and
plim (X'e/T) = 0, respectively.
Again, note that

b—03 = (X'X)'X'e

XX\ T X
-\ T
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and, therefore

x'x\! X'
plim (b—f3) = plim( T ) plim< TE)

= A7'-0
0.

Now we look at the consistency of an estimate of o2 as

1
2 NN
s8 = g €
= r_g (e — € X(X'X) ' X'e]
1 K\
= <1 T) [e— ¢ X(X'X)7' X'e]

(3.71)

de X [X'X\ ' X'e
T T T T

S=)

Note that ¢’e/T consists of L3/ € and {:t=1,...,T} is a se-
quence of i.i.d. random variables with mean o2. Using the law of large
number

plim €'e = 0% . (3.72)

'X xX'x\!
= <plim ET) plim< T > ]
/
X <plim X 6)
T
'X X'x\1"
<plim ET ) [plim( T )}
/
X <plirn X 6)
T

= 0-A7'-0 (3.73)
0. (3.74)

Further

¢X <X’X)_1 X'e

i
e A T

Using (3.72) and (3.74) in (3.71), we see that
plim s? = o2 .

Thus s2 is a consistent estimator of o2.
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3.8 Testing Linear Hypotheses

In this section, we consider the problem of testing a general linear
hypothesis

Hy: RB =17 (3.75)
with R a (K —s) x K—matrix and rank(R) = K — s, against the alternative
Hi:RB#7 (3.76)

where it will be assumed that R and r are nonstochastic and known.

The hypothesis Hy expresses the fact that the parameter vector 3 obeys
(K — s) exact linear restrictions, which are linearly independent, as it
is required that rank(R) = K — s. The general linear hypothesis (3.75)
contains two main special cases:

Case 1: s = 0. The K x K-matrix R is regular by the assumption
rank(X) = K, and we may express Hy and H; in the following form:

Ho: B=R™'r = 8, (3.77)
Hy: B+ 8" (3.78)

Case 2: s > 0. We choose an s x K-matrix G complementary to R such

that the K x K-matrix < g ) is regular of rank K. Let

a7, .
X( ) =X=1X1, X )
R TXK  \Txs Tx(K-s)

bh=GB, B =RB.

sx1 (K—s)x1
Then we may write
-1
y=X0+e = X(g) (g)ﬁ—i-e
; /3’1>
= X ~ +
(@ ‘

= Xl/él +X2/5~’2+€-

The latter model obeys all assumptions (3.59). The hypotheses Hy and H;
are thus equivalent to

Hy: 3o =r; [ and 02 > 0 arbitrary, (3.79)
Hi: By #r; [ and o2 > 0 arbitrary. (3.80)
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Q stands for the whole parameter space (either Hy or Hp is valid) and
w C  stands for the subspace in which only Hy is true; thus

Q= {B;0%: B eRE o2 >0}, 281
w={B;0?: 3R and RB =r; 0® > 0}. (3.81)

As a test statistic we will use the likelihood ratio

_ max, L(©)

AW = e L(©) (3.82)

which may be derived in the following way.
Let © = (3,0?), then

rélag(L(ﬁ, o) = L(3,6°)

and therefore

Ay) = (Ui)T (3.84)

%
where 62 and 63 are ML estimators of o2 under Hy and in .
The random variable A(y) can take values between 0 and 1, which is
obvious from (3.82). If Hy is true, the numerator of A(y) gets closer to the
denominator, so that A(y) should be close to 1 in repeated samples. On the

other hand, A(y) should be close to 0 if H; is true.
Consider the linear transform of A(y):

Fo= {OW) " -1} T - K)(K—s)"

62 -64 T—-K
= ¢ . . 3.85
53, K-—s ( )
If A\ - 0, then F' — oo, and if A — 1, we have F' — 0, so that F' is close
to 0 if Hy is true and F' is sufficiently large if Hy is true.
Now we will determine F and its distribution for the two special cases
of the general linear hypothesis.

Casel: s =0
The ML estimators under Hy (3.77) are given by

B=p ad &2= - XF)VG-XG).  (380)



3.8 Testing Linear Hypotheses 53

The ML estimators over §2 are available from Theorem 3.14:

B=b and &3 = ;(y — Xb)'(y — XDb). (3.87)
Some rearrangements then yield
b—ﬁ* — (XIX)_IXI(y—Xﬁ*),
(b-p)X'X = (y—-Xp7)X,
y—Xb = (y—Xp7)-X(b—p),
(y = X0)'(y = Xb) = (y—X0")'(y - X5") (3.88)

+(b— 57 ) X' X(b— ")

—2(y — Xp7)' X (b— %)
= (y—-Xp")'(y—Xp")

—(b—=p7)X'X(b-p5").

It follows that
T(625 —658) = (b—B)X'X(b~p5), (3.89)
leading to the test statistic

(- BYX'X(b—-pB) T-K
= w-xw-xn K (320

Distribution of F'

Numerator: The following statements are in order:

b— " = (X'X)"'X'[e + X (B — §%)] [by (3.81)],
E=e+X(B-pB")~N(X(B—p3%),0%I) [Theorem A.82],
X(X'X)~1 X’ idempotent and of rank K,
(b—B*)X'X(b— ) = @ X(X'X)"LX'¢
~ a3 (o723 - B*)X'X (B - 3)) [Theorem A.84]
and ~ o?y2% under Hy.

Denominator:
(y — Xb)'(y — Xb) = (T — K)s?> = ¢(I — Px)e [cf. (3.55)],
€(I — Px)e~ o3 _ [Theorem A.87].
(3.91)
as [ — Px = I — X(X'X)"1 X"’ is idempotent of rank T — K (cf. Theorem
A61 (vi)).
We have

(I - Px)X(X'X)"'X’=0 [Theorem A.61 (vi)], (3.92)

such that numerator and denominator are independently distributed
(Theorem A.89).
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Thus, the ratio F' has the following properties (Theorem A.86):
o Fisdistributed as Fgx r—x (07 2(8—3*)'X'X(3—3*)) under Hy, and
e [ is distributed as central Fx 7—x under Hy: 5 = 3*.

If we denote by Fy, 14 the (1 — ¢)-quantile of F,, , (i.e., P(F <
Frni—q) =1 —q), then we may derive a uniformly most powerful test,
given a fixed level of significance « (cf. Lehmann, 1986, p. 372):

Region of acceptance of Hy: 0< F < Fxr-Ki-a, } (3.93)

Critical region: F>Frr_gi-a-

A selection of F-quantiles is provided in Appendix B.

Case2: s> 0

Next we consider a decomposition of the model in order to determine the
ML estimators under Hy (3.79) and compare them with the corresponding
ML estimator over §2. Let

g=(p, B ) (3.94)

1xs 1x(K-—s)

and, respectively,

y=XB+e=X101+ X202 +e¢. (3.95)
We set
§=y— Xor. (3.96)
Because rank(X) = K, we have
rank (X;)=s, rank (X3) =K —s, (3.97)
Txs Tx(K—s)

such that the inverse matrices (X]X1)~! and (X4X2)™! do exist.
The ML estimators under Hy are then given by

Bo=r fL=(X|X1)'X!g (3.98)

and

. 1, . 5\~ 5
oo = 77 = X160)(7 = X1 ). (3.99)
Separation of b
At first, it is easily seen that

b =(X'X)"1X'y

_ 3.100
(XX XX\ ([ Xy ( )
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Making use of the formulas for the inverse of a partitioned matrix yields
(Theorem A.19)

( (X{Xl)_l[l+X{X2D_1X5X1(X{X1)_l] —(X{Xl)_lX{XgD_l )

-D X)X (X X))t D!
(3.101)
where
D = X, M1 X5 (3.102)
and
My =1- Xl(X{Xl)*lX{ =1—-Px,. (3.103)

M, is (analogously to (I — Px)) idempotent and of rank T — s; further we
have M7 X1 = 0. The (K — s) x (K — s)-matrix

D= X)Xy — X5X1(X1X1) ' X] Xo (3.104)

is symmetric and regular, as the normal equations are uniquely solvable.
The estimators b; and b of b are then given by

_ ( b ) _ ( (X1X1) "1 X{y — (X]X1)" X{ X2 D~ X5 My

bo DilXéMly
(3.105)
Various relations immediately become apparent from (3.105):
by = D X}My,
b = (X1X1) 7' X{(y — Xaba),
by—r = D IX,My(y — Xor) (3.106)
= D 'X!My

= D7'XIMi(e+ Xo(B2 — 1)),

(X1X1) 7' X{(y — Xaby — 7))
X1 X1)LX! Xo(by — 1) (3.107)
X{Xl)ilX{XgDilXéMlg.

by — b

=
—(
Decomposition of 63
We write (using symbols u and v)
(W-Xb) = (y=Xor—XuB1) — (Xa(br )+ Xa(ba — 1))
= u - v.

(3.108)
Thus we may decompose the ML estimator 763 = (y — Xb)'(y — Xb) as

(y — Xb) (y — Xb) = v'u+v'v—2u"v. (3.109)
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We have

vv =

uv =

y— Xor — X101 = § — X1(X1X1) ' X{§ = My,

§' My,

X1(b1 = Br) + Xa(by — 1)

—X1(X{X1) "' X{ X, DT XMy [by (3.106)]
+Xo DY XM [by (3.107)]

M1 XoD ' XIMyj,

§' M XD XMy

(by — 1) D(by — 1),

/
vvU.

Summarizing, we may state

(y— Xb)'(y —

or,

Xb) = vu—2v

(3.110)
(3.111)

(3.112)

(3.113)
(3.114)

(3.115)

= (- X1B)'(J — X151) — (b2 — 1)/ D(ba — )

T(62 —63) = (by —7)'D(by — 1) .

We therefore get in case 2: s > 0:

Distribution of F'

(bg — T)/D(bg — T) T-K
(y— Xb)(y — Xb) K — s~

Numerator: We use the following relations:

A = MX,D'X)M, isidempotent,

rank(A) = tr(A) = tr{(M; X2D ™) (X5M1)}

= tr(lx—s) = K — s,

by—r = D XM [by (3.106)],

€ = 6+X2<ﬁ2 —’I“)
~ N(Xo(B2 —7),0%I) [Theorem A.82],

(bg — T)/D(bg — T) = €/A€

~ X (@7 (B2 = 1) D(B2 — 1))
~ o?x% _, under Hy.

Denominator: The denominator is equal in both cases; that is

(y—Xb)'(y— Xb)=€¢(I—Px)e ~ 0°X7 g

(3.116)

(3.117)

tr{(X,M,) (M, XoD™ 1)} [Theorem A.13 (iv)]

(3.118)
(3.119)

(3.120)
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Because

(I —Px)X = —Px)(X1,X2) = (I — Px)X1,(I - Px)X2) =(0,0),
(

121)
we find
(I — Px)M; = (I — Px) (3.122)
and
(I — Px)A = (I — Px)M;XoD *X)M; =0, (3.123)

so that the numerator and denominator of F' (3.117) are independently
distributed [Theorem A.89]. Thus [see also Theorem A.86] the test statistic
F is distributed under Hy as Fx_s7—g(072(B2 — 7)'D(B2 — r)) and as
central Fx_, 77— under Hy.

The region of acceptance of Hy at a level of significance « is then given
by

0<F<Fg_ s7-Ki-a- (3.124)
Accordingly, the critical area of Hy is given by
F > F‘K_s’T_KJ_Ué . (3125)

3.9 Analysis of Variance

Assuming that
e~ N(0,0%I7) ,
it follows from y = X3 + ¢,

y~ N(XB,0%Ir) (3.126)
and
b= (X'X)"' X'y ~ N[B,0*(X'X)7"] . (3.127)
We know that
, RSS
ST =
T-K

where
RSS = (y-9)(y—9)
= ' My (3.128)
= Jyy—-bX'y (3.129)
M = I-XX'X)'Xx'.
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Since (X'X)™'XM = 0, so b and s? are independently distributed.
Noting that M is an idempotent matrix, we see that

RSS <ﬂ'X'MX5>

~ X7_
o2 T-K 202

i.e., noncentral x? distribution with (T — K) degrees of freedom and
noncentrality parameter 3’ X’M X 3/202, which becomes

/!
T—K)%, ~ ¥ (") (3.130)
Further, partitioning the total sum of squares gives
SYY = 4y
= VX'y+(y'y - V' X"y)
= SSgeg + RSS (3.131)
where
SSpey =0/ X'y =b'X'Xb=yX(X'X) ' X'y (3.132)
is the sum of squares due to regression,
RSS = 4y—b'X'y
SYY — SSReq (3.133)
is the sum of squares due to residuals and
S (R
S:ZY ~ X% <ﬁ/§;§ﬁ) . (3.135)

Since M Px =0, so SSgeq and RSS are independently distributed. The
mean square due to regression is

SSR&
MSReq = g
SReg K
and the mean square due to error is
RSS
MSE = .
T-K
Then,
M SReg BX'X3
~ Fror_ 1
MSE ~ TR < 2072 (8-136)

which is the noncentral F' distribution with (K, T — K) degrees of freedom
and noncentrality parameter 3 X’'X 3/202.
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Under Hy : 51 = ... =Pk,
MSReg
MSEFE

The calculation of F-statistic in (3.136) can be summarized in an analysis
of variance table.

~Frr i . (3.137)

Source of variation Sum of squares df Mean square
Regression on

Xi1,..., Xk S SReg K SSReg/ K
Residual RSS T-K RSS/(T-K)
Total SYY T

Note that if the model y = X 3+ € contains an additional intercept term,
then K is replaced by (K + 1) in the whole analysis of variance.

3.10 Goodness of Fit

Consider the model

y = 1Po+Xp. +e
XB+e, (3.138)

then ( is estimated by
b= ( go ) , Be=(X'X)T'X"y, fo=y— Bl . (3.139)

For such a model with an intercept term, the goodness of fit of a
regression model is measured by the ratio

SSk
2 €g
R VY (3.140)
RSS
= 1= vy (3.141)
where
RSS = (y— Xb)(y— Xb)
= yy—-b'X'Xb
= (y—-19)(y—17) - BUX'X)B. +T5,  (3.142)
T
SYY = > (yi—9)° =¥, (3.143)
t=1
SSrey = SYY —RSS . (3.144)

If all observations are located on the hyperplane, we have obviously,
> (ye—13:)* = 0 and thus SYY = SSgey. The ratio SSgey/SYY in (3.140)
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describes the proportion of variability that is explained by the regression
of y on Xq,..., Xk in relation to the total variability of y. The quantity
in (3.141) is one minus the proportion of variability that is not covered by
the regression.

The R? defined in (3.140) is termed as coefficient of determination and is
not adjusted for the degrees of freedom. The v/R2 in (3.140) is also the mul-
tiple correlation coefficient between y and a set of regressors X1,..., Xk,
which is shown in Section 3.12. So obviously

0<R*<1. (3.145)

Clearly, when the model fits the data well then R? is close to 1. In the
absence of any linear relationship between y and Xi,..., Xx, R? will be
close to 0.

The coefficient of determination in (3.140) and (3.141) is adjusted for
the degrees of freedom and is termed as adjusted R-squared. It is defined
as

o RSS/(T — K — 1)
T sYY/(T-1)
T-1

= 1—
T-K-1

(1—-R?*  (cf. (3.141)) . (3.146)

Note that R? is obtained from (3.141) by dividing RSS and SYY by their
respective degrees of freedom.

One important point to be noted is that R? and R? are defined in a
linear or multiple linear model with an intercept term.

When the intercept term is absent, then the unadjusted coefficient of
determination in the model y = X + € can be defined as follows. The
square of the product moment correlation between y;’s and ¢;’s is

2
(ZZ:1 yt?jt)

(ZtT:1 y?) (23:1 Z)?)

(y'9)?
(Y'y)(9'9)
v X’ . R .
= y,yy (using § = Xb, y'y =9'9 = y'Pxy)
SSReg
SYY -
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3.11 Checking the Adequacy of Regression
Analysis

3.11.1 Univariate Regression
If model

yr = Bo + Prxs + €&

is appropriate, the coefficient b; should be significantly different from zero.
This is equivalent to the fact that X and y are significantly correlated.
Formally, we compare the models (cf. Weisberg, 1985, p. 17)

Hy: yy = Bo + €,
Hy:yy = Bo+ Broe + €

by comparing testing Hy: 81 = 0 against Hy: §1 # 0.
We assume normality of the errors € ~ N(0,02I). If we recall (3.104),
that is

D dr—21(1'1)" e, 1'=(1,...,1)

= ) a7- th = (2 -2 =5XX, (3.147)

then the likelihood ratio test statistic (3.117) is given by
B2SX X

52
SSReg
- (T —2)
RSS
_ MSre (3.148)

52

Fir_o =

3.11.2  Multiple Regression

If we consider more than two regressors, still under the assumption of nor-
mality of the errors, we find the methods of analysis of variance to be most
convenient in distinguishing between the two models y = 189+ X3« + € =
XB+¢€and y = 18y +e€. In the latter model we have ﬁo = ¢, and the related
residual sum of squares is

STty — )=y —5)? =SYY. (3.149)

In the former model, 8 = (o, 8x)" will be estimated by b = (X'X)_IX'y.
The two components of the parameter vector 3 in the full model may be
estimated by

b=(§0> Bo=(X'X)"'X"y, bo=7—p.x. (3.150)
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Thus we have

RSS = (y—19)/(y—19) - BX'X)3 +TF.  (3151)
The proportion of variability explained by regression is (cf. (3.144))
SSpeg = SYY — RSS (3.152)

with RSS from (3.151) and SYY from (3.149). Then the ANOVA table is
of the form

Source of variation Sum of squares df Mean square
Regression on

Xi,..., XKk SSReg K SSReg/ K
Residual RSS T-K-1 RSS/(T-K-1)
Total SYY T-1

The F-test for
H()Z ﬁ* =0
versus

H12 ﬁ* 7é 0
(i.e., Ho: y = 189 + € versus Hyi: y = 18y + X B« + €) is based on the test
statistic
SSReg/ K

52

Frr-k-1= (3.153)

Often, it is of interest to test for significance of single components of .
This type of a problem arises, for example, in stepwise model selection,
with respect to the coefficient of determination.

Criteria for Model Choice

Draper and Smith (1998) and Weisberg (1985) have established a variety
of criteria to find the right model. We will follow the strategy, proposed by
Weisberg.

Ad Hoc Criteria
Denote by Xi,..., X all available regressors, and let {X;i,...,X;,} be

a subset of p < K regressors. We denote the respective residual sum of
squares by RSSk and RSS,. The parameter vectors are

ﬁfOI‘Xl,“- ,XK,

/61 for Xila o aXip ’

B2 for (Xi,---, Xg )\ (Xi1, -+, Xip) -
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A choice between the two models can be examined by testing Hy: f2 = 0.
We apply the F-test since the hypotheses are nested:

RSS, — RSSk)/(K —
F(K,p),T,Kz( RSSK/(;)/E() p). (3.154)

We prefer the full model against the partial model if Hy: 82 = 0 is rejected,
that is, if ' > Fy_, (with degrees of freedom K —p and T — K).

Model choice based on an adjusted coefficient of determination

The coefficient of determination (see (3.140) and (3.152))

(3.155)

is inappropriate to compare a model with K and one with p < K, be-
cause RIQ, always increases if an additional regressor is incorporated into
the model, irrespective of its values. The full model always has the greatest
value of R?.

Theorem 3.15 Let y = X161 + Xofe + € = X0 + € be the full model and
y = X101 + € be a submodel. Then we have

R — R%, >0. (3.156)
Proof: Let
RSSx, — RSSx
2 — 1
Rx = Fx, SYY ’

so that the assertion (3.156) is equivalent to

RSSx, — RSSx > 0.

Since
RSSx = (y— Xb)(y— Xb)
= yy+bX'Xb—-20X"y
= yy-VvX'y (3.157)

and, analogously,
RSSx, =y'y — i X1y,
where
b= (X'X)"'X'y
and
b= (X1X1) ' Xy
are OLS estimators in the full and in the submodel, we have

RSSx, — RSSx =V X'y — 3/ Xy. (3.158)
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Now with (3.100)—(3.106),

’ogr X{y
(blabQ)( Xéy

(v — b5 X5) X1(X1X1) ™' Xy + by X5y
= B X{y+bX)My.

b X'y

Thus (3.158) becomes

RSSx, — RSSx = b,X}My
= Y My XD XMy >0, (3.159)

which proves (3.156).
On the basis of Theorem 3.15 we define the statistic

(RSSx, — RSSx)/(K —p)

F-ch =
change RSSx /(T — K) ’

(3.160)
which is distributed as Fx_, 7— x under Hy: “submodel is valid.” In model
choice procedures, F-change tests for significance of the change of RZ by
adding additional K — p variables to the submodel.

In multiple regression, the appropriate adjustment of the ordinary co-
efficient of determination is provided by the coefficient of determination
adjusted by the degrees of freedom of the multiple model:

RZ=1- <§_;> (1-R2). (3.161)

Note: If there is no constant Gy present in the model, then the numerator
is T instead of T' — 1, so that RZ may possibly take negative values. This
cannot, occur when using the ordinary R2.

If we consider two models, the smaller of which is supposed to be fully
contained in the bigger, and we find the relation

R12J+q < RZ ’
then the smaller model obviously shows a better goodness of fit.

Further criteria are, for example, Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), Mallows’s C), , or criteria based on
the residual mean dispersion error 62 = RSS, /(T —p). These are discussed
in Section 7.8.

Confidence Intervals

As in bivariate regression, there is a close relation between the region of
acceptance of the F-test and confidence intervals for # in the multiple
regression model.
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Confidence Ellipsoids for the Whole Parameter Vector 3

Considering (3.90) and (3.93), we get for * = ( a confidence ellipsoid at
level 1 — a:

(b—BYX'X(b—B) T-K

< Frr Ki-o- 3.162
- Xoy—xp) KR (162
Confidence Ellipsoids for Subvectors of 3
From (3.117) we have
by — "D(by — T-K
(b2 = By Db — o) < Fk or-Ki-a (3.163)

(y— Xb)'(y — Xb) K-—s

as a (1 — a)-confidence ellipsoid for (.

Further results may be found in Judge, Griffiths, Hill, Liitkepohl and Lee
(1985); Goldberger (1964); Pollock (1979); Weisberg (1985); and Kmenta
(1971).

3.11.3 A Complex FExample

We now want to demonstrate model choice in detail by means of the in-
troduced criteria on the basis of a data set. Consider the following model
with K = 4 real regressors and 7" = 10 observations:

y =180 + X161 + Xof2 + X303 + X4Bs + €.
The data set (y, X) is

Yy X1 X X3 X4
18 3 7 20 —10

47 7 13 5 19
125 10 19 —-10 100
40 8 17 4 17
37 5 11 3 13
20 4 7 3 10
24 3 6 10 )

35 3 7 0 22
59 9 21 -2 35

50 10 24 0 20
The sample moments are displayed in the following table.

Mean Std. deviation Variance

X1 6.200 2.936 8.622
Xo 13.200 6.647 44.178
Xz 3.300 7.846 61.567
X4 23.100 29.471 868.544

y  45.500 30.924 956.278
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The following matrix contains the correlations, the covariances, the
one-tailed p-values of the t-tests tr_o = r/(T —2)/(1 — r2) for Hy: “cor-
relation equals zero,” and the cross-products Zthl Xi1ty:. For example, the
upper right element has:

Correlation(X1,y) = 0.740

Covariance(X1,y) = 67.222

p-value = 0.007

Cross-product = 605.000
X1 Xo X3 X4 Yy
X4 1.000 0.971 -0.668 0.652 0.740
8.622 18.956 —15.400 56.422 67.222
0.000 0.017 0.021 0.007
77.600 170.600  —138.600 507.800 605.000
X5 0.971 1.000 —0.598 0.527 0.628
8.956 44.178 —31.178 103.000 129.000
0.000 0.034 0.059 0.026
170.600 397.600  —280.600 928.800 1161.000
X3 -0.668 -0.598 1.000 —0.841 —0.780
—15.400 —31.178 61.567 —194.478 —189.278
0.017 0.034 0.001 0.004
-138.600 —280.600 554.100 -1750.300 —1703.500
X4 0.652 0.527 —0.841 1.000 0.978
56.422 103.200 —194.478 868.544 890.944
0.021 0.059 0.001 0.000
507.800 928.800 —-1750.300 7816.900 8018.500
Y 0.740 0.628 —-0.780 0.978 1.000
67.222 129.000 —189.278 890.944 956.278

0.007 0.026 0.004 0.000

605.000 1161.000 -1703.500  8018.500  8606.500
We especially recognize that
e X; and X, have a significant positive correlation (r = 0.971),
e X3 and X, have a significant negative correlation (r = —0.841),
e all X-variables have a significant correlation with y.

The significance of the correlation between X; and X3 or X4, and between
X5 and X3 or Xy lies between 0.017 and 0.059, which is quite large as well.
We now apply a stepwise procedure for finding the best model.
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Step 1 of the Procedure

The stepwise procedure first chooses the variable X4, since X, shows the
highest correlation with y (the p-values are X4: 0.000, X1: 0.007, X2: 0.026,
X35: 0.004). The results of this step are listed below.

Multiple R 0.97760
R? 0.95571 R?-change 0.95571
Adjusted R? 0.95017 F-change 172.61878

Standard error 6.90290 Signif. F-change 0.00000
The ANOVA table is:

df Sum of squares Mean square
Regression 1 8225.29932 8225.2993
Residual 8 381.20068 47.6500

with F = 172.61878 (Signif. F: 0.0000). The determination coeflicient for
the model y = 16y + X404 + € is

SSk 8225.29932
2 — °8 — =0.95571
27 8YY T 8225.29932 + 381.20068 ’

and the adjusted determination coefficient is

R

_ 10— 1
R}=1- <18 } 2) (1—0.95571) = 0.95017 .

The table of the estimates is as follows

95% confidence interval

i SE(B) lower upper
X4 1.025790 0.078075 0.845748 1.205832
Constant 21.804245 2.831568 15.274644 28.333845

Step 2 of the Procedure

Now the variable X is included. The adjusted determination coefficient
increases to R% = 0.96674.

Multiple R 0.98698
R? 0.97413 R?-change 0.01842
Adjusted R? 0.96674  F-change 4.98488

Standard error 5.63975  Signif. F-change 0.06070
The ANOVA table is:

df Sum of squares Mean square
Regression 2 8383.85240 4191.9262
Residual 7 222.64760 31.8068

with F' = 131.79340 (Signif. F: 0.0000).
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Step 3 of the Procedure

Now that X3 is included, the adjusted determination coefficient increases
to R% = 0.98386.

Multiple R 0.99461
R? 0.98924 R2-change 0.01511
Adjusted R? 0.98386 F-change 8.42848

Standard error 3.92825  Signif. F-change 0.02720

The ANOVA table is:

df Sum of squares Mean square
Regression 3 8513.91330 2837.9711
Residual 6 92.58670 15.4311

with F' = 183.91223 (Signif. F: 0.00000).
The test statistic F-change was calculated as follows:

RSS(x,,x,,1) — BSS(x,,x1,%5,1)
RSS(X4’X1’X371)/6
222.64760 — 92.58670

15.4311
= 8.42848.

e =

The 95% and 99% quantiles of the Fj g-distribution are 5.99 and 13.71,
respectively. The p-value of F-change is 0.0272 and lies between 1% and
5%. Hence, the increase in determination is significant on the 5% level, but
not on the 1% level.

The model choice procedure stops at this point, and the variable X5 is
not taken into consideration. The model chosen is y = 189+ (61 X1+ 03 X3+
(4X4 + € with the statistical quantities shown below.

95% confidence interval

¢ SE(B) lower upper
X4 1.079 0.084 0.873 1.285
X 2.408  0.615  0.903 3.913
X3 0.937  0.323  0.147 1.726
Constant  2.554 4.801 -9.192 14.301

The Durbin-Watson test statistic is d = 3.14, which exceeds d¥. (Table
4.1 displays the values of d} for T=15, 20, 30, ... ), hence Hy: p = 0 cannot
be rejected.

Note: The Durbin-Watson test is used for testing the presence of first order
autocorrelation in the data and is discussed in Section 4.4.
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3.11.4  Graphical Presentation

We now want to display the structure of the (y, X)-matrix by means of the
bivariate scatterplots. The plots shown in Figures 3.2 to 3.5 confirm the
relation between X7, Xo and X3, X4, and the X; and y, but they also show
the strong influence of single observations for specific data constellations.
This influence is examined more closely with methods of the sensitivity
analysis (Chapter 7).

The F-tests assume a normal distribution of the errors or y. This as-
sumption is checked with the Kolmogorov-Smirnov test. The test statistic

has a value of 0.77 (p-value .60). Hence, normality is not rejected at the
5% level.

0 T T T Xz 0 T
5 10 15 20 25

T T T T T T X4
-10 10 30 50 70 90

FIGURE 3.2. Scatterplots and regression for X; on X», X3 and X4, respectively
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FIGURE 3.3. Scatterplots and regression for X2 on X3 and X4, respectively
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FIGURE 3.4. Scatterplot and regression for X3 on X4
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FIGURE 3.5. Scatterplot and regression for y on X1, X2, X3 and X4, respectively
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3.12  Linear Regression with Stochastic Regressors

3.12.1 Regression and Multiple Correlation Coefficient

In many scientific and experimental studies, the regressors X1, ..., Xk are
often stochastic. In such a case, the multiple correlation coefficient can
be related to regression problem because the central idea is to check the
strength of dependency between study and explanatory variables. The given
(K + 1) dimensional random vector (y, X1, ..., Xk) is assumed to follow
a multivariate distribution with mean vector p and covariance matrix X.
Partition (y, X1, ..., Xk) into one-dimensional vector y and K-dimensional
vector X as (y, X'). Further partition p and ¥ in submatrices accordingly
as

2 /
i o o
1><y1 1><y1 13%
= Y= 3.164
H px |’ Oyx XXX ( )
Kx1 Kx1 KxK
Suppose a random sample (y;, x}), t = 1,...,T of size T is observed

from the (K 4+ 1) variate distribution.

Assume that there exists a linear dependency between y and the remain-
ing set X of the variables. Such stochastic dependency can be measured by
the correlation between y and a linear transformation 3'X of Xi,..., Xk
where 3 is a nonstochastic K-vector as

BIUyX

Corr(y, 3 X) = . 3.165
(y,6'X) oS x (3.165)

To define (3.165) uniquely, find 3 such that
rngx Corr(y, 8'X) , (3.166)

i.e., the correlation between y and given a linear function 4’ X is maximum.
Such a solution is called the multiple correlation coefficient between y and
G'X.

Since the coefficient of correlation is invariant under the change of scale
and location in y and X, so we apply the restriction 'Y xx 8 = 1 to have
a unique solution. Now the problem (3.166) is restated as

min |Foyx = (FTxxf—1)| =minf(3) , () (3167)

where X is a Lagrangian multiplier. Partially differentiating (3.167) with
respect to § and A (using Theorem A.91)

d
aﬁf(ﬂ) = oyx — Axxf (3.168)
0 fB) = BExxpB-1. (3.169)
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Solving
0
=0
93! =0,
we get
1
ﬁ: /\ZXlXUyX .

Using the restriction 'Y x x 8 = 1, it follows that A = 1. Thus the unique
solution is

B=3oux - (3.170)

In general without imposing the normalization rule 'Y x x 8 = 1, we get
the multiple correlation coefficient between y and X as

\/U;XE;(lxgyX
Py.x = o = p1.2,3,.. K+1 (3.171)
Yy

and 0 < p, x < 1.
If y is exactly linearly dependent on Xi,..., Xk, i.e., y = X holds,
then

_ BExxp _
BYxx0B

and 8 = E;(lxay x is called as the vector of regression coefficients obtained
by regressing y on Xq,..., Xk.

Corr(y, 8'X) 1 (3.172)

It may be noted that when a set of variables Y = (y1,...,yp) is regressed
on another set of variables Xi,..., Xk, then the set of parameters 3; =
E}lxayix, (i=1,...,P) of all the regression coefficients expressed as (P x
K) matrix

By
B .

B= ) =YyxXyy (3.173)
Bp

where Yy x results from the partition

Yvy Xvx
PxP PxK

Y= 3.174
Yxy Xxx ( )
KxP KxK

is the covariance matrix of (y1,...,yp, X1,..., XK).
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3.12.2 Heterogenous Linear Estimation without Normality

Let o be any non-stochastic K-vector, X = X — pux and § = y — uy be the
centered variables measured around their means. The mean squared error
of an estimate o/ X of the variable ¢ is

E(j — o' X)'(7 - o'X)
= Eyx [ - By @1X) + By(51X) - o'X]

+ Ex [{Ey(gf() - ozX} {B,@1%) - o'X} X} . (3.175)

The mean squared error (3.175) is minimum with respect to « iff

Ey(51X) = o' X,
i.e., iff
E(y|X) = p, + /(X — ix) (3.176)
holds.
On the other hand, the minimizing « is found from
E@f—a'X)(—a'X) = (a—Zikoux)Exx(a—Sykoyx)
+o) — oy x Sxx0yx (3.177)
as
G =Y oyx . (3.178)
Thus

py + &' (X — px)
= iy + oy xExx (X — px)

A3

can be interpreted as the best linear estimate of E(y|X) in the class of
heterogeneous linear estimators {y, + o/(X — px)}, whereas

min B [{y — 1, — o' (X — )} {y — sy — o/ (X — px))

is obtained for & = 2)—(1)( oyx asin (3.178). This optimality is not dependent
of the assumption of normal distribution, see Srivastava and Khatri (1979)
for more details.
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3.12.3 Heterogeneous Linear FEstimation under Normality

Continuing further, now we assume (y, X’) ~ Ngy1(u,X) where g and X
are given by (3.164). Let f(y, X) denote the joint density Nxy1(u,X) and
h(X) denote the marginal density of (X1, ..., Xk) which is Ng(ux,Sxx).
The conditional density of y given X is

solx) = )

L,
\/27'[‘d2 exp |: 2d2 quy:|
where

QG = Y— iy —OyxSxx (T — px) (3.179)

> = ol -0, xS¥koyx - (3.180)

Thus y|X ~ Ni(uy + 0pxSxx(X — px),d?) which is same as
N1(E(y|X),d?).
Define the residual vector

Cyx = Y— E(y|X)
(Y — 1y) = Ty x Exx (X = px) (3.181)

then e, x represents the difference of vector y and its predicted value from
the linear relationship of the conditional mean vector given X. We have

E[(y—mye, x] = Elye, x]
= ‘75 - J;;XZ)_(IXU?JX
= d°
= var(y|X) (3.182)
and
E[(X —px)e, x] = oyx — SxxExxoyx
= 0. (3.183)

Thus nonstochastic variables X and residual e, x are independently
distributed.
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The mean and variance of the residual are

Bleyx) = B(y—my) = oyxTyy B(X — px)
= 0 (3.184)
var(ey.x) = B(y— ) (y — py) + 0y x Sk Exx By xoyx
72CT;XE;(1XO'yX
= 05 — J;XZ)_(lxcryX
= d?
= var(y|X) . (3.185)
Note that (3.181) can be rewritten as
y=E@ylX)+eyx, (3.186)

i.e., E(y|X) and e, x determine y linearly. This result provides alternative
interpretations to the similarities between the regression coefficient vector
0 and the conditional expectation E(y|X).

So the problem of estimation of regression coefficients in a linear re-
gression model with stochastic regressors can be reformulated and solved
similarly as in the case of non-stochastic regressors.

Theorem 3.16 Let (y;,x}), t =1,...,T be an independent sample from
t

N1 (( 5)@( )( ;ﬁ( 5;5; )) (cf. (3.164)) .

The conditional distribution of (yi|x) is

Nl(ﬂo +‘T;ﬂ7d2)

with
Bo = py— .u/Xﬂ
B = E)_(lx OyX
& = op -0l xSyxoyx

= 05(1 - P%.2,3,...,K+1) .

The regression function of interest is

E(ys|z:) = Bo + 2,8 . (3.187)

Define the sample mean vector and sample covariance matriz as

_ 2 /
(g_/)andS:(Sy Syx)
x SyX SXX

respectively where Sxx = Y, xxy — TTT', syx = >, >, xye — TZY and
55 = Zt yt2 - TyZ-
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Then the mazimum likelihood estimators of 3, Bo and 0 = d? are

B = Sxksyx (3.188)
Bo §—7p (3.189)
. 1 _

6 = d&*= T(si — syxSxx5yx) (3.190)

respectively.

For further references, see Morrison (1967, Chapter 3) and Fomby, Hill
and Johnson (1984, p. 71).

An interesting similarity is as follows, see, (Dhrymes (1974, p. 23).

Let the regression model be y = X+ ¢ where X1, ..., Xk are stochastic
and independently distributed of € ~ N(0,021), i.e., E(¢X) = 0. Assume
that y and X are measured from their respective sample means. The least
squares estimate of (3 is

B=(X'X)"'X"y (3.191)

which can be written as

(XX Xy
= 192
=) (7)) (3192
where (X'X/T)~" and (X'y/T) are the sample analogues of ¥, and o, x,
respectively. The sample analog of (3.183) is

(y—XA'X=yX -X'X=yX—yX=0. (3.193)

The coefficient of determination

o Yy - XB)(y—Xp)
Yy
g X'y
Yy
Y X(X'X)T XYy
Yy

which is a sample analog of coefficient of maximum correlation pf_273,___7 Kol
(cf. (3.171)). The maximum likelihood estimators 3, 3, and 62 (cf. (3.188) —
(3.190)) coincide with the solution of least squares estimation in the model
y = X f+e€ with stochastic regressors when minimization is done conditional
on X. Under some general conditions, the maximum likelihood estimates
of parameters from a regular distribution are consistent, asymptotically
normal and asymptotically efficient. Based on corollary to the Cramér-Rao
Theorem Theil (1971, p. 395) and on investigations of Dhrymes (1974,
Lemma 14, p. 122-123), Fomby et al. (1984, pp. 56) have concluded that
this holds for the maximum likelihood estimates 3, 3y and 62. Further,
Fomby et al. (1984, pp. 72) state: “In summary, the inferential framework

(cf. (3.193))
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of the classical normal linear regression with fixed X is equally applicable
to the multivariate normal regression model”. This also concerns the usual
F-tests as well as the confidence interval estimation.

3.13 The Canonical Form

To simplify considerations about the linear model—especially when X is
deficient in rank, leading to singularity of X’'X—the so-called canonical
form is frequently used (Rao, 1973a, p. 43).

The spectral decomposition (Theorem A.30) of the symmetric matrix
X'X is

X'X = PAP' (3.194)
with P = (p1,...,pr) and PP’ = I. Model (3.58) can then be written as
y = XPPB+e

= Xf+e (3.195)

with X = XP, f = P/, and X'X = P'X'XP = A = diag(\1, ..., Ak ), s0
that the column vectors of X are orthogonal. The elements of 3 are called

regression parameters of the principal components. R
Let 8 = Cy be a linear estimator of # with the MDE matrix M (3, 3).

In the transformed model we obtain for the linear estimator P’ B =r Cy
of the parameter 3 = P’'3

M(P'3,3) = E(P'B—P'B)(P'B—PB)
= P'M(3,3)P. (3.196)

Hence, relations between two estimates remain unchanged. For the scalar
MDE (cf. Chapter 5) we have

tr{M(P'B3,3)} = tr{M(B, )}, (3.197)

so that the scalar MDE is independent of the parametrization (3.195).
For the covariance matrix of the OLS estimate b of [ in the original
model, we have

V(b) = o*(X'X) " =0 Y A pini- (3.198)
The OLS estimate b* of 3 in the model (3.195) is
b = (X/ v )—IX/y
= A'X'y (3.199)

with the covariance matrix

V() = oAt (3.200)
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Hence the components of b* are uncorrelated and have the variances var(b})
= 02/\;1. If A\; > A, then Bl is estimated more precisely than Bj:

var(by) A

var(bj) A <1. (3.201)
The geometry of the reparameterized model (3.195) is examined exten-
sively in Fomby et al. (1984, pp. 289-293). Further remarks can be found
in Vinod and Ullah (1981, pp. 5-8). In the case of problems concerning
multicollinearity, reparametrization leads to a clear representation of de-
pendence on the eigenvalues )\; of X’X. Exact or strict multicollinearity
means | X’X| = 0 in the original model and |X’X| = |A| = 0 in the repa-
rameterized model, so that at least one eigenvalue is equal to zero. For
weak multicollinearity in the sense of |X' 'X | & 0, the smallest eigenvalue
or the so-called

condition number k& = (i\\max> (3.202)
is used for diagnostics (cf. Weisberg, 1985, p. 200; Chatterjee and Hadi,
1988, pp. 157-178).

Belsley, Kuh and Welsch (1980, Chapter 3) give a detailed discus-
sion about the usefulness of these and other measures for assessing weak
multicollinearity.

3.14 Identification and Quantification of
Multicollinearity

In this section, we want to introduce more algebraically oriented methods:
principal components regression, ridge estimation, and shrinkage estimators
which are used to solve the problem of multicollinearity. Other methods
using exact linear restrictions and procedures with auxiliary information
are considered in Chapter 5.

The readers may note that when X is rank deficient (which we define as
the problem of multicollinearity), then Xi,..., Xk are not independent.
Such violation increases the variance of least squares estimators depending
on the degree of linear relationship.

3.14.1 Principal Components Regression
The starting point of this procedure is the reparameterized model (3.195)
y:XPP'ﬁ—i—e:XB—i—e.

Let the columns of the orthogonal matrix P = (p1,...,pk) of the eigen-
vectors of X’ X be numbered according to the magnitude of the eigenvalues



78 3. The Multiple Linear Regression Model and Its Extensions

Al > Ao > -+ > Ag. Then &; = Xp; is the i*" principal component and we
get

SE;.’;?Z = ng/Xpi = )\z . (3203)

We now assume exact multicollinearity. Hence rank(X) = K — J with
J > 1. We get (A.31 (vii))

Ak—jgy1=--=Ag =0. (3.204)

According to the subdivision of the eigenvalues into the groups A\; > --- >
Ak —g > 0 and the group (3.204), we define the subdivision

Ay O
0 0

5 @1 _( P
ﬁ_<ﬁ2> <P2/5>

with X, = 0 according to (3.203). We now obtain

P=(P,P), A:( ) X =(X,Xy)=(XP,XP,),

y = XIBI + XQBQ + € (3205)
= X101 +e (3.206)

The OLS estimate of the (K — J)-vector B is by = (X} X1) ' X}y. The
OLS estimate of the full vector 3 is

<%1) = (X'X)" X'y
— (PAP)X'y, (3.207)
with Theorem A.63
1
A= ( A(l) 8 > (3.208)

being a g-inverse of A.

Remark: The handling of exact multicollinearity by means of principal
components regression corresponds to the transition from the model (3.205)
to the reduced model (3.206) by putting X, = 0. This transition can be
equivalently achieved by putting Bg = 0 and hence by a linear restriction

0(0,1)(% )

The estimate b; can hence be represented as a restricted OLS estimate
(cf. Section 5.2).
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A cautionary note on PCR. In practice, zero eigenvalues can be distin-
guished only by the small magnitudes of the observed eigenvalues. Then,
one may be tempted to omit all the principal components with the cor-
responding eigenvalues below a certain threshold value. But then, there
is a possibility that a principal component with a small eigenvalue is a
good predictor of the response variable and its omission may decrease the
efficiency of prediction drastically.

3.14.2 Ridge Estimation

In case of rank(X) = K, the OLS estimate has the minimum-variance
property in the class of all unbiased, linear, homogeneous estimators. Let
A1 > Ao > ... > Ak denote the eigenvalues of S. Then we have for the
scalar MDE of b

K
tr{M (b, 8)} = tr{V(b)} = 0> D A" (3.209)
i=1
In the case of weak multicollinearity, at least one eigenvalue \; is relatively

small, so that tr{V(b)} and the variances of all components b; of b =
(b1,...,br)" are large:

bj = e}b,
var(b;) = €} V(bej, and, hence,
K
var(b;) = o° Z )\i_legpip;ej
i=1
K
= > N'p (3.210)
i=1
with the j* unit vector e; and the i*" eigenvector pl= (pi1, . . ., Pij, - - - PiKc)-

The scalar MDE
tr{M(b, B)} = E(b - B)' (b - 3)

can be interpreted as the mean Euclidean distance between the vectors b
and (3, hence multicollinearity means a global unfavorable distance to the
real parameter vector. Hoerl and Kennard (1970) used this interpretation
as a basis for the definition of the ridge estimate

b(k) = (X'X + k)" X'y, (3.211)

with k£ > 0, the nonstochastic quantity, being the control parameter. Of
course, b(0) = b is the ordinary LS estimate.
Using the abbreviation

Gr=X'X+kI)™!, (3.212)
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MDE (b(k), 3)

MDE(b, §)

Bias(b(k))

Var(b(k))

>k

FIGURE 3.6. Scalar MDE function for b = (X'X)™' X’y and b(k) = G X'y in
dependence on k for K =1

Bias(b(k), 8) and V(b(k)) can be expressed as follows:
E(b(k)) = GpX'XB=08-kGyS, (3.213)
Bias(b(k),5) = —kGip, (3.214)
V(b(k)) = o’GLX'XG),. (3.215)

Hence the MDE matrix is
M(b(k), ) = Gr(0*X'X + k*B3") G, (3.216)
and using X'X = PAP’, we get

2)\ +k’2ﬂ2

tr{M(b
a (i + k)2

(3.217)

(cf. Goldstein and Smith, 1974).

Proof: Let X'X = PAP’ be the spectral decomposition of X’X. We then
have (Theorems A.30, A.31)
X'X+klI=G;' = PA+E)P
Gy, = PA+kD)'P,

and in general
tr{diag(ly, - -+ , 1) B0 diag(ln,-- -, 1)} = > B 17

With [; = (\; + k) !, we obtain relation (3.217).

The scalar MDE of b(k) for fixed 0 and a fixed vector 3 is a function of
the ridge parameter k, which starts at > 02/\; = tr{V(b)} for k = 0, takes
its minimum for k& = kop¢ and then it increases monotonically, provided
that kopt < 0o (cf. Figure 3.6).
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We now transform M (b, 3) = M (b) = 0%(X'X)~! as follows:

M®) = o?Ge(GLHX'X)'GL )Gy,
F2GH(X'X + (X' X)) 4 2kI)G, . (3.218)

From Definition 3.10 we obtain the interval 0 < k < k* in which the ridge
estimator is MDE-I-superior to the OLS b, according to

Ab,b(k)) = M(b) = M(b(k),5)
= kGL[o*(2I +k(X'X)™") - kBF)GL.  (3.219)

Since G, > 0, we have A(b,b(k)) > 0 if and only if

22 + k(X'X)™Y) — kB3 >0, (3.220)
or if the following holds (Theorem A.57):

o kB RI+EX'X) g1, (3.221)

As a sufficient condition for (3.220), independent of the model matrix X,
we obtain

2021 — kBB >0 (3.222)
or—according to Theorem A.57—equivalently,
202
k< . 3.223
5/ 5 ( )

The range of k, which ensures the MDE-I superiority of b(k) compared to
b, is dependent on o~ !3 and hence unknown.

If auxiliary information about the length (norm) of 3 is available in the
form

BB<r?, (3.224)
then
202
k< 2 (3.225)

is sufficient for (3.223) to be valid. Hence possible values for k, in which
b(k) is better than b, can be found by estimation of o2 or by specification
of a lower limit or by a combined a priori estimation =253 < #2.

Swamy, Mehta and Rappoport (1978) and Swamy and Mehta (1977)
investigated the following problem:

mgn{U_Q(y —XB)'(y— XB)|F'3 <%}
The solution of this problem
Blu) = (X'X +o’ul) ' X'y, (3.226)
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is once again a ridge estimate and 3 (1)3(1) = r? is fulfilled. Replacing o2
by the estimate s? provides a practical solution for the estimator (3.226)
but its properties can be calculated only approximately.

Hoerl and Kennard (1970) derived the ridge estimator by the following
reasoning. Let 3 be any estimator and b = (X'X)"1X'y the OLS. Then
the error sum of squares estimated with B can be expressed, according to
the property of optimality of b, as

SB) = (—XP)(y—Xp)
(y— Xb)(y — Xb) + (b— B) X'X(b— )
= SO)+3(3), (3.227)

since the term

2(y — Xb)'X(b— ) 2y'(I - X(X'X)"'X") X (b~ )
2IMX(b—p5)=0

since M X = 0.
Let &g > 0 be a fixed given value for the error sum of squares. Then a
set {3} of estimates exists that fulfill the condition S(3) = S(b) + ®. In

this set {ﬂ} we look for the estimate ﬂ with minimal length:
win {55 + [(b—BYX'X(b— ) — Dol }, (3.228)

where 1/k is a Lagrangian multiplier. Differentiation of this function with
respect to 5 and 1/k leads to the normal equations

B (XX0(G-) =

and hence
B = (X'X+E)HX'X)b
= GrX'y, (3.229)
as well as
o= (b—pB)X'X(b— 7). (3.230)

Hence, the solution of the problem (3.228) is the ridge estimator 3 = b(k)
(3.229). The ridge parameter k is to be determined iteratively so that
(3.230) is fulfilled.

For further representations about ridge regression see Vinod and Ullah
(1981) and Trenkler and Trenkler (1983).
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3.14.8 Shrinkage Estimates

Another class of biased estimators, which was very popular in research
during the 1970s, is defined by the so-called shrinkage estimator (Mayer
and Wilke, 1973):

Blp)=(1+p)~', p>0 (pknown), (3.231)
which “shrinks” the OLS estimate:
EB(p) = (1+p) 7'

Bias (6(p),8) = —p(1+p)7'8,
V(B(p) = 1+p (X' X)",
and
M(B(p), 8) = (1 +p)2(V(b) + p65) . (3.232)

The MDE-I comparison with the OLS leads to
A, B(p) = (1+ p)~2po2[(p+ (X'X) " — 0~2pBF] > 0
if and only if (Theorem A.57)
0_2p
X' XB<1.
(r+2)
Then
o X'XB<1 (3.233)
is a sufficient condition for the MDE-I superiority of B(p) compared to b.

This form of restriction will be used as auxiliary information for the
derivation of minimax-linear estimates in Section 3.17.

Note: Results about the shrinkage estimator in the canonical model can
be found in Farebrother (1978).

Stein-Rule Shrinkage Estimators

The family of Stein-rule estimators are shrinkage estimators which shrink
all the regression coefficients towards zero. The Stein-rule estimator im-
proves on the OLSE under quadratic risk in the context of y = X3 + ¢,
€ ~ N(0,0%I), see Stein (1956). The Stein-rule estimator can be written in
the following form:

CVX'XDb

where b = (X’X)~1 X'y is the OLSE of 3, ¢? is known and ¢ > 0 is a
non-stochastic characterizing scalar. The Stein-rule estimator is nonlinear
in y and biased for 8 but dominates OLSE under quadratic risk when

0<c<2K-2). (3.235)

By = [1 o }b (3.234)



84 3. The Multiple Linear Regression Model and Its Extensions

The quadratic risk of (3.234) is minimum when ¢ = (K — 2) and the opti-
mum family of Stein-rule estimators is proposed by James and Stein (1961)
as

(K —2)o?

Bs = [1 ~YXIXD ] b; K>3 (3.236)

which is called as James-Stein estimator.
When o2 in (3.234) and (3.236) is unknown, then o2 can be substituted
by its estimate
o €6 (y—Xb)'(y—Xb)
T—p T—1p
There has been tremendous development in the area of Stein-type es-
timation. More recently Ohtani (2000) and Saleh (2006) compile many of
the developments in different directions.

S

3.14.4 Partial Least Squares

Univariate partial least squares is a particular method of analysis in models
with possibly more explanatory variables than samples. In spectroscopy
one aim may be to predict a chemical composition from spectra of some
material. If all wavelengths are considered as explanatory variables, then
traditional stepwise OLS procedure soon runs into collinearity problems
caused by the number of explanatory variables and their interrelationships
(cf. Helland, 1988).

The aim of partial least squares is to predict the response by a model
that is based on linear transformations of the explanatory variables. Partial
least squares (PLS) is a method of constructing regression models of type

9= Bo+ BT+ BTa+ -+ BTy, (3.237)
where the T; are linear combinations of the explanatory variables X7, Xo,
..., Xk such that the sample correlation for any pair T;,T; (¢ # j) is 0.
We follow the procedure given by Garthwaite (1994). First, all the data are
centered. Let ¢, 21, ..., %) denote the sample means of the columns of the
T x (K + 1)-data matrix

(y7X) = (ylvxla ce axk)7
and define the variables
U, = Y—ga, (3.238)
Vie = Xi—% (i=1,...,K). (3.239)
Then the data values are the T-vectors
u = y—1yl, (ﬂl = 0) , (3240)
Vi1 = X; — fll 5 (1_)12' == O) . (3241)
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The linear combinations T}, called factors, latent variables, or components,
are then determined sequentially. The procedure is as follows:

(i)

(iii)

(iv)

U, is first regressed against Vi1, then regressed against Vio, ..., then
regressed against V1. The K univariate regression equations are

Us = bV (i=1,...,K), (3.242)
/
where by; U,”ul. (3.243)
V14014

Then each of the K equations in (3.243) provides an estimate of
Ui. To have one resulting estimate, one may use a simple average
Zfil b1;V1i/ K or a weighted average such as

K
Th = Z w101V (3.244)
i=1
with the data value
K
i1 = Z w1ib1iv1; - (3.245)
i=1

The variable T should be a useful predictor of U; and hence of Y.
The information in the variable X; that is not in 77 may be estimated
by the residuals from a regression of X; on 17, which are identical to
the residuals, say Yo;, if V4, is regressed on T3, that is,

/
tlvli

Vo = Vi —
21 1z tlltl

T . (3.246)
To estimate the amount of variability in Y that is not explained by
the predictor 77, one may regress U; on T; and take the residuals,
say Us.

Define now the individual predictors

UQi = b2i‘/2i (l = 17 D) K) ) (3247)
where
A
ba; = U,QiuQ (3.248)
UgiV2i

and the weighted average
K
T2 = Z ’wgibgi‘/gi . (3249)
i=1

General iteration step. Having performed this algorithm k times,
the remaining residual variability in Y is Uiy and the residual
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information in X; is V(jy1);, where

t;uk
U1 = U — vy Ty, (3.250)
KUk
and
t%vki
VY(]H,l)Z' = Vki - tlt Tk . (3251)
KUk
Regressing U1 against Vig11); for I =1,..., K gives the individual
predictors
U(kJrl)i = b4 1)i Vik+1)i (3.252)
with
UEk-ﬁ-l)iukJrl
bleryi =,
(k+1)i Y (k+1)i

and the (k + 1)** component

K
Thr1 =Y Ws1)ib(es1)i Vier1)i - (3.253)

i=1

(v) Suppose that this process has stopped in the p** step, resulting in the
PLS regression model given in (3.237). The parameters G, 51, ..., Gp
are estimated by univariate OLS. This can be proved as follows. In
matrix notation we may define

Vik) Vi, . Vex) (k=1,...,p), (3.254)
U(k) = (bp1Vir, .. bkxVix) (E=1,...,p), (3.255)
wry = (wpi,-.wpr) (k=1,...,p), (3.256)
Ty = Upwy (k=1,...,p), (3.257)
V) tk,l
(k=1)
V Vie—1) — Th1- 3.258
(k) (k=1) £ tes k—1 ( )

By construction (cf. (3.251)) the sample residuals v(;41); are orthogo-
nal to ki, V(k—1)i,---,V1i, implying that fuzk)v(j) = 0 for £ # j, hence,
fLEk_)fL(j) =0 for k # j, and finally,

tht; =0 (k#3). (3.259)

This is the well-known feature of the PLS (cf. Wold, Wold, Dunn and
Ruhe, 1984; Helland, 1988) that the sample components ¢; are pairwise
uncorrelated. The simple consequence is that parameters (; in equation
(3.237) may be estimated by simple univariate regressions of Y against
Ty. Furthermore, the preceding estimates Bk stay unchanged if a new
component is added.
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Specification of the Weights

In the literature, two weighting policies are discussed. First, one may set
w;; = 1/K to give each predictor Uy; (¢ = 1,...,K) the same weight in
any k" step. The second policy in practice is the choice

Wi = U vk (for all k,4) . (3.260)

As Ty; = 0, the sample variance of V; is var(Vi;) = v, vk /(T — 1). Using
wg; defined in (3.260) gives wy;bg; = v}, ux and

K

T =Y (Vhittn) Viyi - (3.261)

i=1
The T-vector vy; is estimating the amount of information in X; that was
not included in the preceding component T} _1. Therefore, its vector norm
U}, Uk; is a measure for the contribution of X; to Tj.

Size of the Model

Deciding the number of components (p) usually is done via some cross-
validation (Stone, 1974; Geisser, 1974). The data set is divided into groups.
At each step k, the model is fitted to the data set reduced by one of the
groups. Predictions are calculated for the deleted data, and the sum of
squares of predicted minus observed values for the deleted data is calcu-
lated. Next, the second data group is left out, and so on, until each data
point has been left out once and only once. The total sum of squares (called
PRESS) of predictions minus observations is a measure of the predictive
power of the k" step of the model. If for a chosen constant

PRESS(;11) — PRESS(;) < constant,

then the procedure stops. In simulation studies, Wold et al. (1984) and
Garthwaite (1994) have compared the predictive power of PLS, stepwise
OLS, principal components estimator (PCR), and other methods. They
found PLS to be better than OLS and PCR and comparable to, for example,
ridge regression.

Multivariate extension of PLS is discussed by Garthwaite (1994). Hel-
land (1988) has discussed the equivalence of alternative univariate PLS
algorithms.

3.15 Tests of Parameter Constancy

One of the important assumptions in regression analysis is that the param-
eter vector ( is invariant against the changes in data matrix within the
sample, ¢.e., the parameters remain constant, see e.g., Johnston and Di-
Nardo (1997). In practice, this assumption may be violated over time and
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it gives rise to the problem of structural change. For example, the annual
economic data may exhibit a structural change in the consumption pattern
if there is a war and the point of structural change will be the year of war.
Consequently the parameters of the model before and after the war will not
remain same. There are various statistical and graphical methods to test
the presence of structural change and parameter constancy in the data.

3.15.1 The Chow Forecast Test

The idea behind the test of Chow (1960) is to divide the complete regression
model into two independent regression models such that the sample of size
T is divided into two subsamples of sizes T7 and T and T7 + 1> =T.

Partition y = X [+ € into two independent regression models as
Tx1 TxK

Y1 X1K €1
Ty x1 T X Ty x1
= + 3.262
Y2 Xo s €2 ( )
Tox1 Tox K Tox1

with E(ey€,) = 0. The test of Chow for testing the constancy of parameters
through Hy : 81 = (2 has the following steps:

(i) Estimate 8 using ordinary least squares estimator (OLSE) from the
first submodel y; = X183 + €1 based on a sample of size T}

b = (X1X1) " X{y.
(ii) Calculate the classical prediction from the second submodel yo =
X500 + €2 according to
U2 = Xobs.

(iii) Now find the prediction error of §s, i.e., assuming that the parameter
vector 3 remains constant for both the submodels.

A = yo—ipn (3.263)
= y2 — Xoby
= €2 — Xo(b1 — )
where by = 8+ (X]X1) ! X]e1 and using E(ereh) = 0, we get
E(A)=0
and
V(A) =EAA) = oI, + Xo V(b)) X}

= (I, + Xo( X1 X1) 71 X)), (3.264)
Assuming that € ~ N(0,021), we have
A~ N(0,V(A)),
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and
AV A)A ~ 3, . (cf. A.85(i)) (3.265)
The residual from the first submodel is
é1=y1 — Xab1 = (I, — Px,)ni (3.266)
where Py, = X;(X}X1)71X] is the hat matrix and
éér~ X5 k- (3.267)

Further, A’ V™' (A)A and & ¢, are independently distributed. There-
fore under the null hypothesis Hy : 51 = 2 (i.e., § remains same in
both submodels), the Chow’s statistic is
A'(Ir, + Xp(X1X1) 71 X5) T AT,

éé/(Th — K)
~ Fr,m-K (3.268)

F =

under Hy. The decision rule is to reject Hy when F' > Frp, 7~k 1—a-

Remark: The OLSE b, tests and measures of fit are invariant with respect
to the permutation of rows of the data matrix (y, X). Therefore the divi-
sion of the whole sample into two subsamples is arbitrary. In case of time
series data, the observations can follow the natural order, i.e., the first T}
observations in the first subsample and remaining in the second subsam-
ple. In general, the size of the second sample T5 should not be more than
5% — 15% of the total sample size T

The Chow-Test as a Mean—Shift Test

The Chow-test can also be derived using the idea of mean-—shift outlier
model (cf. (7.49)). Assuming that the observations follow the model

y1=X10+ e, (3.269)

and the period of forecasting follow another linear model with parameter
vector o as
y2 = Xoa+e
= Xof+Xo(a—pB)+e
= Xof+d+e (3.270)
where § = Xo(av— f3). Since 6 = 0 is equivalent to « = 3, so the hypothesis

of parameter constancy can be formulated as Hy : § = 0.
The two models (3.269) and (3.270) can be written as mixed model:

(w) = (2 2)()+(2)

= ZfB+e. (3.271)
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Since

X' X+ X)X X!
V7 11 2432 2
pz- () el

using Theorem A.19 of the Appendix A and further simplifying using (A.18)
gives
gz XX (X)L
o —Xg(X{Xl)_l ITQ +X2<X{X1>_1Xé ’

So the OLSE of 3 in (3.271) is

b _ X/yl + X/yg
= (Z'z)7"( ! 2
(o) = e (7
_ (X1 X1) "' X{y _ (b
Y2 — Xo(X1X1) ' X{y A
where A = y3 — 2 (cf. (3.263)). This means, that the Ty coefficients ¢ in
the second equation of the model (3.271) are estimated by the prediction

error A in (3.263).
Therefore the residuals in model (3.271) are estimated by

- ()
).

_ < y1 — X1b1 ) . (
B yo — Xoby — I, A )
which clearly shows that €5 = 0.

The hypothesis of parameter constancy Hy : o = [ is equivalent to
Hp : 6 =0 and can be rewritten as Hy : RS =0 with R = (0, 1) following
the structure of model (3.271). Therefore

>
—

o

R( " ) — A~ N(0, V(A))
under Hy where V(A) is given in (3.264) and A’ V7' (A)A ~ 3, .

This means that the statistic for testing the constancy of parameters is
equivalent to testing the linear restriction 6 = 0. Thus Hy : 6 = 0 can be
tested using the statistic F' of Chow from (3.268) (cf. also (3.117)).

Alternatively, we may interpret testing Hp : 6 = 0 in model (3.271) as
equivalent to choosing one of the models (3.262) or (3.271). Therefore we
again use the test statistic (3.85) as

(€e —€161)/Ts
F=", 3.272
4 /(T3 — K) (272
where €| é; is the RSS in the regression of y; on X; based on Ty observations
and €'¢ is the RSS in the regression based on all T' observations. To use
this test in practice, one has to calculate
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e the RSS &) é; from the regression of y; on X; based on T3 observations,
e the RSS é’¢ from the regression of y on X based on all T observations

and substitute these values in (3.272).

3.15.2 The Hansen Test

The sample was divided into two subsamples arbitrarily in the test of Chow.
The Hansen test does not consider an arbitrary division of the sample. This
test is based on cumulative observations. Considering the model y = X G+e¢,
the residuals based on the OLS estimation are

¢=y—Xb= (I — Px)= Me

where b = (X' X)™1 X'y and Py = X (X’X)~ !X’ is the hat matrix. It holds
that X’M = 0. Therefore we have

X'e=0,
which can be written componentwise as
T
ve=>Y wyé =0, (i=1,...,K). (3.273)
t=1
The maximum likelihood estimate of o2 is 6% = %23:1 é2, (cf. (3.64))

which can be expressed as

> (& -6%)=0. (3.274)

t=1
Hansen (1992) defined a function
Iitét Z:L,K
it = 3.275
fu {é?—&Q i=K+1. (3:275)

Then using (3.273) and (3.274), we note that
T
> fu=0, i=1,..  K+1. (3.276)
t=1

The Hansen test statistic is based on the cumulative sums of f;;, defined
as

t
Sit = Z Jij - (3.277)
j=1

The statistic S;; can be used for constructing the test statistic for testing
the stability of individual parameters as well as the stability of several
parameters.



92 3. The Multiple Linear Regression Model and Its Extensions

For testing the stability of individual parameters, the test statistic is defined
as

T
1 ) .
L= Tu, ;Sﬁ (i=1,...,K+1) (3.278)
where
T
vi=> I (3.279)
t=1

Let fi = (fit,---» fx+1,) and s, = (Sut,-..,Sk+1,4) , then the test
statistic for testing the stability of several parameters is defined as

T
Le= ; t; siVTls, (3.280)
where
T
V=> ffl. (3.281)
t=1

Under the null hypothesis of the parameter constancy, the test statistics
L; in (3.278) or L. in (3.280) are expected to be distributed around zero.
The distributions of L; and L. are not standard and tables are available
for their critical values, see e.g., Johnston and DiNardo (1997, Table 7,
Appendix). Then large values of L; or L. suggest the rejection of null
hypothesis meaning thereby the parameters are not stable.

3.15.8 Tests with Recursive Estimation
The t** row of the model y = X + € is
y =28+ € (t=1,...,7). (3.282)

Let X; = (2,...,2})" be the matrix of the first i rows corresponding
to the observation vector y; and b; = (X[X;) ' X/y; is the corresponding
OLSE.

Now we fit the model successively starting with ¢+ = K and obtain an
estimate bx based on first K observations. In the second step, use the
first K 4 1 observations to estimate § and obtain bx 1. This procedure is
continued with K +2,...,T observations and the OLSEs of § are obtained.
This generates a sequence by, bx 11, .. .,br where b; = (X/X;) "' X/y; (i =
K,...,T). This sequence can be plotted (b; £ 2x standard deviations)
and a visual inspection can give a good idea about the possible parameter
inconstancy.

Some other available procedures are CUSUM and CUSUMSQ-Tests, see
e.g., Brown, Durbin and Evans (1975) for more details.
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3.15.4 Test for Structural Change

In the Chow test, the model y = X[ + ¢ was partitioned such that 3
remains same over the two independent submodels. Now we partition the
model into two different submodels with different parameters as follows:

(1)=(% 2)(3)(2)on(%) e oo

where each 3; is K x1, X = ( )81 )? ) and assume that e = (e1 , €2)’ ~
2
N(0,021).
Thus the null hypothesis about the structural change is

Ho: 1= P2, (3.284)
which means there is no structural change. There are three test procedures
to test Ho : ﬁl = ﬁg.

Two-Sample-Test

The model (3.283) is the aggregation of two independent regression models.
The OLSE of the whole vector (1, 32)" is

y o (W _(Xxi o0 Xy
by 0  X}X, X5y2
_ (XX Xqn
B ( (X4X0) ™ Xy ) (3.285)
where by and by are independent. Under Hy : 31 = (32, we have
b1 — b ~ N(0,0[(X1X1) ™" + (X3X2)71]).
Hence we get the two-sample test statistic:
(b1 —b2) (X1 X1) ™! + (X5 X2) 7] (b1 —b2) T —2K
52 K
with (T — K)s? = ¢’¢ and ¢'é = €|é; + é,éa where &; = y; — X;b; for i = 1,2.
The test statistic F in (3.286) can also be derived in an alternative way.
The hypothesis (3.284) can also be rewritten as Hy : 1 — 32 = 0, i.e.,

F= (3.286)

R ( g; ) =7 withr=0and R= (Ig,—Ix) . (3.287)

Therefore under Hy,
Rb~ N(0,0°R(X'X)"'R)
and
(Rb—7)[R(X'X) 'R ™M (Rb—7) ~ 0*x%

which is same as the numerator of F' in (3.286).
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Tests Using Restricted Least Squares Estimator

If we interpret (3.283) as a unrestricted classical regression model, then the
hypothesis Hy : 81 = B2 = 3 is equivalent to the following submodel:

Y1 X1
— . 3.288
(3 )=(% )0 @259
The OLSE of 8 in model (3.288) is
B = (X{X1 4+ X3X2) " (X{y1 + Xspo) - (3.289)

The model (3.288) may be interpreted as submodel of (3.283) under
the linear restriction (3.287). The corresponding restricted least squares
estimator for model (3.283) is

b(R)=b+ (X'X)'R(R(X'X)"'R)"*(r — Rb) (3.290)

with X and b as in (3.283) and (3.285), respectively.

The equivalence of the estimators (3.290) and (3.289) may be proved as
follows:

Let S; = (X!X;), i = 1,2. Then we may write

= (205 2)(4)
en(5 (L)) 0w
Let
A:(I,—I)( Sgl 521 ) ( f] ) =(S71 551,

then (cf. A.18(iii))
ATl = 8 —81(S1 + S2)71 S
= Sy —S5(S1 +S2)71S,.
Using this we get

1
b(R) = ( Zl > < 51 —1 >A1(b2 —by)
2 Sy
by — (S1 +S2) 71 S1ba + (51 4 S2) ' X{y
by — (S1 + 52) 1Soby + (S1 + So) "1 Xby
(S1+ 82)~ X1y1 + X35y2)
_ 3.291
( (S1 4+ S2) N X{y1 + X5y9) ( )
as
(Sy 4+ S2)71S1by = (S1+ S2)7 (S + Sy — So)by

= by — (S1+S2) ' Xy .
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The restricted estimator follows the restrictions, i.e., Rb(R) = 0. (But
this is just the relation (3.291), which as a consequence, corresponds to B
(3.289).)

The model (3.283) corresponds to the whole parameter space Q0 and
model (3.288) corresponds to the subset of parameter space w C €.
Therefore the test statistic F' in (3.85) is

€hér —€e T —2K
T ¢e K

. (Y X A
=) (%)
with § from (3.289) and
(2)- (% £)(8)
Y2 0 X by ’

In practice both the models can be used with any statistical software
and give the test statistic F' as in (3.292).

F ~ Fr 7oK (3.292)

where

Alternative Test in Unrestricted Model

Following Johnston and DiNardo (1997, p. 127), we use the unrestricted

model
'A% Xl 0 51 €1
= + . 3.293
(y2> (Xz X2>(/32/31> (€2> ( )
Now Hy : 51 = (B2 can be tested by checking the significance of the last K
regressors. This procedure can also be used with any statistical software.

Testing the Slope Parameter

For testing the slope parameter, use partition

x=(% 5 ) o=l
and further partition
X1 =11, X7), Xo=(1z, XJ) with X} :T; x (K —1).
The test of hypothesis
Ho: By =05 (3.294)
is now based on the unrestricted model

aq

vy _ (1. 0 X{ O o
( o ) = ( 0 1, 0 X3 - +e€. (3.295)

*

2
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On the other hand, the restricted model becomes

aq
yl o 11 0 Xik
( " ) = ( 0 1, X3 @2 +e. (3.296)
B
The test of Hp in (3.294) is now based on the residual sum of squares from
both the models (3.295) and (3.296).

Alternatively, the model (3.295) can be written as
a1
Y1 1, 0 Xy O g —
= * * * + €. 3.297
<y2> <12 1, X5 X5 b1 ‘ ( )
By — B

Now to test Hy : 87 = (5 as in (3.294), we simply have to test the
significance of the parameters associated with the last (K — 1) regressors.

3.16 Total Least Squares

In contrast to our treatment in the other chapters, we now change assump-
tions on the independent variables, that is, we allow the X; to be measured
with errors also. The method of fitting such models is known as orthogonal
regression or errors-in-variables regression, also called total least squares.
The idea is as follows (cf. van Huffel and Zha, 1993).

Consider an overdetermined set of m > n linear equations in 7 unknowns
x(A:mxn,z:nx1l,a:mx1)

Az =a. (3.298)
Then the ordinary least-squares problem may be written as
Amﬂign la —all2 subject to ae€ R(A), (3.299)
acR™

where ||z||2 is the Lo-norm or Euclidean norm of a vector x. Let G be a
solution of (3.299), then any vector z satisfying Az = a is called a LS
solution (LS = least squares). The difference

Aa=a—a (3.300)

is called the LS correction. The assumptions are that errors occur only in
the vector a and that A is exactly known.

If we also allow for perturbations in A, we are led to the following
definition.

The total least-squares (TLS) problem for solving an overdetermined
linear equation Az = a is defined by

~min 1(4,a) — (4,a)|F (3.301)
(A,a)eRmx (n+1)
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subject to
a € R(4), (3.302)
where
1Qllr = [tr(QQ"))2 (3.303)

is the Frobenius norm of a matrix Q. A
If a minimizer (4, a) is found, then any x satisfying Az = a is called a
TLS solution, and
[AA, Ad] = (A, a) — (A, a) (3.304)

is called the TLS correction.

Indeed, the TLS problem is more general than the LS problem, for the
TLS solution is obtained by approximating the columns of the matrix A
by A and a by a until @ is in the space R(jl) and Az = a.

Basic Solution to TLS

We rewrite Ax = a as

(4, a) < _”31 ) =0. (3.305)
Let the singular value decomposition (SVD; cf. Theorem A.32) of the
(m,n + 1)-matrix (A, a) be

(A,a) = ULV’
n+1

> Ly, (3.306)
=1

where Iy > ... > l,41 > 0. If 1,41 # 0, then (A,a) is of rank n + 1,
R((A,a)’) =R, and (3.305) has no solution.

Lemma 3.17 (Eckart-Young-Mirsky matrix approximation theorem) Let A
n X n be a matriz of rank(A) = r, and let A = Z::lliuivg, l; > 0, be
the singular value decomposition of A. If k < r and A = Zle liugv}, then

min A= Alls = A= Aulla = bt

rank(A)=k
and
. . P
Lmin A= Ale= 4= Ade= 3 &,

i=k+1

where p = min(m,n).
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Proof: See Eckart and Young (1936), Mirsky (1960), Rao (1979; 1980).
Based on this theorem, the best rank n approximation (A, a) of (4, a) in
the sense of minimal deviation in variance is given by

(A,a) =ULV', where L=(l1,...,1n,0). (3.307)
The minimal TLS correction is then given by
lns1= min  |[(4,a) — (4,d)|F. (3.308)
rank(A,a)=n
So we have
(A,a) — (A,a) = (AA, Ad) = Ly 110y - (3.309)

Then the approximate equation (cf. (3.305))

(A, a) < 7 ) =0 (3.310)

is compatible and has solution

; -1
( _”’1 > = Vnt1 s (3.311)

Un+1,n+1

where vy, 41 41 is the (n+ 1) component of the vector v,,41. Finally, & is
solution of the TLS equation Az = a.

On the other hand, if l,41 is zero, then rank(A,a) = n, v,41 €
N{(A,a)}, and the vector # defined in (3.311) is the exact solution of

Az = a.

3.17 Minimax Estimation

3.17.1 Inequality Restrictions

Minimax estimation is based on the idea that the quadratic risk function
for the estimate B is not minimized over the entire parameter space R,
but only over an area B(f) that is restricted by a priori knowledge. For
this, the supremum of the risk is minimized over B(f3) in relation to the
estimate (minimax principle).

In many of the models used in practice, the knowledge of a priori re-
strictions for the parameter vector # may be available in a natural way.
Stahlecker (1987) shows a variety of examples from the field of economics
(such as input-output models), where the restrictions for the parameters
are so-called workability conditions of the form ; > 0 or 3; € (a;,b;) or
E(y:|X) < a; and more generally

AB<a. (3.312)

Minimization of S(8) = (y — XB)'(y — XB) under inequality restric-
tions can be done with the simplex algorithm. Under general conditions
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we obtain a numerical solution. The literature deals with this problem
under the generic term inequality restricted least squares (cf. Judge and
Takayama, 1966; Dufour, 1989; Geweke, 1986; Moors and van Houwelin-
gen, 1987). The advantage of this procedure is that a solution B is found
that fulfills the restrictions. The disadvantage is that the statistical prop-
erties of the estimates are not easily determined and no general conclusions
about superiority can be made. If all restrictions define a convex area, this
area can often be enclosed in an ellipsoid of the following form:

B(3)={p: TS <k} (3.313)
with the origin as center point or in
B(B, o) ={B: (B —Po)'T (8~ bo) < k} (3.314)

with the center point vector .
For example, (3.312) leads to 'A’AB < a?, and hence to the structure

B(B).

Inclusion of Inequality Restrictions in an Ellipsoid

We assume that for all components §; of the parameter vector (3, the
following restrictions in the form of intervals are given a priori:

The empty restrictions (a; = —oo and b; = o0) may be included. The
limits of the intervals are known. The restrictions (3.315) can alternatively
be written as

1B — (ai + i) /2] o
Lo —ay) | 51 (i=1,...,K). (3.316)

We now construct an ellipsoid (8 — 8)'T(6 — o) = 1, which encloses the
cuboid (3.316) and fulfills the following conditions:
(i) The ellipsoid and the cuboid have the same center point, Sy = ;(al +
b1,...,ax +bK)
(ii) The axes of the ellipsoid are parallel to the coordinate axes, that is,
T = diag(t1,...,tk).

(iii) The corner points of the cuboid are on the surface of the ellipsoid,
which means we have

i(ai;bl>2ti:1. (3.317)

i=1

(iv) The ellipsoid has minimal volume:

V=ck ]t 2, (3.318)
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with cx being a constant dependent on the dimension K.

We now include the linear restriction (3.317) for the ¢; by means of
Lagrangian multipliers A and solve (with ¢*VZ = [[t; 1)

K K a b 2
minV = min =\ ) =1 b 3.319
{t:} {t:} {H ' [Z< 2 ) H (3:319)

i=1 i=1

The normal equations are then
ov s 4 a; — b\’
= _¢7 tLox[ 77 ) = .32
o, ; g ; < ) ) 0 (3.320)

and

V = b\
ZZZ(“2 > ti—1=0. (3.321)
From (3.320) we get

2

2

A= —tj2||ti1< ) (forall j =1,...,K)
i a4 = b

K 5 \2

_ —1 —1

= —t; Hti <aj—b-> , (3.322)
=1

J

and for any two i, j we obtain

i b\ =0\
ti<a ) ) =t (“12 J) : (3.323)

and hence—after summation—according to (3.321),

K ai —bi\? a; —bi\?
Z( 22 ) tiKtj< J2 J) =1. (3.324)

i=1

This leads to the required diagonal elements of T

Hence, the optimal ellipsoid (8 — 80)'T(8 — Bo) = 1, which contains the
cuboid, has the center point vector

1
ﬂéi 2(a1+bl,...,a[(+b[() (3.325)

and the following matrix, which is positive definite for finite limits a;, b;

(ai ?é bi)7

T diag;l( (01— ar) 2. (b — axe)~). (3.326)
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bof- — — —

B
[

[
[ [
: I > 5

aq bl

FIGURE 3.7. A priori rectangle and enclosing ellipsoid

Interpretation: The ellipsoid has a larger volume than the cuboid. Hence,
the transition to an ellipsoid as a priori information represents a weakening,
but comes with an easier mathematical handling.

Ezxample 3.1: (Two real regressors) The center-point equation of the
ellipsoid is (cf. Figure 3.7)

22 g2
(12—~_b2:17
or
> 0 T
x, a =1
en (5 3)(5)
with

. 11 .
T = diag <a2’ b2> = diag(t1,t2)

1

71 —
and the area F' = mab = 7t *t, *.

3.17.2  The Minimax Principle

Consider the quadratic risk Ry (/3’, 8, A) = tr{AM(B, 08)} and a class {B} of
estimators. Let B(3) C RE be a convex region of a priori restrictions for
(. The criterion of the minimax estimator leads to the following.

Definition 3.18 An estimator b* € {3} is called a minimaz estimator of 3
if

min sup Ry (3,8, A) = sup Ry (b*, 3, A). (3.327)
{B} peB BEB
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Linear Minimax Estimators

We now confine ourselves to the class of linear homogeneous estimators
{8 = Cy}. For these estimates the risk can be expressed as (cf. (4.16))

Ri(Cy, B, A) = c*tr(ACC") + B'T> AT23 (3.328)
with
A=T"2(CX - I)VA(CX — )T 2, (3.329)
and T > 0 is the matrix of the a priori restriction
B(B)={B:BTB<k}. (3.330)
Using Theorem A.44 we get
ol il
sup b Tg,?;z b Amax(A)
and hence
sup  Ri(Cy, B, A) = 0?tr(ACC") + kAmax(A) . (3.331)
B'TB<k

Since the matrix A (3.329) is dependent on the matrix C, the maximum
eigenvalue )\max(;l) is dependent on C as well, but not in an explicit
form that could be used for differentiation. This problem has received
considerable attention in the literature. In addition to iterative solutions
(Kuks, 1972; Kuks and Olman, 1971, 1972) the suggestion of Trenkler and
Stahlecker (1987) is of great interest. They propose to use the inequality
Amax(A) < tr(A) to find an upper limit of Ry (Cy, 3, A) that is differen-
tiable with respect to C, and hence find a substitute problem with an
explicit solution. A detailed discussion can be found in Schipp (1990).

An explicit solution can be achieved right away if the weight matrices are
confined to matrices of the form A = aa’ of rank 1, so that the R; (B, B8, A)

risk equals the weaker Ry(3, 3, a) risk (cf. (4.5)).

Linear Minimax Estimates for Matrices A = aa’ of Rank 1

In the case where A = aa’, we have

A=[T">(CX —I)a][a'(CX — )T~ 2] = ad, (3.332)

and according to the first Corollary to Theorem A.28 we obtain Apax(A) =
a'a. Therefore, (3.331) becomes

sup Ro(Cy,B,a) = 0?d’CC'a+ka' (CX — T H(CX —I)a. (3.333)
B'TB<k
Differentiation with respect to C' leads to (Theorems A.91, A.92)

1
5 680{ sup Ry(Cy,B,a)} = (6*I + kXT 'X")C'ad’ — kXT 'ad’.
B'TB<k
(3.334)
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Since a is any fixed vector, (3.334) equals zero for all matrices aa’ if and
only if

CL=k(PI+kXT'X) I XT™. (3.335)

After transposing (3.335) and multiplying from the left with (0T + k),
we obtain

(*T +kS)C. = kX'[o’T+EXT'X'|[0*T+kXT X7}
= kX',
which leads to the solution (S = X'X)
Co=(S+kto®T) X', (3.336)

Using the abbreviation
D, = (S+k~'o?T), (3.337)
we have the following theorem.

Theorem 3.19 (Kuks, 1972) In the model y = X3 + ¢, € ~ (0,0%I), with
the restriction 3'T3 < k with T > 0, and the risk function Ra2(3,[,a), the
linear minimax estimator is of the following form:

be = (X'X+k7'0°T) ' Xy
= D 'X'y (3.338)
with
Bias(b.,3) = -k 'o?’D;'TpB, (3.339)
V() = o*D;'SD;! (3.340)
and the minimazx risk
sup Ra(bs,B,a) = 0?d’ D a. (3.341)
B'TR<k

Theorem 3.20 Given the assumptions of Theorem 8.19 and the restriction
(B = Bo)T(B — Bo) < k with center point By # 0, the linear minimaz
estimator is of the following form:

b (Bo) = Bo + D7 X' (y — X o) (3.342)

with
Bias(b.(50), 8) = —k~'o?DI\T(8 — fo), (3.343)
V(b(B0)) = V(bs), (3.344)

and
sup Ro(b+(B0), 3,a) = 0*a’ D *a. (3.345)

(B=PBo)' T(B—Po)<k

Proof: The proof is similar to that used in Theorem 3.19, with 5 — Gy = 3.
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Interpretation: A change of the center point of the a priori ellipsoid has an
influence only on the estimator itself and its bias. The minimax estimator
is not operational, because of the unknown o2. The smaller the value of k,
the stricter is the a priori restriction for fixed T'. Analogously, the larger
the value of k, the smaller is the influence of 5'T3 < k on the minimax
estimator. For the borderline case we have

B(B) ={p:8TH<k} -RE as k— oo
and

lim b, — b= (X'X)"'X'y. (3.346)

k—o0

Comparison of b, and b
(i) Minimax Risk Since the OLS estimator is unbiased, its minimax risk is

sup Ra(b,-,a) = Ry(b,-,a) = 0%d’S™'a. (3.347)
B'TB<k

The linear minimax estimator b, has a smaller minimax risk than the OLS
estimator, because of its optimality, according to Theorem 3.19. Explicitly,
this means (Toutenburg, 1976)

RZ(ba'aa) - sup RQ(b*vﬂva)
B'TB<k

= %S - (k*T+S) Ha>0, (3.348)
since S7! — (k710?T + S)=1 > 0 (cf. Theorem A.40 or Theorem A.52).
(ii) MDE-I Superiority With (3.343) and (3.344) we get

M(b.,3) = V(b.)+ Bias(bs, 3) Bias(bs, 3)’
o?’D; NS+ k20*TBA' T D . (3.349)

Hence, b, is MDE-I-superior to b if
A(b,b,) = 0*D;D.S™'D, — S — k20*TBB'T'ID;* >0, (3.350)

hence if and only if

B = D.S7'D,-8S—k2c*TB3'T’
= k7 20'T{S™ ' 4+ 2ka 2T~} — 07 2B8F'|T > 0
= k726 TC2[I — 0 2C™ 283/ C~2]C>T >0 (3.351)
with C' = S~! + 2ko=2T 1. This is equivalent (Theorem A.57) to
o 2B (ST 4 2ke 2T TIp < 1. (3.352)
Since (2ko=2T—1) =1 — (S~ + 2ko=2T~1) > 0,
i< 2 (3.353)
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('Bj = d (misspecified)

7

B'TB =k (correct)

FI1GURE 3.8. Misspecification by rotation and distorted length of the axes

is sufficient for the MDE-I superiority of the minimax estimator b, com-
pared to b. This condition corresponds to the condition (3.223) for the
MDE-I superiority of the ridge estimator b(k) compared to b.

We now have the following important interpretation: The linear min-
imax estimator b, is a ridge estimate b(k~'o?). Hence, the restriction
BT3B < k has a stabilizing effect on the variance. The minimax estimator
is operational if 02 can be included in the restriction 8/T8 < o2k = k:

be = (X'X +E71T) 71Xy,

Alternative considerations, as in Chapter 6, when o2 is not known in the
case of mixed estimators, have to be made (cf. Toutenburg, 1975a; 1982,
pp. 95-98).

From (3.352) we can derive a different sufficient condition: kKT~ — 33" >
0, equivalent to 'T 3 < k. Hence, the minimax estimator b, is always
MDE-I-superior to b, in accordance with Theorem 3.19, if the restriction is
satisfied, that is, if it is chosen correctly.

The problem of robustness of the linear minimax estimator relative to
misspecification of the a priori ellipsoid is dealt with in Toutenburg (1984;
1990)

Figures 3.8 and 3.9 show typical situations for misspecifications.

3.18 Censored Regression

3.18.1 Overview
Consider the regression model (cf. (3.23))

y=z,8+e, t=1,...,T. (3.354)
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fBa
A

(8= 0o)T(8 — Bo) =k (misspecified)

Bo

C/ > (1
"T3 = k (correct)

B

F1GURE 3.9. Misspecification by translation of the center point

There are numerous examples in economics where the dependent variable
y; is censored, and what is observable is, for example,

yy =1 if y >0,

yi=0 if y <0, (3.355)
or

yi =y if y>0,

yy =0 if y<0. (3.356)

Model (3.355) is called the binary choice model, and model (3.356), the
Tobit model. The problem is to estimate 8 from such models, generally
referred to as limited dependent variable models. For specific examples
of such models in economics, the reader is referred Maddala (1983). A
variety of methods have been proposed for the estimation of 5 under models
(3.354, 3.355) and (3.354, 3.356) when the e;’s have normal and unknown
distributions.

Some of the well-known methods in the case of the Tobit model (3.354,
3.356) are the maximum likelihood method under a normality assumption
(as described in Maddala, 1983, pp. 151-156; Amemiya, 1985, Chapter 10;
Heckman, 1976), distribution-free least-squares type estimators by Buckley
and James (1979) and Horowitz (1986); quantile including the LAD (least
absolute deviations) estimators by Powell (1984); and Bayesian computing
methods by Polasek and Krause (1994). A survey of these methods and
Monte Carlo comparisons of their efficiencies can be found in the papers by
Horowitz (1988) and Moon (1989). None of these methods provides closed-
form solutions. They are computationally complex and their efficiencies
depend on the distribution of the error component in the model and the
intensity of censoring. No clear-cut conclusions emerge from these studies
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on the relative merits of various methods, especially when the sample size
is small. Much work remains to be done in this area.

In the present section, we consider some recent contributions to the
asymptotic theory of estimation of the regression parameters and tests of
linear hypotheses based on the LAD method, with minimal assumptions.

3.18.2 LAD Estimators and Asymptotic Normality

We consider the Tobit model (3.354, 3.356), which can be written in the
form

yt-‘r:(l‘iﬁ—"—ﬁt)-‘r’ 2‘::17...,7—’7 (3.357)

where y;” = y:I, (y. > 0), and I(-) denotes the indicator function of a set,
and assume that

(A.1) €,¢€2,... are i.i.d. random variables such that the distribution func-
tion F of € has median zero and positive derivative f(0) at
Z€T0.

(A.2) The parameter space B to which 3y, the true value of 3, belongs is a
bounded open set of RX (with a closure B).

Based on the fact med(y;") = (2,30)", Powell (1984) introduced and
studied the asymptotic properties of the LAD estimate O of By, which is
a Borel-measurable solution of the minimization problem

Z lyi — (2, 8r)*| = min {Z lyf — (z3)F] : B e B} : (3.358)

t=1

Since thl lyr — (2,8)T] is not convex in f3, the analysis of Br is quite
difficult. However, by using uniform laws of large numbers, Powell estab-
lished the strong consistency of BT when z;’s are independent variables
with E ||z¢||* being bounded, where || - || denotes the Euclidean norm of a
vector. He also established its asymptotic normal distribution under some
conditions.

With the help of the maximal inequalities he developed, Pollard (1990)
improved the relevant result of Powell on asymptotic normality by relax-
ing Powell‘s assumptions and simplified the proof to some extent. Pollard
permitted vectors {x:} to be deterministic. We investigate the asymp-
totic behavior of BT under weaker conditions. We establish the following
theorem, where we write

T
e =B and Sr = Zl(ut > 0)zi2) . (3.359)

t=1
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Theorem 3.21 Assume that (A.1), (A.2) hold, and the following assump-

tions are satisfied:

(A.8) For any o > 0, there ezists a finite « > 0 such that

T
S lzdPI(lze] > @) < oAmin(Sr)  for T large,
t=1

where Amin(ST) is the smallest eigenvalue of St.

(A.4) For any o > 0, there is a 6 > 0 such that

T
Z @[ 2I(|e] < 6) < 0Amin(ST)  for T large.
t=1

(A.5)

(St)

min<logT>2‘>007 as T — o00.

Then
2/(0)87(Br — Bo) - N(0, Txc)

where I denotes the identity matrix of order K.

Note: If (A.1)-(A.4) and (A.5*): Amin(ST)/logT — oo hold, then
Jim Br = By in probability .

For a proof of Theorem 3.21, the reader is referred to Rao and Zhao (1993).

3.18.8 Tests of Linear Hypotheses

We consider tests of linear hypotheses such as

H'(B—5y) =0 against Hy: H (8 — ) #0, (3.360)
where H is a known K X g-matrix of rank ¢, and [y is a known K-vector
(0 < g < K). Let

A zb) T — 3.361
Br H’(ﬁ 6) OZ| t ui'| ( )

Br = argmfz )T — | (3.362)
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where all the infima are taken over b € B. Define the likelihood ratio, Wald
and Rao’s score statistics:

T T
My =Y [(@80)" =y | =D |@iBr)" — v, (3.363)
t=1 t=1

Wr(Br — Bo) H(H'S; H) ™" H' (B — B) , (3.364)
Ry = &(67)'S7€(67) (3.365)

where St is as defined in (3.359) and

I(xb > 0)sgn(zjb — y; )¢

E

) =

~
Il

1

I
[M]=

I(z}b > 0)sgn(wb — yi)xs -

~
Il
-

The main theorem concerning tests of significance is as follows, where we
write

_1
2

_1 1
zr =Sy xy, Hr=Sp*H(H'S;:'H) 2,

T

ZI(Mt > 0)xyrayy = I, HpHr =1,.
t=1

Theorem 3.22 Suppose that the assumptions (A.1)-(A.5) are satisfied. If
is the true parameter and Ho holds, then each of 4f(0)Mz, 4[f(0)]*Wr,
and Rt can be expressed as

T 2

Z I(pe > 0)sgn(ey) Hypwyr

t=1

+ox(1). (3.366)

Consequently, 4f(0)Mr, 4f(0)2Wr, and Ry have the same limiting chi-
square distribution with the degrees of freedom q.

In order for the results of Theorem 3.22 to be useful in testing the hy-
pothesis Hy against Hq, some “consistent” estimates of St and f(0) should
be obtained. We say that St is a “consistent” estimate of the matrix S if

1 A _1
Sp2S5rSp? —Ix as T — 0. (3.367)

It is easily seen that

T
Sp = ZI(I;BT > 0)xy

t=1
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can be taken as an estimate of Sp. To estimate f(0), we take h = hy > 0
such that A — 0 and use

fT(0> = hZI<.’E;BT>0>_1

t=1
T A A
x Y I(@,r > 0) I(wifr <y <wiBr+h) (3.368)
t=1
as an estimate of f(0), which is similar to that suggested by Powell (1984).
Substituting St for St and fr for £(0) in (3.363), (3.364), and (3.365), we
denote the resulting statistics by Mr, Wr, and Ry, respectively. Due to
consistency of St and fr(0), all the statistics
Afp(0)Myp, Alfr(0)*Wr, and Ry (3.369)

have the same asymptotic chi-square distribution on ¢ degrees of freedom.

Note: It is interesting to observe that the nuisance parameter f(0) does
not appear in the definition of Rp. We further note that

Afp(0) My = 4[fr(0))*Wr + 0k (1), (3.370)
and under the null hypothesis, the statistic
~ 2 ~
M X M2
Up=4| ") Wr=4_T£,2 (3.371)
Wr Wr

We can use Ur, which does not involve f(0), to test Hy. It would be of
interest to examine the relative efficiencies of these tests by Monte Carlo
simulation studies.

3.19 Simultaneous Confidence Intervals

In the regression model

y =X [ + €
Tx1l TxKKXT Tx1
with E(e) = 0,E(ee’) = 02I, the least squares estimator of 3 is B =
(X'X)"1X'y and V(B) = 0*(X'X)~! = 0?H (say). To test the hypothesis
3 = (o, we have seen that the test criterion is
(B Bo)H~1(3 — Bo)
Ks?

where (T — K)s2 = y/'y — 3’ X'y, and Fg p_ is the F-statistic with K and
T — K degrees of freedom.

F= ~ Frr_x (3.372)
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We give a characterization of the above F-test, which leads to the con-
struction of Scheffé’s simultaneous confidence intervals on linear functions
of 8. Consider a single linear function I’3 of 3. The least squares estimator
of I3 is I' 3 with covariance o2I’ Hl. Then the t-statistic to test a hypothesis
onl'f is

gy
t= ve lﬁ. (3.373)
V2 Hl
Now we choose | to maximize
U'(B-p8)3-p8)1

s2UHI

Using the Cauchy-Schwarz inequality (see Theorem A.54), we see the
maximum value of 2 is

(B—B)YH (- p)

52 ’
which is K'F, where F is as defined in (3.372). Thus, we have

B—BYH'B-8) _ 1 (B —B)(B—-p)1
( )KSQ( ):K52mzax( l’)IE[l M Pk

If F1_, is the (1 — a) quantile of Fx 1k, we have

P {mﬁx (3 - Z)/(gl— QL Fl_a} i

that is,
P {\l'(B — B)(B - B)'1| < s\/KF_o'HI for all z} —1-a
or
PG elf+syKR o'H forall 1} =1-a. (3.375)

Equation (3.375) provides confidence intervals for all linear functions I’S.
Then, as pointed out by Scheffé (1959),

P {l'ﬁ € '+ s7/KFy_,I'HI for any given subset of l} >1—a, (3.376)

which ensures that the simultaneous confidence intervals for linear functions
'3 where [ belongs to any set (finite or infinite) has a probability not less
than 1 — .
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3.20 Confidence Interval for the Ratio of Two
Linear Parametric Functions

Let 6, = P/ and 0 = P33 be two linear parametric functions and we wish
to find a confidence interval of A = g;.
The least squares estimators of #; and 05 are

6, =P|3 and 6, =P)B3
with the variance-covariance matrix

2 < P/HP, P/HP, ) 202< a b ) ay.

P,HP, PJHP, Vo
Then
E(0; — My) =0, var(0; — M) = 0?(a — 2Xb+ X2¢).
Hence
) 0.)2
F= SQ(C(LQi QA)I\JQ—Zl—))\Qc) ~Fur-x
and
P {(é1 “M2)? — Fi_os?(a— 20b + A\2¢) < o} —1-a.  (3.377)

The inequality within the brackets in (3.377) provides a (1 — «) confidence
region for A. Because the expression in (3.377) is quadratic in A, the con-
fidence region is the interval between the roots of the quadratic equation
or outside the interval, depending on the nature of the coefficients of the
quadratic equation.

3.21 Nonparametric Regression

The nonparametric regression model describes the dependence of study
variable on explanatory variables without specifying the function that
relates them. The general nonparametric regression model is expressed as

y=0(X)+e (3.378)

where y is a study variable, X is a vector of explanatory variables, € is
disturbance term and ¢ (z) is the unspecified real valued function of X at
some fixed value z given by

P(z) = E(y|X =2). (3.379)

The first derivative of ¢(x) indicates the response or regression coefficient
of y with respect to z and the second derivative of ¥(z) indicates the
curvature of ¢(x).
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We assume that both y and X3, ..., Xk are stochastic and related as
y=¢(X1,....,Xkg) +e (3.380)

with E(e/X = z) = 0 and V(¢|X = z) = 0%I. We observe T identically
and independently distributed observations (y;, T¢1, ..., k), t = 1,..., T
from an absolutely continuous (K + 1)-variate distribution with density
fly, X1,...,Xk) = f(y, X). L E(Jy|) < oo, then the conditional mean of y
given X = z exists as in (3.379).

a h—0 2h
where ¢¥(z—h) = ¥(x1,...,z;—h,...,z;). When ¢(z) is linear, then §;(x)
is the j" regression coefficient and is fixed for all . When () is non—

linear, then ;(x) depends on z and §;(x) is a varying regression coefficient.
The fixed regression coefficient can be defined as 8(Z), i.e., B(x) evaluated

The regression coefficient related to z; (j =1,...,K) is
Bi(z) = B(z) = a;p(x) _ jim YE TR e —h) (3.381)
Lj

at x =% = (Z1,...,Zk). Similarly the second order partial derivative is
02 (x4 2h) — 2¢(x) — Y(xz — 2h)
@) (z) = = i .382
B) = g 0le) = fimy o L (3382)
and, in general, the p!* order partial derivative (p =1,2,...) is
9P
(p) _
p P p
= g [()" 0 () oo+ - 2mm)
(3.383)
and the cross partial derivative is
ap1+...+pr
oxhy, ..., 0xl; N
. 1 \p1t-tpr X Dr Lyttt
P [ES G S Sy =t
X (p1 ) (pT )1#(3: + (p1 —2ma)h,...,x + (pr — 2m,.)h)}
mq my
(3.384)

respectively, where each of ji,...,5. = 1,...,K(j1 # ... # Jjr), o +
(p1 — 2m1)h = (.’171,. -, X51 F (p1 - le)h,. .. ,.’L‘K), T + (p,. — 2m7.)h =
(@1, ..y xjr + (pr — 2mp )b, .. 2K).

Now we consider the nonparametric estimation of partial derivatives
of 1(x) without specifying its form. We first consider a nonparametric
estimator of ¥ (x) and then take its partial derivatives.
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3.21.1 FEstimation of the Regression Function

Most of the estimation methods of nonparametric regression assume that
the regression function is smooth in some sense.

Since 1(x) depends on unknown densities, so we use the data of (K +1)
variables as z; = (z¢,y:), t = 1,...T and note that

1 ) 2t — 2
97(2) = 1) s Zlic( . ) , (3.385)
gir(x) = /gT(z)dy = T}lzK XT:KI <It};1') ’ (3.386)

where h is the window width (also called as band width or smoothing pa-
rameter) which is a positive function of T that goes to zeroas T — oo, Kisa
kernel or a weight function such that [ K(z)dz =1 and Ky (z) = [ K(z)dy.
The kernel K determines the shape of the curve and h determines their
width. See, Prakasa-Rao (1983), Silverman (1986), Ullah and Vinod (1988)
and Pagan and Ullah (1999) for the details on kernel density estimation.
Substituting (3.385) and (3.386) in (3.379), we have

(2)

v =vr= [0 =3 ) )

where

()
= . L (3.388)
ZKl( t h )
t=1
The estimator ¥ of ¢ in (3.387) is known as Nadaraya—Watson type
estimator due to Nadaraya (1964) and Watson (1964) and is a kernel non-
parametric regression estimate. Note that (3.387) is a weighted average of
the observed values ; where the weight of t** observation depends on the
distance z; to x through the kernel K. The fitted nonparametric regres-

sion model that is obtained by without making any assumption about the
functional form of ¢ (z) is

we(x)

y=1r(z)+é (3.389)

where € is the nonparametric residual.

This estimator (3.387) is also the weighted least squares estimator of
¥(x) because r(x) is the value of ¢(x) for which the weighted squared
error

s s
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is minimum. The method of moments also yields the same estimator of
P(z) as in (3.387).

When the window width h is not the same for all data points, then
some alternative estimators of ¢(x) are suggested. The recursive regression
estimator of ¥(z) in such a case is

a Ty —x

> k(")

- t=1 hi he

Yr(z) =", (3.390)
hE hy

where h; denotes a sequence of positive numbers, assumed to satisfy

S"hE — oo as T — oo. An alternative estimator is

T —
_ k(")

dr(e) =", (3.391)
Ty — X
>e(",%)
Both (3.390) and (3.391) are recursive as
br@) = dra@+ VY@ (3.392)
L (T = )Tk (#77)

Ur(x) = pr_1(x) + 97" [yT — (@)K (IThT I)} (3.393)

where
xrxT —
hr
Both (3.392) and (3.393) can be updated as additional data points are
available.
When €’s are such that V(e) = ¥ (# 0%I), a T x T positive definite

matrix, then the generalized least squares estimator of ¢ (z) is obtained by
minimizing ¢ K/2% 1K/ 2¢ with respect to 9 (z) as

19T:19T—1+IC( .7;)7190:0.

Ph = (K22 K1) 7K Sy (3.394)
where 1 = (1,...,1), K = diag(Ky,...,Kr) is a diagonal matrix with
Kr = K(“57).

An operational version of a consistent estimator of G(x) in (3.381) is

_ (x4 h) —pr(x —h)

br(x) ol (3.395)
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where 17 () is given by (3.387). Similarly, the estimators of the p* order
partial derivative and cross partial derivatives can be obtained by replacing
() with ¢r(-) in (3.383) and (3.384), respectively.

Ullah and Vinod (1988) analytically derived the estimator of S(z) =
op(x)/0x as

T

pr(z) = in(w) = Zyt(wlt — wat)

t=1

where
<)
S k()
and wor = wi(x) > wiy; we(z) is as in (3.388) and
Ty — 0 Ty — X
’C/( . ) - alec( . )
Alternatively, Br(z) and its generalization for pt* order derivatives of (),
(%) () can be obtained as a solution of

> (p)ﬁé’”><x>f¥”><x> =gP(@), (p=1,2,...)

m

Wit =

m=o

where g(P)(x) is the p* order partial derivative of g(x) = [ yf(y, z)dy with
respect to x;.

The restricted least squares estimator of t(z) under the exact linear
restrictions RB(z) = r is

Br(z) = br(z) — R'(RR') Y [Rby(x) — 7] (3.396)

where by (z) is given by (3.395).

The regression function can also be estimated by using various nonpara-
metric procedures like nearest neighbor kernel estimation, local polynomial
regression, and smoothing splines.

The method of nearest neighborhood kernel estimation is based on defin-
ing a symmetric unimodal weight function W (x) which is centered on the
focal observation and goes to zero at the boundaries of the neighborhood
around the focal value. Let z s, be a focal xz-value at which (z) is to be
estimated. Now find v nearest z-neighbors of zf, where v/z ¢, is the span of
the kernel smoother. The larger the span, smoother is the estimated regres-
sion function. Using the weights defined by W (z), calculate the weighted
average of y and obtain the fitted value

e = flre) = Yimt W (a) 3.397
Yfo f( fo) ZZ;I W(It) ( )
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Repetition of this procedure at a range of x-values spanning the data and
connecting the fitted values produces an estimate of the regression function.

In local polynomial regression, the fitted values are produced by locally
weighted regression rather than by locally weighted averaging. Another
method of nonparametric regression is smoothing splines which are the solu-
tion to the penalized regression problem. Additive regression models are an
alternate to nonparametric regression with several explanatory variables.

The readers are referred to Prakasa-Rao (1983), Silverman (1986), Ullah
(1989a), Ullah (1989b), Hardle (1990) and Pagan and Ullah (1999) for the
asymptotic properties of the estimators, related testing of hypothesis and
other aspects on nonparametric regression.

3.22 Classification and Regression Trees (CART)

Nonparametric regression with multiple explanatory variables suffers from
the problem of curse of dimensionality. This means that if the number
of explanatory variables is high, then it may be difficult to catch the rel-
evant features of the problem in hand, e.g. the influence of interactions
of explanatory variables on the study variable may be difficult to study.
We have only a finite sample available, but there may be big volumes in
the space of explanatory variables where there may be no observation or
only a few observations are obtained (sparseness problem). Therefore a re-
liable statistical estimation is not possible in these volumes. Parametric
models, such as simple linear models, or additive models as proposed by
Hastie and Tibshirani (1990) try to catch at least the main effects of the
explanatory variables and discard any global or local interactions of the ex-
planatory variables on the study variable. Furthermore, the results from the
approaches like Projection Pursuit Regression (see Section 3.24) or Neural
Networks (see Section 3.25) may be hard to interpret. In such situations,
CART is more useful. CART tries to catch the relevant interactions of the
explanatory variables in their influence on the study variable and present
the results in a simple way.

Consider a general regression setup in which the study variable y is either
real-valued or categorical and X1, ..., Xk are the explanatory variables. In
the usual nonparametric regression setup, we assume

y=v(X1,...,XK) +e, (3.398)

with E(e/X) = 0. If the function ¢ is unknown and not parameterized
by a finite dimensional parameter, Breiman, H., Olshen and Stone (1984)
suggested a recursive partitioning algorithm of the covariate space which
results in a tree structure. If y is real-valued, as in (3.398), then the resulting
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tree is called as a regression tree. If y is e.g., binary, then we may assume

Ply=1)

8 - Ply=1)

= (X1, XK) (3.399)

where the left hand side of (3.399) is the logit transformation which is
used in logistic regression. In this case, the tree is called as a classifcation
tree. The idea is to recursively partition the covariate space using binary
splits of the form & = {z : X; < x} (left node) and & = {z : X; > =z}
(right node), where j € {1,..., K} is the actual chosen splitting variable.
The splitting criteria depends on the situation (regression or classification)
and measurement scale of the explanatory variables X1, ..., Xx. The main
objective is to find a split such that the response values are as homogeneous
as possible within the splitting sets &5 and &»; and as heterogeneous as
possible between the two sets. Then the binary partitioning proceeds to
each of the sets &1 and &. The left node & and the right node & are again
partitioned into left and right nodes using the same or another splitting
variable, and so on. This leads to a partitioning of the space of explanatory
variables into rectangular regions. At the final stage in a classical regression
tree, the responses of all cases in the leaf nodes of the tree are averaged
after the tree has grown until a certain stopping criteria is fulfilled. The leaf
nodes are the final nodes in the tree where no further splitting is sensible
according to a chosen criterion. The average can, e.g., be the sample mean
or sample median. This leads to a piecewise constant regression function.
Typical stopping criteria for a specific node are when the number of cases in
a leaf node would become lower than a predetermined number ng or when
certain p-values in the splitting criteria are greater than a predetermined
p-value po. Alternatively, a tree may be grown to a high complexity and
pruned afterwards using some cost-complexity measure and cross-validation
as proposed in Breiman et al. (1984).

In the following we focus on regression trees. Chaudhuri, Huang, Loh, and
Yao (1994), Chaudhuri, Lo, Loh and Yang (1995), Loh (2002) and Kim,
Loh, Shih and Chaudhuri (2007) have presented many extensions to the
original regression tree procedure of Breiman et al. (1984). For illustration,
we present an approach called GUIDE (Generalized, Unbiased, Interaction
Detection and Estimation) proposed by Loh (2002) and extended in Kim
et al. (2007). Such an approach also detects the local pairwise interactions
among explanatory variables.

Algorithm of GUIDE

1. Let s denote the current node. Use stepwise regression to find two
quantitative explanatory variables to fit a linear model to the data in
s.
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2. Do not split the node if its model R? > 0.99 or if the number of obser-
vations is less than 2ng, where ng is a small user-specified constant.
Otherwise go to step 3.

3. For each observation, define the class variable Z = 1 if it is associated
with a positive residual. Otherwise, define Z = 0.

4. For each explanatory variable X;, j =1,..., K:

(a)

(b)

Construct a 2 X m contingency table. The rows are formed by
the values of Z (0 or 1). If X is a categorical variable, its values
define the columns, i.e., m is the number of distinct categories
of X;. If X; is quantitative, its values are grouped into four
intervals at the sample quartiles and the four intervals constitute
the columns, i.e., m = 4.

Compute the significance probability of the x2-test of association
between the rows and columns of the table.

5. Select the explanatory variable X; with the smallest significance
probability to split s. Let sy and sr denote the left and right
sub-nodes of s.

(a)

If X, is quantitative, search for a split of the form X; < =z.
For each chosen z, both s; and sr should contain at least ng
observations:

i. Use stepwise regression to choose two quantitative explana-
tory variables to fit a model with two explanatory variables
to each of the data sets in s;, and sg.

ii. Compute S, the total sum of squared residuals in s; and
sgr. Select the smallest value of  that minimizes S.

If X; is categorical, then search for a split of the form X; € C,
where C' is a subset of the values taken by X;. For every C
such that each of the s;, and sg has at least ng observations,
calculate the sample variance of Z in sy, and sg. Choose the set
C for which the weighted sum of the variances is minimum, with
weights proportional to sample sizes.

6. After splitting is stopped, prune the tree as described in Breiman
et al. (1984) with ten-fold cross-validation. Let Ey be the smallest
cross-validation estimate of prediction mean square error (PMSE)
and let a be a positive number. Select the smallest subtree whose
cross-validation estimate is within « times the standard error of Ej.
They use the default value of a = 0.5 and call it ‘0.5-SE rule’. Trun-
cate all predicted values to avoid large prediction errors caused by
extrapolation, so that they lie within the range of the training sample
values in their nodes.
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Remark 1. A modification in the algorithm is to use only one quantitative
explanatory variable in step one. A very important and desirable conse-
quence of the proposed algorithm is that conditional unbiasedness in the
selection of split variable is achieved. Unbiasedness means that if the ex-
planatory variables are statistically independent of the study variable then
each of the explanatory variable has the same chance of being selected.
This does not hold, e.g., for CART.

Remark 2. In Chaudhuri et al. (1995), a multiple linear model instead
of a two predictor model was allowed for a Poisson response model in the
step 1 of the GUIDE algorithm. In step 2, instead of ordinary residuals, the
adjusted Anscombe residuals were used. In step 4, a t-test on the ungrouped
explanatory variable X; was used. But this is only meaningful if X; is a
quantitative variable. In step 5 the explanatory variable selected for a split
is the one with the largest absolute t-statistic.

Remark 3. Bayesian CART approaches using similar ideas and are pro-
posed by Denison, Mallick and Smith (1998), Chipman, George and
McCulloch (1998; 2002).

The advantages of tree-structured approach can be summarized in the
following statements:

e The tree structure handles most of the complexities like interactions
of explanatory variables, nonlinear influence of explanatory variables
on study variable. The models in each partition represented by going
from the root node to the leafs can be kept at a low order and can
therefore interpreted easily.

e Interactions among explanatory variables are made visible by the
structure of the decision tree. Local interactions can be included, as
in the approach of Kim et al. (2007).

e Theoretical consistency results can be obtained, see, e.g. Chaudhuri
et al. (1995).

Some disadvantages are:

e The recursive structure can be dangerous, as bad splits in upper nodes
near to the root node or at the root node itself can lead to bad results
in nodes that are near to the leaf nodes.

e To avoid over-fitting and over-complexity of the tree, no unique best
strategy exists.

e Many algorithms are like black boxes and it is often very difficult to
find out what splitting and fitting criteria are used. This may change
as Open Source programs like R and algorithms implemented in this
language allow a deeper insight into the detailed estimation processes.
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e In the original GUIDE algorithms proposed by Loh (2002), bootstrap
aggregating (bagging) is needed to avoid variable selection bias. This
increases the black-box factor of the method. Whether biasedness can
be avoided without bagging in the GUIDE algorithm is not clear from
the available literature but it seems so.

3.23 Boosting and Bagging

As in Section 3.22, we consider a general regression setup in which the study
variable y is either real-valued or categorical and X = (X1,..., Xk) is the
matrix of observations on K explanatory variables. In the usual regression
setup, we assume

y=v(X1,...,. Xg)+e=¢(X)+e, (3.400)

with E(e|X) = 0. The function ¢ is unknown and not parameterized
by a finite dimensional parameter. Bagging (Breiman, 1996) and boost-
ing (Freund and Schapire, 1996) were recently proposed in the context of
machine learning, where the main objective is to improve upon the accu-
racy in classification problems. An earlier reference on boosting is Drucker,
Schapire and Simard (1993). As stated by Borra and Di Ciaccio (2002), less
attention was, at least initially, paid to nonparametric regression methods.
A training data set 7 with T cases (y:,2}), t =1,...,T is drawn from the
population. Now ¢(X) is to be estimated by an approximating function
n(X) for a given 7. For example, regression trees (see Section 3.22) are
potential candidates for 7. The prediction capability of an approximation
7 based on a training sample 7, n(x|7) is defined by the prediction mean
squared error

MSEP(y|T) = M, x(y - n(2|T))? . (3.401)

where M, x denotes the average over all values (y, X ) in the population
(and not only over the observed ones in the sample or over the values
of an additional test data set). Then obtain the average mean squared
generalization error MSEP(n) that is an average over all training samples
of the same size T which are drawn from the same population. Since it is
usually impossible to calculate the population versions, these quantities are
estimated by evaluating n on an additional test data set. The so called poor
man’s algorithms use further methods like splitting the training sample into
a smaller training set and a (pseudo) test data set or cross-validation.
The bootstrap aggregating (bagging) procedure proposed by Breiman
(1996) tries to improve the prediction capability by combining S approx-
imating functions 7s(X), s = 1,...,S, which are calculated from a set of
S bootstrap samples of the training data set. The improvement is often
recognized by a reduction in variance maintaining almost constant bias
and thus reducing the prediction mean squared error. We refer to Efron
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and Tibshirani (1993) for the bootstrap methodology and its ability to es-
timate population quantities of the real world from the bootstrap world
based on one random sample of the population. Usually, the bootstrap
samples are drawn with replacement from the initial sample and with the
original sample size T'. The bagging predictor function is then obtained by
averaging:

S
1
N X )bagging = ¢ > (X)) . (3.402)
s=1

It can be shown that when the bootstrap samples are drawn with replace-
ment, then for reasonable sample sizes, on an average, approximately 37%
cases of the training sample do not appear in a particular bootstrap sample.
These so-called out of bag samples can be used as test cases to construct
the improved predictor functions without the need of additional compu-
tation as in cross-validation. We conclude that bagging procedures are, at
least conceptually, simple approaches to improve nonparametric regression
methods. They rely on the following principles:

e Choose a (nonparametric) regression procedure (e.g., regression trees,
multivariate adaptive regression splines)

e Create S bootstrap samples (with replacement in the original version)
of the training data set. For each of the S samples, apply the chosen
nonparametric regression procedure.

e Model averaging. Improvements are possible by using out-of-bag
samples for each of the S bootstrap samples.

The boosting method proposed by Freund and Schapire (1996) is more
elaborate as it tries to weight sequentially the cases of the training data set
depending on the quality of their prediction. If the ' observation is not
well predicted by 7s(X), then it will obtain a greater weight for learning
Ns+1(X). The aggregated predictor is then a linear combination of 74(X),
which is weighted according to the quality of prediction of the training
data. As with bagging, boosting was introduced in the context of machine
learning and its main focus was on classification problems. Drucker (1997)
considers a modification of the so-called AdaBoost algorithm for regression.
For illustration of such algorithms, we give the algorithm presented by
Drucker (1997).

Algorithm:

Consider a training sample of size T'. Initially, each case in the sample
receives weight w,gl) =1,t=1,...,T.

Set s = 1.

Repeat the following steps while the average loss L (defined in step 5) is
less than 0.5.
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1. Extract T cases with replacement to form a training set. Case t is

included in the set with probability pgs) proportional to its actual

weight wt(s)7 i.e., pgs) = wt(s)/ Zthl wt(s).

2. Fit an approximating function 7, (X) to that training set.

3. Obtain the predictions 7,)(7;) of each case in the training set.

4. Calculate a loss L; for each training case t = 1,...,7T. The loss may
be of any functional form as long as L € [0,1]. Let D = max |y; —
Nes)(xe)], t = 1,...,T. Three candidate loss functions are the linear,

quadratic and exponential loss functions:

lys — 77(s)(®"t)|

L = 4

( P (3.403)
. |y — 1) ()]

L) = L(); (3.404)

LY = 1-exp { e *g(s)(zm } . (3.405)

5. Calculate an average loss: L(®) = 7 pl® (¥,

6. Form the coefficient 3(®) = L) /(1 — L(*)) where $(*) measures the
confidence in predictor 7, (x). Lower value of 8¢) indicates higher
confidence in the predictor.

7. Update the weight wt(s) by wt(SH) = wgs)ﬁ(s)[lfﬂs”. The smaller

the loss, the more the weight is reduced by making the probability

smaller that this pattern will be picked as a member of the training
set for the next predictor 7541 ().

8. Set s:=s+ 1.

Let S predictors 7 (z), s = 1,...,5 are available after running the
above algorithm S times. For each particular input z;, one gets S predic-
tions 7)) (2¢). Drucker (1997) proposed the weighted median as cumulative
prediction for the case or pattern x;:

S
hyla) =infy: 3 log(l/ﬁ(“’))z;leog(l/ﬂ(s)) . (3.406)

sth(gy(ze)<y
Relabel the S predictions h (), such that
h(l)(xt) < h(g)(a:t) <0< h(s)(a:t) (3.407)

and retain the associations of the 5(*) with the predictions h(s)(2t). Then
sum the log(1/4(*)) until we reach the smallest s so that the inequality
(3.406) is satisfied. The prediction from the predictor s is taken as ensemble
prediction. If all 3(%) are equal, then this would be the median.
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Further Readings: Random forests were introduced by Breiman (2001).
They combine bagging with random subspace methods by choosing several
variables randomly for each node of the tree on which the decision at that
node is based upon. Each tree is fully grown and not pruned (as may be
done in constructing a normal regression tree or a tree classifier). Ran-
dom forests can be used for classification and regression. Recently Strobl,
Boulesteix, Zeileis and Hothorn (2007) have shown that random forest vari-
able importance measures are a sensible means for variable selection in
many applications, but are not reliable in situations where potential ex-
planatory variables vary in their scale of measurement or their number
of categories. They propose to use the sampling without replacement to
overcome this problem.

Bithlmann and Yu (2002) give theoretical results on bagging and a fur-
ther technique which they call as subagging. Bithlmann and Yu (2003) use
boosting with the squared error loss function. Tutz and Reithinger (2006)
use boosting in the context of semiparametric mixed models (models with
random effects), Tutz and Leitenstorfer (2007) apply boosting to mono-
tone regression in the context of additive models and Leitenstorfer and
Tutz (2007) apply it in the context of estimating smooth functions.

3.24  Projection Pursuit Regression

The term projection pursuit (Friedman and Tukey, 1974) describes a
technique for the exploratory analysis of multivariate data. This method
searches for interesting linear projections of a multivariate data set onto
a linear subspace, such as, for example, a plane or a line. These low-
dimensional orthogonal projections are used to reveal the structure of the
high-dimensional data set.

Projection pursuit regression (PPR) constructs a model for the regression
surface y = f(X) using projections of the data onto planes that are spanned
by the variable y and a linear projection a’X of the independent variables
in the direction of the vector a. Then one may define a function of merit
(Friedman and Stuetzle, 1981) or a projection index (Friedman and Tukey,
1974; Jones and Sibson, 1987) I(a) depending on a. Projection pursuit
attempts to find directions a that give (local) optima of I(a). The case
a = 0 is excluded, and a is constrained to be of unit length (i.e., any a is
scaled by dividing by its length).

In linear regression the response surface is assumed to have a known
functional form whose parameters have to be estimated based on a sample
(yt, ;). The PPR procedure models the regression surface iteratively as a
sum of smooth functions of linear combinations a’X of the predictors, that
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is, the regression surface is approximated by a sum of smooth functions

H
= Sa, (a3, X) (3.408)

(H is the counter of the runs of iteration). The algorithm is as follows
(Friedman and Stuetzle, 1981):

(i) Collect a sample (ys, x}), t = 1,...,T, and assume the y; to be cen-
tered.

(ii) Initialize residuals rs =y, t = 1,...,T and set counter H = 0.

(iii) Choose a vector a and project the predictor variables onto one dimen-
sion z; = a’xy, t = 1,...,T, and calculate a univariate nonparametric
regression S, (a’x;) of current residuals r; on z; as ordered in ascend-
ing values of z;. These nonparametric functions are based on local
averaging such as

S(2) = AVE(y;), j—k<i<j+k, (3.409)
where k defines the bandwidth of the smoother.

(iv) Define as a function of merit I(a), for example, the fraction of
unexplained variance

- )?
=1-Y (re - ”t . (3.410)

(v) Optimize I(a) over the direction a.

(vi) Stop if I(a) < € (a given lower bound of smoothness). Otherwise
update as follows:

ry o ry— SH(aya), t=1,...,T,
H — H+1. (3.411)

Interpretation: The PPR algorithm may be seen to be a successive refine-
ment of smoothing the response surface by adding the optimal smoother
SH(a'X) to the current model.

Remark: Huber (1985) and Jones and Sibson (1987) have included projec-
tion pursuit regression in a general survey of attempts at getting interesting
projections of high-dimensional data and nonparametric fittings such as
principal components, multidimensional scaling, nonparametric regression,
and density estimation.
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FI1GURE 3.10. A single-unit perceptron

3.25 Neural Networks and Nonparametric
Regression

The simplest feed-forward neural network is the so-called single-unit per-
ceptron displayed in Figure 3.10. This perceptron consists of K input units

r1,...,Tx and one output unit y. The input values x; are weighted with
weights w; (i =1,..., K) so that the expected response y is related to the
vector = (z1,...,2K) of covariates according to
K
Yy =wo + Zwimi . (3.412)
i=1

In general, neural networks are mathematical models representing a sys-
tem of interlinked computational units. Perceptrons have strong association
with regression and discriminant analysis. Unsupervised networks are used
for pattern classification and pattern recognition. An excellent overview
on neural networks in statistics may be found in Cheng and Tittering-
ton (1994). In general, the input-output relationship at a neuron may be
written as

y = f(a,w) (3.413)
where f() is a known function. f(-) is called the activation function. As-
sume that we have observations (21, y™M), ..., (z(") y() of n individuals

in a so-called training sample. Then the vector of weights w has to be
determined such that the so-called energy or learning function

n

Ew) =Y (y9 — f(zV, w))? (3.414)

Jj=1

is minimized with respect to w. This is just a least squares problem. To
find the weight 1 minimizing E(w) we have to solve the following system
of estimation equations (k =0, ..., K)

O S — s, )

j=1

= 0. (3.415)

Owg, owy,
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In practice, numerical methods are used to minimize E(w). Well-known
techniques that have been implemented are the generalized delta rule or
error back-propagation (Rumelhart, Hinton and Williams, 1986), gradient
methods such as the method of steepest descent (Thisted, 1988), genetic
algorithms, Newton-Raphson algorithms, and variants of them.

If a multilayer perceptron is considered, then it may be interpreted as
a system of nonlinear regression functions that is estimated by optimizing
some measure of fit. Recent developments in this field are the projection-
pursuit regression (see Section 3.24) and its modifications by (Tibshirani,
1992) using so-called slide functions, and the generalized additive models
(see Hastie and Tibshirani (1990)).

During the last five years a lot of publications have demonstrated the
successful application of neural networks to problems of practical rele-
vance. Among them, in the field of medicine the analysis based on a logistic
regression model (see Section 10.3.1) is of special interest.

3.26 Logistic Regression and Neural Networks

Let y be a binary outcome variable and x = (z1,...,2x) a vector
of covariates. As activation function f(.) we choose the logistic func-
tion I(v) = exp(v)/(1 + exp(v)). Then the so-called logistic perceptron
y = l(wo + Zfil w;x;) is modeling the relationship between y and x. The
estimation equations (3.415) become (Schumacher, Rofiner and Vach, 1996)

0E(w) _ ¥ G V(1 — () D ) £(nd) oy
dwy —;Qf(zj ,w)(1—f(zV 7w))ka (y9) — f(xD) w)) = 0. (3.416)

For solving (3.416), the least-squares back-propagation method (Rumelhart
et al., 1986) is used. It is defined by

) = ™) — pdE@™)

forv="0,1,...and @® a chosen starting value. The positive constant 7 is
called the learning rate. The nonlinear model of the logistic perceptron is
identical to the logistic regression model (10.61) so that the weights w can
be interpreted like the regression coefficients . (For further discussion, see
Vach, Schumacher and Rofiner (1996).)

3.27 Functional Data Analysis (FDA)

The occurrence and availability of high frequency data is common in a
number of applied sciences like chemometrics, biometrics, econometrics
and medicine. Examples of high frequency data are those variables which
are measured repeatedly very often (perhaps hundreds or thousands of
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measurements on them). Generally the time intervals between two mea-
surements are small and equally spaced. A reasonable assumption in such
cases then is that the consecutive measurements are similar and therefore
highly correlated. Thus the observed data, which are still discrete, may be
assumed as observations from a (continuous) curve or a function at dis-
crete time points. The FDA is not only used in the time series context
but in other contexts also. A frequently quoted example of this type are
spectrometric curves. The time axis is replaced by the wavelengths in a cer-
tain range. The measured variable is, e.g., absorbance at hundred different
wavelengths. A thorough introduction to functional data analysis is given
by Ramsay and Silverman (2002; 2005). An extension to nonparametric
functional data analysis is discussed in Ferraty and Vieu (2006).

Let us denote one observation of a curve by a vector x;. The whole
collection of curves can be summarized in a matrix X. If, e.g., a variable
is measured 512 times for 15 individuals, then z} is a (1 x 512)-vector and
X is a (15 x 512) matrix. Ferraty and Vieu (2006) present a mathematical
and statistical framework for these type of problems. The vector z} =
(xe(j1)s .- x¢(jr)) is assumed to be a discretized version of the curve
xt = {x¢(j) : j € T} measured at K different points ji,...,jk.

The functional data analysis can be used in various type of situations.
Some are as follows:

1. Simple collection X of curves. Then we may be interested in estimat-
ing the mean curve or in studying the features of curves. The features
of curve include the first, second and higher order derivatives.

2. A labeled collection X of curves. Additional to each curve, we observe,
e.g., a binary variable y which denotes whether the curve belongs
to, e.g., a healthy person (y = 0) or to a diseased person (y = 1).
We may be interested in knowing whether the curves can be used
to classify the persons, or in other words whether curves of healthy
persons differ from the curves of diseased persons or not. In general,
we observe discretized versions of curves together with a univariate
or multivariate study variable y. Our interest lies in a regression of y
on the curves. Marx and Eilers (1999) use the term signal regression
for such data situations. The term functional regression is also used
in the literature.

3. Beyond a sample of curves X, a functional study variable y is
observed. The whole collection of response curves can then be sum-
marized in a matrix Y. The objective may be in knowing how the
z-curves influence the y-curves.

4. Only the study variable is a functional variable. The explanatory
variables can be the usual nonfunctional variables. If the explana-
tory variables are factors, then we have an analog to ANOVA with a
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difference that y is now a functional variable instead of a univariate
random variable.

A typical feature of the collection of curves matrix X is that the num-
ber of columns (which denotes the number of repeated measurements on
the functional variable) exceeds the number of rows (which denotes the
number of individuals on which the curves have been observed). Therefore,
e.g., a linear regression of a univariate study variable y on X is not pos-
sible without modifications. In principle, one has to look at the following
problems:

e How to measure the closeness of two curves? Ferraty and Vieu (2006)
propose to consider semi-metrics as a closeness measure. Such metrics
can be build by using extensions of Principal Components Analysis
(PCA) such as Functional Principal Components Analysis (FPCA),
see Ferraty and Vieu (2006) for more details on FPCA. Another ap-
proach is Partial Least Squares (PLS) regression, see Section 3.14.4
for more details.

o Consider the situation of signal or functional regression (situation 3).
Then if the error structure is assumed to be approximately normal,
we can assume a linear regression model

y=p0o+XB+e, (3.417)

or, if y is, e.g., a binary or count variable, then a generalized lin-
ear model can be assumed. But since X, in general, may have more
columns than rows, then OLS estimate can not be obtained. Addi-
tionally, by the construction of X, the columns may also be highly
correlated. Therefore some dimension reduction is necessary in such
situations.

Marx and Eilers (1999) propose a solution which is different from PCA and
PLS and is based on a P-spline (penalized splines) approach. The basic idea
is to constrain [ in a way so that it becomes smooth. Based on B-splines,
[ is written as Ba such that the model equation becomes

y= 0o+ XBa+e (3.418)

where « is another parameter with lower dimension than 8. The (e.g., cubic)
B-spline matrix B is constructed such that X B now has full column rank.
Further smoothing is achieved by putting difference penalties on the vector
a, see Marx and Eilers (1999) for a motivation of this idea. This results in
a penalized least squares or penalized log-likelihood problem. Often cross
validation is used to find an optimal smoothing parameter.
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3.28 Restricted Regression

3.28.1 Problem of Selection

In plant and animal breeding we have the problem of selecting individuals
for propagation on the basis of observed measurements z1,...,z, in such
a way that there is improvement in a desired characteristic yo in the fu-
ture generations. At the suggestion of R. A. Fisher that the best selection
index is the regression of yg on x1, ..., x, with individuals having a larger
value preferred in selection, Fairfield Smith (1936) worked out the compu-
tational details, and Rao (1953) provided the theoretical background for
the solution.

In practice, it may so happen that improvement in the main character-
istic is accompanied by deterioration (side effects) in certain other desired
characteristics, y1, . . . , ¥4. This problem was addressed by Kempthorne and
Nordskog (1959) and Tallis (1962), who modified the selection index to en-
sure that no change in yi,...,y, occurs, and subject to this condition
maximum possible improvement in yq is achieved. Using the techniques of
quadratic programming, Rao (1962; 1964) showed that a selection index
can be constructed to provide maximum improvement in yo while ensuring
that there are possible improvements in yi,...,yq, but no deterioration.
The theory and computations described in this section are taken from the
above cited papers of Rao.

3.28.2  Theory of Restricted Regression

Let o’ = (z1,. .., xp) be the vector of predictors, A be the dispersion matrix
of z, and ¢; be the column vectors of the covariances c;1,...,cip, of y;
with z1,...,2p, for ¢ = 0,1,2,...,q. Denote by C the partitioned matrix
(co,c1,-..,¢q), and denote the dispersion matrix of ¢y = (yo,...,yq) by
Y = (045),4,5=0,1,...,¢. Let us assume that the rank of C'is ¢+ 1, A is
nonsingular, and p > ¢ + 1. If b is a p-vector, correlation of y; and b’z is
(t'¢;)
\/Cfiib/Ab ’
The problem is to choose b such that
(b co)
\/0'00 b’ Ab

is a maximum subject to the conditions

Veo>0, be>0, i=1,....q. (3.420)

(3.419)

Note that maximizing (3.419) without any restriction leads to o'z, which
is the linear regression of yo on (z1,...,z,) apart from the constant term.
In such a case the selection index is b’z and individuals with large values
of 'z are selected for future propagation.
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If the constraints (3.420) are imposed to avoid side effects, then the
problem is one of nonlinear programming for which the following theorems
are useful.

Lemma 3.23 Given a p-vector b satisfying the conditions (3.420), there
exists a (q + 1)-vector g such that

(i) m = A=1Cyg satisfies conditions (3.420), and

" m'co b ey

1 >

W am = VA
Proof: Choose a matrix D such that (A=*C : A=1D) is of full rank and
C'A~'D =0, so that the spaces generated by A~'C and A~'D are ortho-

gonal under the inner product o/AB for any two vectors a and 3. Then
there exist vectors g and h such that any vector b can be decomposed as

b=A"1'Cg+A'Dh=m+A"'Dh.
To prove (i) observe that
0<Ve;=mc;+ A" Dh=m/c;, i=0,...,q.
To prove (ii) we have b/Ab = m/Am + WD'A='Dh > m/Am, and since
b'cog = m'cg, we have
m’cy b eo
Vm'Am ~ \/b’Ab'
Lemma 3.23 reduces the problem to that of determining m of the form

A~1Cg where g is of a smaller order than m.

Lemma 3.24 The problem of determining g such that with m = A~'Cyg,
the conditions (8.420) are satisfied and m’co/v/'m/Am is a maximum is
equivalent to the problem of minimizing a nonnegative quadratic form (u—
&) B(u — &) with u restricted to nonnegative vectors, where B and & are
computed from the known quantities C and A.

Proof: Let v' = (v, v1,...,v4) be a (¢ + 1)-vector with all nonnegative
elements and let g be a solution of

C'm=C'A"1Cg=v

giving
g = Av,m=A"1CAv (3.421)
m’cg B o
vVm/Am B V' Av (3422)

where A = (C’A~1C)~!. Writing v; /v, = u;,i = 1,...,q, and denoting the
elements of the (¢ + 1) x (¢ + 1)-matrix A by (a;;),we can write the square
of the reciprocal of (3.422) as

0+ (u—&)Blu—¢&) =d+Q(u)
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where
B=(aij), t,j=1,...,q
and ¢ = (&,...,&) is a solution of
—B¢=ap, o) = (ao1,...,aq0q) (3.423)
and

0 = ag — ZZM_EGU&& .
The solution of (3.423) is
A "1eg
A1y’

fi: izl,...,q

and
§=(chA " ep) 7t
which are the simple functions of ¢; and A~!. Now

m’cg

sup sup{0 + Q(u)}fé

g vVm/Am u>0

{5+ inf Q)+

The problem is thus reduced to that of minimizing the nonnegative quadra-
tic form @(u) with the restriction that the elements of u are nonnegative.

If uy = (w10, ..., uq) is the minimizing vector, then the optimum m is
found from (3.422) as

m = A"1CAv,
and the selection index is

v AC' Az, v = (1, u10, - - -, Ugo) - (3.424)

3.28.3  Efficiency of Selection

The correlation between yo and the best selection index (multiple
regression) when there are no restrictions is

1
Voo
With the restriction that the changes in mean values of other variables are

to be in specified directions if possible, or otherwise zero, the correlation
between yo and the best selection index is

1
N \/0'00{6 + minuzo Q(u>} .

Ry

Ry
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If the restriction is such that no change in mean values of yq,...,y, is
derived, then the selection index is obtained by putting u = 0, giving the
correlation coefficient

1

Ry = .
27 Jooold + € B}

It may be seen that
Ry > Ry > R3,

which implies that selection efficiency possibly increases by generalizing the
restriction of no changes to possible changes in desired directions.
The correlation coefficient between the selection index and the variables

yi(i #0) is
Ui~/T00
\/ 2473
which enables the estimation of changes in the mean value of y;,7 = 1,...,q.
When u; = 0, the expected change is zero, as expected.

Rg, iZl,...,q

3.28.4  Ezplicit Solution in Special Cases

When ¢ = 1, the solution is simple. The quadratic form Q(u) reduces to

/ A—1 2
cod Cl) (3.425)

@ (“1 chA=1¢g
If ¢)A=te; > 0, then the minimum of (3.425) for nonnegative u; is zero,
and the multiple regression of yo on 1, ...,x, is ¢gA™ 2, apart from the
constant term.
If c6A‘101 < 0, then the minimum is attained when u; = 0, and using
(3.425) the selection index is found to be

/7 A—1
oA er

7 A—1
oA —
0 A1

Az (3.426)

which is a linear combination of the multiple regressions of yo and y; on

z1,...,&p. The square of the correlation between yo and (3.426) is
/A—1 2
—1[ s a-1 (A~ er) }
oo |Co A" o — 3.427
00 |“0 0 CllAflcl ( )
and that between y; and its regression on x1,...,x, is
Too chAco

and the reduction in correlation due to restriction on y;, when chA~te; < 0
is given by the second term in (3.427).
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The next practically important case is that of ¢ = 3. The quadratic form
to be minimized is
Q(u1,uz) = a1 (uy — &) + 2a19(u1r — &) (ug — &) + aga(ug — &)2.
A number of cases arise depending on the signs of &1, &, ...

Case (i) Suppose that & > 0,& > 0. The minimum of @ is zero and the
multiple regression of y; on x1,...,x, is the selection function.

Case (ii) Suppose that & < 0,5 > 0. The minimum of @ is attained on
the boundary u; = 0. To determine the value of us, we solve the equation

1dQ(0,u
9 Qc(lug 2) _ agz(uz — &) — a1 =0,
obtaining
up = g 4 6. (3.428)
a22

If a12&1 +a22€2 > 0, then the minimum value of @ is attained when uyg =0
and usgg has the right-hand side value in (3.428). If a12&1 4 a22€2 < 0, then
the minimum is attained at w19 = 0,u20 = 0. The selection function is
determined as indicated in (3.424). The case of & > 0,&2 < 0 is treated in
a similar way.

Case (iii) Suppose that & < 0,&2 < 0. There are three possible pairs of
values at which the minimum might be attained:

@12
up = 0, wugp= &+ &,
a22
@12
up = §a+&1, wu=0,
ail
uypg = 0, wug=0.

Out of these we need consider only the pairs where both coordinates are
nonnegative and then choose that pair for which @ is a minimum.

When ¢ > 3, the number of different cases to be considered is large.
When each & > 0, the minimum of ) is zero. But in the other cases
the algorithms developed for general quadratic programming (Charnes and
Cooper, 1961, pp. 682-687) may have to be adopted. It may, however, be
observed that by replacing v’ = (u1,...,uq) by w' = (wi,...,w?) in Q,
the problem reduces to that of minimizing a quartic in wy,...wq without
any restrictions. No great simplification seems to result by transforming
the problem in this way. As mentioned earlier, the practically important
cases correspond to ¢ = 2 and 3 for which the solution is simple, as already
indicated. The selective efficiency may go down rapidly with increase in the
value of q.

For additional literature on selection problems with restrictions, the
reader is referred to Rao (1964).
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3.29 LINEX Loss Function

The squared error loss function assigns equal weight to positive and neg-
ative estimation errors of same magnitude. This may not be a reasonable
proposition in many situations. For example, an under-estimation of the
peak water level in the construction of water reservoir has more serious
consequences than an over-estimation, see Zellner (1986); similarly under-
estimation of the failure rate may result in more complaints from the
customers than expected as compared to over-estimation; see also Har-
ris (1992), Kuo and Dey (1990), Khatree (1992), Schabe (1992), Canfield
(1970), Feynman (1987) for some more examples.

Relatively free from the limitation of under- and over-estimation is the
LINEX (linear-exponential) loss function introduced by Varian (1975).

Let 0 be the estimation error (Bfﬂ), or relative estimation error (/3’7/6’)/5
associated with an estimator 3 for some scalar parameter 3. Then the
LINEX loss function is defined as

L(3; B) = clexp(ad) — ad — 1] (3.429)

where o # 0 and ¢ > 0 are the characterizing scalars.

The value of o determines the relative losses associated with the positive
and negative values of § while the value of ¢ specifies the factor of pro-
portionality. The loss function (3.429) attains its minimum value as 0 for
0 = 0. Further, it rises exponentially on one side of zero and approximately
linearly on the other side. Graphs of this function for some selected values
of « have been prepared by Zellner (1986). A look at them reveals that
for @ > 0, over-estimation breeds relatively larger losses in comparison to
under-estimation. If o < 0, then the reverse is true, i.e., over-estimation
leads to relatively smaller losses than under-estimation of the same mag-
nitude. Thus the positive and negative values of the estimation error can
be assigned possibly unequal weight in the loss function by choosing an
appropriate sign for the scalar a. So far as the choice of magnitude of « is
concerned, the loss function (3.429) is fairly symmetric around 0, like the
squared error loss function. This is evident for small values of « from the
following expansion:

L(B;8) = clexp(ad) —ad—1]
= ¢ ;a252 + éa353 +... . (3.430)

When the value of « is not small, the contribution of the terms of order
three and more will not be negligible and asymmetry will enter. The de-
gree of asymmetry increases for larger values of a. Thus the LINEX loss
function bears a close link with the squared error loss function and offers
considerable flexibility to the requirement of the given problems.
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If we define the LINEX risk function as

R(3:8) = E[L(3;9)
= c[E(exp(ad)) — aE(0) — 1] (3.431)

we observe that the first term on the right hand side of (3.431) contains
the moment generating function of ¢, provided it exists. Thus the risk
function (3.431) not only depends upon the second moment of § (i.e., mean
squared error or relative mean squared error) but also upon the entire
set of moments. So the risk criterion takes care of all the aspects of the
sampling distribution of estimator into account while the mean squared
error or relative mean squared error criterion covers only one aspect of
second moment.

When £ is a vector of parameters 01, . . ., Bk, Zellner (1986) has provided
an extension of the LINEX loss function as

L(3;8) = th [exp(ady) — ardy — 1] (3.432)

t=1

where 3 is an estimator of 3 and §; = (Bt — f3¢) or (Bt — ft)/B:. Further,
ai,...,ag and c1,...,ck are the scalars characterizing the loss function
similar to a and ¢, respectively in (3.429).

The definition of the LINEX loss function is compatible with the family
of loss function identified by Thompson and Basu (1996).

The usual definition of mean unbiasedness that E(B) = (3 is inappropriate
in the context of LINEX loss function because it does not distinguish be-
tween under- and over-estimation. Following Lehmann (1988), an estimator

3 of 3 is risk-unbiased if
Es[L(3; 8)] < Eg[L(B; 8)] for all 3 # [ . (3.433)
Under (3.429),
Elexp(a3)] = exp(af) for all § . (3.434)

An estimator B is a LINEX-unbiased estimator of # under loss function
(3.429) when (3.434) holds true and 3 is termed as L-estimable parameter.
If (3.434) does not hold true, then its bias is defined by Parsian and Sanjari
(1999) as

L —Bias(3) = o ! [ln {exp(af)} —InEg {exp(aﬁA)H
= f—a! InEg {exp(aﬁ)} .

More interested readers are referred to the review paper by Parsian and
Kirmani (2002) for more details on the aspect of unbiased and invariant
estimation of parameters under LINEX loss function.
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3.30 Balanced Loss Function

Performance of any estimation procedure for the parameters in a model is
generally evaluated by either the goodness of fitted model or the concen-
tration of the estimates around the true parameter values. In the linear
model y = X[ + ¢, if /3’ denotes any estimator of (3, then the goodness
of the fitted model is reflected in the residual vector (X 8 — y). Similarly,
the pivotal quantity for measuring the concentration of estimates around
the true parameter values is the estimation error (B — ). Accordingly, the
quadratic loss function for the goodness of fit of the model is

(XB—y)(XB-y) (3.435)

while the commonly employed loss function for the precision of estimation
are squared error loss function

(B-5)(B-0) (3.436)
or weighted squared error loss function
(B—B)X'X(B-8). (3.437)

Both the criterion are important and it may often be desirable to em-
ploy both the criteria simultaneously in practice; see, for instance, Zellner
(1994), Shalabh (1995) and Toutenburg and Shalabh (1996; 2000) for more
details and some illustrative examples. Accordingly, considering both the
criteria of the goodness of fit and precision of estimation together, Zellner
(1994) has proposed the following balanced loss function:

BL(B) = w(XB—y)(XB—y)+ (1 —w)(B— B/ X'X(B—p) (3.438)

where w is a scalar between 0 and 1. When w = 1, the loss function (3.438)
reflects the goodness of fitted model and when w = 0, the loss function
(3.438) reflects the precision of estimation. Any other value of w between
0 and 1 provides the weight to the goodness of fit.

From the viewpoint of the prediction of values of study variable within
the sample, the loss functions (3.435) and (3.437) can be regarded as arising
from the prediction of actual values y by X /3’ and the prediction of average
values E(y) = X8 by X B, respectively. Such details are discussed later
in Chapter 6. Further, using the idea of simultaneous prediction of actual
and average values of study variable (cf., Section 6.8), Shalabh (1995) has
presented the following predictive loss function

PLB) = WHXB—y)(Xh—y)+(1-w)?(@ - s X'X(G-0)
+2w(1 = w) (XA~ y) X(5 - §) (3.439)

where w is a scalar between 0 and 1. Such loss function is an extension of
the balanced loss function (3.438) and also takes care of the covariability
between the goodness of fit and precision of estimation.
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Looking at the functional forms of the balanced loss function and the pre-
dictive loss function, Shalabh, Toutenburg and Heumann (2006) proposed
the following extended balanced loss function:

WLB) = M(XB—y)(X3—y)+ (8- B)X'X(3-B)

(1= A= 2)(XF — 5 X (G - B) (3.440)
where A\; and Ao are scalars between 0 and 1 which characterize the loss
functions.

Clearly, the function (3.440) encompasses the loss functions (3.435),
(3.437), (3.438) and (3.439) as particular cases. Thus it is fairly general
and sufficiently flexible.

For illustration, we consider the OLS estimator of 3 as b = (X'X)™1X"y.
The risk function of b is under (3.440) is

R(b) = E[WL(D)
a?Min — a*p(A — Aa) . (3.441)

It is clear from (3.441) that the performance of OLSE is affected by the
goodness of fit as well as the precision of estimation.

3.31 Complements

3.31.1 Linear Models without Moments: Ezercise

In the discussion of linear models in the preceding sections of this chapter,
it is assumed that the error variables have second-order moments. What
properties does the OLSE, 3 = (X' X)~1 X'y, have if the first- and second-
order moments do not exist? The question is answered by Jensen (1979)
when € has a spherical distribution with the density

Lly) =0 "0r{(y — XB)'(y — XP)/0%}. (3.442)

We represent this class by Si(X3,0%I), where k represents the integral
order of moments that e admits. If kK = 0, no moments exist. Jensen (1979)
proved among other results the following.

Theorem 3.25 (Jensen, 1979) Consider 3 = (X'X)"'X'y as an estimator
B in the model y = X3+ €. Then

(i) If L(y) € So(XB,021), then 3 is median unbiased for B and 3 is at
least as concentrated about 3 as any other median unbiased estimator

of B.
[Note that an s-vector t € R® is said to be modal unbiased for 6 € R*
if a’t is modal unbiased for a'0 for all a.]

(i) If L(y) € S1(XB3,02I), then 3 is unbiased for B and is at least as

concentrated around (3 as any other unbiased linear estimator.
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(i) If L(y) € So(XB3,0%I) and in addition unimodal, then 3 is modal
unbiased for [3.

3.831.2  Nonlinear Improvement of OLSE for Nonnormal
Disturbances

Consider the linear regression model (3.23). The Gauss-Markov Theorem
states that b = (X'X)71X'y is the best linear unbiased estimator for 3,

that is, Var(b) — Var(b) is nonnegative definite for any other linear unbi-
ased estimator b. If e is multinormally distributed, then b is even the best
unbiased estimator.

Hence, if € is not multinormally distributed, there is a potential of
nonlinear unbiased estimators for 3 that improve upon b.

e What is the most general description of such estimators?

e What is the best estimator within this class?

Remark. This problem was proposed by G. Trenkler. Related work may
be found in Kariya (1985) and Koopmann (1982).

3.31.83 A Characterization of the Least Squares Estimator

Consider the model y = X 3+ ¢ with Cov(e) = 01, rank(X) = K, the size
of vector 3, and a submodel y;y = X ;)8 + €(;) obtained by choosing k < T
rows of the original model. Further, let

B=X'X)""X"y, By = (X(HX0) Xy (3.443)

be the LSEs from the original and the submodel respectively. Subramanyam
(1972) and Rao and Precht (1985) proved the following result.

Theorem 3.26 Denoting d;y = |XZZ.)X(1-)|, we have

>iz1 dwB
>im1 e

where ¢ is the number of all possible subsets of size k from {1,...,T}.

8= (3.444)

The result (3.444), which expresses B as a weighted average of B(i), is

useful in regression diagnostics. We may calculate all possible B(i) and
look for consistency among them. If some appear to be much different
from others, then we may examine the data for outliers or existence of
clusters and consider the possibility of combining them with a different set
of weights (some may be zero) than those in (3.444). Further results of
interest in this direction are contained in Wu (1986).
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3.81.4 A Characterization of the Least Squares Estimator:

A Lemma
Consider the model ¢; = y; — 23, i = 1,2, ..., in which €, €, ..., are inde-
pendently and identically distributed with mean 0 and variance o2, and the
x}’s are K-vectors of constants. Let the K x n-matrix X' = (z1,...,2,) of
constants be of rank K. Define h;;(n) = 2/(X'X) " lz; and b = (X' X) "1 X"y
where y = (y1,...,yn)’. Then for any r x K-matrix C of constants and of
rank r < K,

o 3(Ch—Cp)[IC(X'X)"tCTHCh - CB) — X2

if (and only if) maxi<;<n hii(n) — oo.
This result and the condition on h;;(n) were obtained by Srivastava
(1971; 1972) using a lemma of Chow (1966).

3.32 HExercises

Ezercise 1. Define the principle of least squares. What is the main reason
to use €’e from (3.6) instead of other objective functions such as max; ||

or YO led|?

Ezercise 2. Discuss the statement: In well-designed experiments with quan-
titative x-variables it is not necessary to use procedures for reducing the
number of included z-variables after the data have been obtained.

Ezercise 3. Find the least squares estimators of § in y = X0 4 ¢ and
y = al+ X[+ €*, where 1 denotes a column vector with all elements unity.
Compare the dispersion matrices as well as the residual sums of squares.

Ezercise 4. Consider the two models y; = a1l + X0+ €1 and y2 = asl +
X3+ ez (with 1 as above). Assuming €; and ez to be independent with
same distributional properties, find the least squares estimators of ay, as,
and [.

Ezercise 5. In a bivariate linear model, the OLSE’s are given by by =
g — 017 and by = > (24 — ) (yr — §)/ D (z¢ — 7)?. Calculate the covariance
matrix V (Z;’) When are by and by uncorrelated?

Ezercise 6. Show that the estimator minimizing the generalized variance
(determinant of variance-covariance matrix) in the class of linear and un-
biased estimators of 3 in the model y = X3 + € is nothing but the least
squares estimator.

Ezercise 7. Let Bl and Bg be the least squares estimators of 3 from y; =
XB+er and ys = X B+eo. If B is estimated by 8 = wf; +(1—w) B with 0 <
w < 1, determine the value of w that minimizes the trace of the dispersion
matrix of 3. Does this value change if we minimize E(B — ﬁ)’X’X(B —0)?
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Ezercise 8. Demonstrate that the best quadratic estimator of o2 is (T —
K +2)71y/(I — P)y, where P is the projection matrix on R(X).

Exzxercise 9. Let the following model be given:

y = Po + Prar + Paxz + Bsws + €.
(i) Formulate the hypothesis Hy: 82 = 0 as a linear restriction r = Rf3
on f.
(ii) Write down the test statistic for testing Hy: B2 = 0.

Exercise 10. Describe a procedure for testing the equality of first p elements
of /1 and (s in the model y; = X101 + €1 and yo = X0 + €5. Assume that
€1 ~ N(0,0%1,,) and €3 ~ N(0,0%I,,) are stochastically independent.

Ezercise 11. 1f 0; is a MVUE (minimum variance unbiased estimator) of
0;,i=1,...,k, then a101 + ...+ agb is a MVUE of a161 + ...+ a0 for
any ai, ..., ag.



4

The Generalized Linear Regression
Model

Consider the linear regression model that represents the statistical depen-
dence of study variable y on K explanatory variables Xi,..., Xx and
random error €

y=XpB+e (4.1)
with the following assumptions:
(i) E(e) =0,
(ii) E(ee’) = o?W where W is positive definite,
(iii) X is a nonstochastic matrix and
(iv) rank(X) = K.

This is termed as generalized linear regression model or generalized linear
model. Note that in the classical regression model, E(e€’) = o21.

If E(ee’) = o2W where W is a known positive definite matrix, the gen-
eralized linear model can be reduced to the classical model: Because W
is positive definite, so W has a positive definite inverse W~!. According
to theorems (cf. Theorem A.41), product representations exist for W and
w1

W=MM, W '=NN

where M and N are the square and regular matrices. Thus (NN) =
(MM)~!, including NMMN = NWN = I. If the generalized linear model
y = X f+eis transformed by multiplication from the left with NV, the trans-
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formed model Ny = NX3 + Ne fulfills the assumptions of the classical
model:

4.1 Optimal Linear Estimation of (3

We now consider the generalized linear model as

y=X0G+e,

E(e) =0, E(ed') =o?W,

W positive definite,

X nonstochastic, rank(X) = K .

A noticeable feature of this model is that the T' x T" symmetric matrix
W introduces T'(T+1)/2 additional unknown parameters in the estimation
problem. As the sample size T is fixed, we cannot hope to estimate all the
parameters (31, ..., k,0%, and w;; (i < j) simultaneously. If possible, we
may assume that W is known. If not, we have to restrict ourselves to error
distributions having a specific structure so that the number of parameters
is reduced, such as, for instance, in heteroscedasticity or autoregression (see
the following sections). We first consider the estimation of § when W is
assumed to be fixed (and known).

We again confine ourselves to estimators that are linear in the response
vector y, that is, we choose the set-up (cf. (3.37))

f=Cy+d. (4.3)

The matrix C and the vector d are nonstochastic and are determined
through optimization of one of the following scalar risk functions:

(4.2)

Ri(B,5.4) = E(B-p) AB-6) (4.4)
(A a positive definite K x K-matrix),
Ry(B,8,a) = E[(f-p)a) (4.5)
(a # 0 a fixed K-vector),
Ry(B,8) = Ey—Xp)W '(y—Xp). (4.6)

Remarks:

(i) The function R;(3,3,A) is the quadratic risk given in (3.39) (see
Definition 3.8). The matrix A may be interpreted as an additional
parameter, or it may be specified by the user. In order to have unique
solutions (C’, cf) and possibly independent of A, we restrict the set of
matrices to be positive definite. Minimizing the risk R; (B , 3, A) with
respect to B is then equivalent to optimal estimation of the parameter
[ itself.

(ii) Minimizing the risk RQ(B, B,a) = Rl(ﬁ, 0, aa’) means essentially the
optimal estimation of the linear function o’ instead of S.
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(iii) Minimizing the risk Rg(/é, B) boils down to the optimal estimation
of the conditional expectation E(y|X) = Xg, that is, to the opti-
mal classical prediction of mean values of 4. The weight matrix W 1!
standardizes the structure of the disturbances.

Using these risk functions enables us to define the following criteria for
the optimal estimation of 3:

Criterion C; (i = 1,2 or 3): /3 is said to be the linear estimator with
minimum risk R;(5)—or [ is said to be R;-optimal—if

for X, W fixed and for all 8,02 where /3’ is any other linear estimator for

B.

4.1.1  Ry-Optimal Estimators
Heterogeneous R;-Optimal Estimator

From (4.3) the estimation error in B is clearly expressible as

B—B=(CX—-I)B+d+Ce, (4.8)
from which we derive
Ri(8,8,A) = E[(CX —1)B+d+Ce'A[(CX — )3+ d+ C¢|
= [(CX —D)B+dA[(CX — )3 +d] +E({C'ACe).

(4.9)

The second term in (4.9) is free from d. Therefore the optimal value of d is
that which minimizes the first term. As the first term cannot be negative,
it attains its minimum when

d=—(CX -1)p. (4.10)
Now we observe that
mcip E(€C'ACe) = m(}ntr{AC’(E ee')C'}
= min o*tr{ ACWC'}, (4.11)
so that an application of Theorems A.93 to A.95 yields
9 4 ' 2
90" tr{ ACWC'} = 20 ACW . (4.12)

Equating this to the null matrix, the optimal C' is seen to be C=0as A
and W are positive definite and regular. Inserting C' = 0 in (4.10) gives
d = 3, which after substitution in (4.3) yields the trivial conclusion that
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the Rj-optimal heterogeneous estimatpr of B is B itself (cf. Theil, 1971,
p. 125). We call this trivial estimator [3:
B=p (4.13)
with
Ri(Br,8,4) =0 and V(()=0. (4.14)

Bl clearly has zero bias and zero risk, but zero usefulness too (Bibby and
Toutenburg, 1977, p. 76). The only information given by ffl is that the
heterogeneous structure of a linear estimator will not lead us to a feasible
solution of the estimation problem. Let us next see what happens when we
confine ourselves to the class of homogeneous linear estimators.

Homogeneous R;-Optimal Estimator

Putting d = 0 in (4.3) gives

B-p = (CX—-IB+Ce, (4.15)
Ri(3,8,A) = [(X'C'—1)ACX — )3+ o*tr{ ACWC'} (4.16)
aRl(a Cﬂ A 2A[C(X BB X' + o®W) — B8/ X"] (4.17)

(cf. Theorems A.92, A.93). The matrix X 38’ X’ + o?W is positive definite
(Theorem A.40) and, hence, nonsingular. Equating (4.17) to a null matrix
gives the optimal C' as

= B0 X"(XBB'X' +a*W)~", (4.18)

Applying Theorem A.18 (iv), we may simplify the expression for Cy by
noting that

O'_4W_1Xﬂﬁ/X/W_1

X /X/ 2 -1 — -2 -1 o . 41
(XOFX W) oW = e (419)
Letting
S=XW1'x, (4.20)
we see this matrix is positive definite since rank(X) = K.
Therefore, the homogeneous R;-optimal estimator is
R r —4 /Sﬁﬁ/X/W_ly
_ 23 X' Ly o p
I A S EE YR
r —4
-2 o 'SP /i —1
= — X'W
5_0 1+02ﬂ’5ﬂ]6 y
‘ﬂ/X/W—ly
= 4.21
9 on s s (.21)
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(cf. Theil, 1971; Toutenburg, 1968; Rao, 1973a, p. 305; and Schaffrin 1985;

1986; 1987).
If we use the abbreviation
B'Sp
= 4.22
and note that a(8) < 1, then
E(6) = (), (4.23)

from which it follows that, on the average, Bg results in underestimation of
(. The estimator (5 is biased, that is,

Bias(f2,8) = E(%)—p
= (a(B)-1)8
—o?
and has the covariance matrix
~ 'S
V() =B L (4.25)
Therefore its mean dispersion error matrix is
. 2 /
M (B2, B) = Jffgﬁ, 55 (4.26)

Univariate Case K =1

If 8 is a scalar and X = x is a T-vector, then Bg (4.21) simplifies to

~ _ ;I;/y
P = o252 (4.27)
= b(1+o?B7%(2'z)" )7, (4.28)

where b is the ordinary least-squares estimator (OLSE) b = (z'y)/(2'x)
for 0 in the model y; = Bz + €. Hence, Bg (4.28) is of shrinkage type
(cf. Section 3.14.3).

In general, the estimator B (4.21) is a function of the unknown vector
o~ 18 (vector of signal-to-noise ratios), and therefore it is not operational.
Nevertheless, this estimator provides us with

(i) information about the structure of homogeneous linear estimators
that may be used to construct two-stage estimators in practice, and

ii) the minimum of the R1 risk within the class of homogeneous linear
g
estimators as

Rl (327 57 A) = tr{AM(BQa /B)} ) (429)
where M(f3,, 8) is given in (4.26).
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To have operational estimators for 3, one may replace o~13 in (4.28)
by estimates or a prior guess or, alternatively, one may demand for
unbiasedness of the linear estimator g = Cy.

Homogeneous, Unbiased, R;-Optimal Estimator
A homogeneous linear estimator is unbiased (see (3.27)) if
CX—-1=0 (4.30)
or, equivalently, if
aX—e;=0 (i=1,...,K), (4.31)

where €} and ¢} are the i'" row vectors of I and C, respectively. Using (4.30)
in (4.16), we find that Ry (3, 3, A) becomes o?tr(ACWC"). Therefore, the
optimal C in this case is the solution obtained from

K
min /2 = min {UQtr{ACWC”} -2 ; (e, X — e;)’} , (4.32)
where A1, Ao,...,Ax are K-vectors of Lagrangian multipliers. Writing
KQ’K: (A1,...,AKk), differentiating with respect to C and A, and equating
to null matrices, we get
%@1 = 202ACW —2AX' =0, (4.33)
8611%\1 = 2(CX-1)=0, (4.34)
which yield the optimal C as
Cy = (X'WIX)'X'W—t = s~1x'Ww—1, (4.35)
The matrix Cs is consistent with the condition (4.30):
CsX =S X'W X =8"16=1 (4.36)
Therefore the homogeneous, unbiased, Ri-optimal estimator is specified by
Bs=b=ST'X'Wly, (4.37)
and it has risk and covariance matrix as follows
Ri(b,3,A) = o*tr(AS™) =tr(AV (b)), (4.38)
V() = o*S7h (4.39)

The following theorem summarizes our findings.
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Theorem 4.1 Assume the generalized linear regression model (4.2) and the
quadratic risk function

Ri(8,6,4) =E(B — B)AB - 6), A>0. (4.40)
Then the optimal linear estimators for 3 are
(a) heterogeneous: /3’1 =0,
(b) homogeneous: /3’2 =0 {iﬁ‘g{;;ﬂ ,
(¢) homogeneous unbiased: fBs=b=S"1X'W1y.

The Ry-optimal estimators are independent of A. Further, the optimal
estimators are ordered by their risks as

Ri(1, 5, A) < Ry(B2, A) < Ri(f3, 8, A).

4.1.2  Ry-Optimal Estimators

If we allow the symmetric weight matrix A of the quadratic risk Ry (B, G, A)
to be nonnegative definite, we are led to the following weaker criterion.

Criterion Cy: The linear estimator B is said to be Rj-optimal for 3 if
E(3 - B)A(B - B) <E(B - B)AB - B) (4.41)

holds for (X, W) fixed and for any (3, 0?) and for any nonnegative definite
matrix A where 3 is any other linear estimator. Therefore, any Ri-optimal
estimator is Rl—optimal, too. Moreover, the following theorem proves that
the criteria él and Cy are equivalent.

Theorem 4.2 The criteria C’l and Cy are equivalent.

Proof:

1. Every Rs-optimal estimator 3 is Rj-optimal: Assume A to be any non-
negative definite matrix with eigenvalues A; > 0 and the corresponding
orthonormal eigenvectors p;. Now we can express

K
A=A (4.42)
i=1
If B is Re-optimal, then for any estimator B and for the choice a = p; (i =
1,..., K), we have
E(3 = 8)'pipi(3 — 8) < E(B - 8)'pii(5 - B), (4.43)
and therefore
NE(S = 0)pipl(5 — 0) S NEB — B)pini(B—5).  (444)
from which it follows that

B(3 - ﬂ)l(z Xipip) (B — B) < EB(B — /B)I(Z Npipi)(B—8).  (4.45)
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Therefore B is also R;-optimal.

2. Every R;-optimal estimator B is Ro-optimal: Choose the nonnegative def-
inite matrix A = aa’, where a # 0 is any K-vector. Then the Ry optimality
of B implies

E(3 - 8)ad' (6 — B) <EB — ) ad' (G- B), (4.46)

and hence B is also Rs-optimal. 5
This completes the proof of the equivalence of the criteria C; and Cs.

4.1.3  R3-Optimal Estimators
Using the risk R3(B, B) from (4.6) and the heterogeneous linear estimator

0 = Cy + d, we obtain
Ry(B,8) = E(y—XB)W '(y—Xp)
= [(I-CX)B—d'S[(I-CX)3—d]
+ ot W (I - XC)W(I — C'X)]
= u? 407, (4.47)
for instance. As the second term v? is free from d, the optimal value of d
is that value that minimizes the first expression u2?. As u? is nonnegative,

the minimum value that it can take is zero. Therefore, setting u? = 0, we
get the solution as

d=(I-CX)g, (4.48)
where C' is the yet-to-be-determined optimal value of C. This optimal value

of C is obtained by minimizing v2. Now, using Theorem A.13 (iv), we
observe that

v? = o?tr[l + C'SCW —2C'X"], (4.49)
and hence (Theorems A.91 to A.95)
2(172 g“; =SCW —-X'=0, (4.50)
and therefore the solution is
C=85"txwt (4.51)
Inserting C' in (4.48), we obtain
d=(T-ST'X'W™'X)5=0. (4.52)

Therefore, the Rs-optimal estimator is homogeneous in y. Its expression
and properties are stated below.
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Theorem 4.3 The Rs-optimal estimator for 3 is

b=ST'X'Wly (4.53)

with
V(b) = 0%87! (4.54)

and
R3(b,B) = o*tr(I =W 'XS™'X") = o*(T - K), (4.55)

where S = X'W~1X.

4.2 The Aitken Estimator

In the classical model the best linear unbiased estimator (BLUE) is given
by the OLSE by = (X'X)~!X’y. In the generalized linear model (4.2) we
may find the BLUE for 8 by using a simple algebraic connection between
these two models.

Because W and W~! are symmetric and positive definite, there exist
matrices M and N (cf. Theorem A.31 (iii)) such that

W=MM and W '=NN, (4.56)

where M = W1'/2 and N = W~1/2 are regular and symmetric.
Transforming the model (4.2) by premultiplication with N:

Ny = NXp+ Ne (4.57)

and letting
Ny=49, NX=X, Ne=¢, (4.58)

we see that
E(6) =E(Ne) =0, E(é)=E(Ne'N)=0o"I. (4.59)

Therefore, the linearly transformed model § = X3 + ¢ satisfies the as-
sumptions of the classical model. The OLSE b in this model may be written
as

b= (X'X)IXG
= (X'NN'X)"'X'NN'y
(X'WX) I X' Wy, (4.60)
Based on Theorem 3.5 we may conclude that the estimator is unbiased:
Eb) = X'W X)) 'X'WE(®y)
(X'WX) ' X'WXxp=p (4.61)

and has minimal variance. This may be proved as follows.
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Let B = Cy be another linear unbiased estimator for 4 and let
C=C+D (4.62)
with the optimal matrix
C=s"'x'w, (4.63)
then the unbiasedness of § is ensured by DX = 0 including CWD = 0.
Then we obtain the covariance matrix of § as
V(B) = E(CeC)
= 2(C+D)W(C' + D)
= o*CWC' +o*’DWD'
= V() +o’DWD’, (4.64)
implying V(8) — V(b) = 02D'W D to be nonnegative definite (cf. Theorem
A4l (v)).
Theorem 4.4 (Gauss-Markov-Aitken) If y = X3+ € where € ~ (0,0°W), the
generalized least-squares estimator (GLSE)
b= (X'W X)) ' X'Wy (4.65)
1s unbiased and is the best linear unbiased estimator for (. Its covariance
matriz is given by
V() = > (X'WX) P =025"1. (4.66)
The estimator b is Rs-optimal as well as the homogeneous, unbiased R;-
and Rs-optimal solution.

For the other unknown parameter o? and the covariance matrix, the
following estimators are available:
2 (y—Xb)W™H(y — Xb)
= 4.67
s T_K (4.67)
and
V(b) = s2S7L. (4.68)

L respectively:

These estimators are unbiased for o2 and 025~
E(s?) = Rs(b, B)(T — K)™' =0¢® and E(V(b) =025"1.  (4.69)
Analogous to Theorem 3.6, we obtain

Theorem 4.5 Assume the generalized linear model (4.2). Then the best
linear unbiased estimator of d = a'( and its variance are given by

d=a'b, (4.70)

var(d) = 0%a’S™'a = a' V(b)a. (4.71)

For a general least squares approach, see Section 4.10.
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4.3 Misspecification of the Dispersion Matrix

One of the features of the ordinary least-squares estimator by = (X'X) =1 X"y
is that in the classical model with uncorrelated errors, no knowledge of o2
is required for point estimation of 5. When the residuals are correlated, it is
necessary for point estimation of 3 to have prior knowledge or assumptions
about the covariance matrix W, or at least an estimate of it.

Assuming the general linear model y = X3 + ¢, € ~ (0,0%2W) so that
W is the true covariance matrix, then misspecification relates to using a
covariance matrix A # W.

Reasons for this misspecification of the covariance matrix could be one
of the following:

(i) The correlation structure of disturbances may have been ignored in
order to use OLS estimation and hence simplify calculations. (This
is done, for instance, as the first step in model building in order to
obtain a rough idea of the underlying relationships.)

(ii) The true matrix W may be unknown and may have to be estimated

by W (which is stochastic).

(iii) The correlation structure may be better represented by a matrix that
is different from W.

In any case, the resulting estimator will have the form
B=(X"ATTX)TIX Ay, (4.72)

where the existence of A=! and (X’A71X)~! have to be ensured. (For
instance, if A > 0, then the above inverse exists.) Now, the estimator g is
unbiased for (3, that is,

E(3) =8 (4.73)

for any misspecified matrix A4 as rank(X’A71X) = K.
Further, 8 has the dispersion matrix

V(3) = (X' AL X)X AT TWATLX (X' A7 X) ! (4.74)

so that using the false matrix A results in a loss in efficiency in estimating
B by 3 instead of the GLSE b = S~ X'W 1y, as is evident from

V(B) - V() = o*[(X'A'X) XA - S5TIX'W
X WX'ATIX) T XA - STIX'W Y (4.75)

which is nonnegative definite (Theorems 4.4 and A.41 (iv)).
There is no loss in efficiency if and only if

(XA X)) X'A =8I X'
and then 3 = b.
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Let us now investigate the most important case, in which the OLSE
b= (X'X)"1X'y = by, say, is mistakenly used instead of the true GLSE.
That is, let us assume A = I. Letting U = (X’X )1, we get the increase in
dispersion due to the usage of the OLSE by = UX'y instead of the GLSE
as (see (4.75))

V(bg) = V(b) = o?(UX' — STIX'W ™ H) x W(XU - W 1XS™h).
Therefore, it is clear that V(by) = V(b) holds if and only if
UX'=5'X'Ww
This fact would imply that
UX' =S XW'leXWZ=0XW1Z=0, (4.76)

where Z is a matrix of maximum rank such that Z’X = 0. Since W > 0, we
can find a symmetric square root W2 such that W2W2 = W. Similarly,
since A and B are nonnegative definite matrices, so we can find symmetric
matrices A; and Bj such that A = A;A] and B = BjBj, respectively.
Furthermore, X and Z span the whole space so that /2 can be expressed
as

W2 = XA, +7ZB
=W = XA4A,X'+XAB,7 +ZB A\ X'+ ZB\B,Z’ .

Expressing the condition X'WZ = 0:
X'XA1B1Z'Z=0 & A1B;=0.
Similarly, B; A} = 0, so that
W =XAX'+ZBZ'.

So we have the following theorem, which is proved under more general
conditions in Rao (1967) and Rao (1968).

Theorem 4.6 The OLSE and the GLSE are identical if and only if the
following form holds:

W =XAX'+ ZBZ', (4.77)
which is equivalent to the condition X'W Z = 0.

It is easy to see that if the regressor matrix X has one column as the
unit vector, then for the choice

W=>0-p)I+p11" (0<p<1), (4.78)

the condition X’WZ = 0 holds. Thus (4.78) is one choice of W for which
OLSE = GLSE (McElroy, 1967).
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Note: The condition 0 < p < 1 ensures that (1 — p)I + pl1’ is positive
definite for all values of the sample size T'. For given T, it would be replaced
by —=1/(T — 1) < p < 1. A matrix of type (4.78) is said to be compound
symmetric.

Clearly, an incorrect specification of W will also lead to errors in esti-
mating o2 by 62, which is based on é. Assume that A is chosen instead of
W. Then the vector of residuals is

f=y—XB=00—-X(X'A'X)"' X' A Ve,
and we obtain

(T-K)s? = ¢e

tr{(I - X(X'A7'X)"'x'A™)

xed (I — ATPX (XA X)71X")},

o?tr(W — X (XA X)"1x'A™h)

+ tr{o®? X (X' A7 X)X AN — 2W) + XV (B) X'},
(4.79)

E(6*)(T — K)

Standardizing the elements of W by tr(WW) = T, and using Theorem
A.13 (i), the first expression in (4.79) equals T'— K. For the important case
A =1, expression (4.79) becomes

E(?) = o*+ T Ktr[X(X’X)_lX’(I —W)]

+ 7 K —ul(XX)TXWX]). (4380

= o

The final term represents the bias of s?> when the OLSE is mistakenly
used. This term tends to be negative if the disturbances are positively
correlated, that is, there is a tendency to underestimate the true vari-
ance. Goldberger (1964, p. 239) has investigated the bias of the estimate
s2(X'X)71 of V(bo) in case W is the dispersion matrix of heteroscedastic
or autoregressive processes. More general investigations of this problem are
given in Dufour (1989).

Remark: Theorem 4.6 presents the general condition for the equality of the
OLSE and the GLSE. Puntanen (1986) has presented an overview of alter-
native conditions. Baksalary (1988) characterizes a variety of necessary and
sufficient conditions by saying that all these covariance structures may be
ignored without any consequence for best linear unbiased estimation. Fur-
ther interesting results concerning this problem and the relative efficiency
of the OLSE are discussed in Kréamer (1980) and Kramer and Donninger
(1987).
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4.4 Heteroscedasticity and Autoregression

Heteroscedasticity of e means that the disturbances are uncorrelated but
not identically distributed, that is {e;} is said to be heteroscedastic if

2 !
| o for t =1,
E(Eth/) = { 0 for t?é t/, (481)

or, in matrix notation,

kk 0 --- 0
T kp e 0 _ 2
E(ee') =0“W =0 . ) = o diag(k1,...,kr), (4.82)
0 0 --- kp

where k; = 07 /0? can vary in the interval [0, 00).
Standardizing W by tr{W} = T, we obtain

Zktzzﬁ =T, (4.83)

and hence 02 = " 07 /T is the arithmetic mean of the variances. If k; = k

for t = 1,...,T, we have the classical model, also called a model with
homoscedastic disturbances. Now
Wt =diag(ky ', ... k31, (4.84)

and therefore the GLSE b = S™1X'W 1y, with X’ = (x1,...,27), is of
the special form

b= <Z T, klt>1 <Z Loy klt> . (4.85)

It follows that b is a weighted estimator minimizing the weighted sum of
squared errors:

R3(3,8) =W le=Y "¢ klt . (4.86)
A typical situation of heteroscedasticity is described in Goldberger (1964,
p. 235). Let us assume that in the univariate model
yp=a+0ri+e (t=1,...,7),
the variance of ¢; is directly proportional to the square of x;, that is,
var(e;) = o2t .

Then we have W = diag(z?,...,2%), namely, k; = z7. Applying b as in
(4.85) is then equivalent to transforming the data according to

1
ytoz( >+ﬂ+€t, var(et>02
Tt Tt Tt Tt
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and calculating the OLSE of («, 8). An interesting feature of this special
case is that the roles of intercept term and regression coefficient in the
original model are interchanged in the transformed model.

Another model of practical importance is that of aggregate data: We do
not have the original samples y and X, but we do have the sample means

1 & 1 &
gt:ntzyj’ fti:ntzl’ﬁ
Jj=1 j=1
so that the relationship is
K
Ge=Y BiEnita (t=1,...T),
i=1

where var(é;) = 02 /n;. Thus we have W = diag(1/n1,...,1/n7).

Another model of practical relevance with heteroscedastic disturbances is
given by the block diagonal design. In many applications we are confronted
with the specification of grouped data (see, for example, the models of
analysis of variance). It may be assumed that the regression variables are
observed over m periods (example: the repeated measurement model) or
for m groups (example: m therapies) and in n situations. Thus the sample
size of each individual is m, and the global sample size is therefore T' = mn.
Assuming that in any group the within-group variances are identical (i.e.,
Eeie, = 0?1 (i = 1,...,n)) and that the between-group disturbances are
uncorrelated, then we obtain the block diagonal dispersion matrix

21 0 - 0
2
o 0 o3I --- 0 L ) )
E(e€e’) = ) L ) = diag(o71,...,0.,1). (4.87)
0 0 - o2

The model may be written as

Y1 Xl €1
Y2 Xo €2

= X G+ X . (4.88)
Ym Xm €m

Note: This structure of a linear model occurs more generally in the m-
dimensional (multivariate) regression model and in the analysis of panel
data.

More generally, we may assume that the disturbances follow the so-called
process of intraclass correlation. The assumptions on € are specified as
follows:

ej=vj+uy, t=1,...,m, j=1,...,n, (4.89)
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where the disturbances v; are identical for the m realizations of each of the
n individuals:

E(vj) =0, var(v;) = o2, j=1,...,n,
cov(vvi) = 0, j#j. (4.90)
The disturbances u;; vary over all T' = mn realizations and have
E(uy) = 0, var(uy) =02, (4.91)
cov(ug,upy) = 0, (t,5)#{,5),
and, moreover,
cov(ug,vy) =0 forall t, 7,5, (4.92)

that is, both processes {u} and {v} are uncorrelated.
The T x T-dispersion matrix of € is therefore of the form

E(e€e’) = diag(®, ..., P), (4.93)
where ® is the m x m-matrix of intraclass correlation:

L~y
’)/ 1 ... /‘Y

2

® = E(uu)) = 0°V = o” (4.94)

vy o

with
2
2 v

— 42 2 —
o =o0,+4+0, and =

o2’

As pointed out in Schonfeld (1969), we may write

U= (1-~) (I+ , iyll’) (4.95)

so that its inverse is

1
‘P_1:17<1_1+7(Zn1)11/>' (4.96)

Based on this, we get the GLSE as

b= ZD(.’E]‘,SL’]') Zd(.’lﬁj,.’lﬁj) (497)

with the modified central sample moments
1 ym o
Dl = X%, T
and
ym
I1+~(m—1

d(xjax;') = mX]/yJ - )ijj'



4.4 Heteroscedasticity and Autoregression 159

Remark: Testing for heteroscedasticity is possible if special rank test statis-
tics for any of the specified models of the above are developed Huang (1970).
As a general test, the F-test is available when normality of the disturbances
can be assumed. On the other hand, the well-known tests for homogeneity
of variances may be chosen. A common difficulty is that there is no proce-
dure for determining the optimal grouping of the estimated disturbances
€:, whereas their grouping greatly influences the test procedures.

Autoregressive Disturbances

It is a typical situation in time-series analysis that the data are interdepen-
dent, with many reasons for interdependence of the successive disturbances.
Autocorrelation of first and higher orders in the disturbances can arise, for
example, from observational errors in the included variables or from the
estimation of missing data by either averaging or extrapolating.

Assume {u;} (t=...,-2,—1,0,1,2,...) to be a random process having

E(u) =0, E(ul) =02, E(uwuy)=0 fort#t. (4.98)
Using {u;}, we generate the following random process:
vy — = p(ve—1 — p) + U, (4.99)

where |p| < 1 is the autocorrelation coeflicient that has to be estimated.
By repeated substitution of the model (4.99), we obtain

v—p=Y_ pu, (4.100)
s=0
and therefore with (4.98)
E(v)) = p+ Y p° Elu)=p, (4.101)
s=0
E(v, —p)? = Z Z P* B(ur—sui—r)
s=0 r=0
= o2 szs =o(1-pH) ' =02 (4.102)
s=0
Then the vector v/ = (vy,...,vr) has the mean
E(v) = (..., 1)

and dispersion matrix ¥ = ¢2W, where

1 p p? p'
w=| . . . (4.103)
pT—l pT—2 pT—3 1
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is regular and has the inverse

1 —p 0 0 0
—p 1+p2 —p 0 0
1 0 —p  1+p*> - 0 0
werie S . . (4.104)
- P : : : : :
0 0 0 - 1+4p> —p
0 0 0 e 1

Letting €, = vy and p = 0, we obtain the generalized linear regression model
with autocorrelated disturbances. This model is said to be a first-order
autoregression. The GLSE for ( is

b= (X'W X)) ' X'Wly, (4.105)

where W1 is given by (4.104). From (4.103) it follows that the correla-
tion between €, and €;_, is o?p”, that is, the correlation depends on the
difference of time |7| and decreases for increasing values of |7| as |7] < 1.

Testing for Autoregression

The performance of the GLSE b = (X'W~1X)"! X’W~1y when W is mis-
specified was investigated in Section 4.3. Before b can be applied, however,
the assumptions on W, such as (4.79), have to be checked. Since no general
test is available for the hypotheses “e is spherically distributed,” we have
to test specific hypotheses on W. If the first-order autoregressive scheme
is a plausible proposition, the well-known Durbin-Watson test can be ap-
plied (see Durbin and Watson (1950, 1951)). If p > 0 is suspected, then the
Durbin-Watson test for

Hy: p=0 against Hi: p>0
is based on the test statistic

T (~ _ 2 2
g = Z=lf =Gt (4.106)
22
2o €
where €, are the estimated residuals from the classical regression model

(i.e., W = I). The statistic d is seen to be a function of the empir-

ical coefficient of autocorrelation p of the vector of residuals ¢ = y —
X(X'X)"1X'y:

Yot éréi (4.107)

\/Zt 2€ \/Zt:Q 5?71.

Using the approximation

T T T
yoé& Z szef . (4.108)
t= t=
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we obtain

2Z€f—22ét€t,1w .
e ~2(1-p) (4.109)
and therefore 0 < d < 4. For p = 0 (i.e., no autocorrelation) we get
d = 2. The distribution of d obviously depends on X. Consequently, the
exact critical values obtained from such a distribution will be functions of
X and as such it would be difficult to prepare tables. To overcome this
difficulty, we find two statistics d; and d,, such that d; < d < d,, and their
distributions do not depend on X. Let dj be the critical value obtained
from the distribution of d;, and let d, be the critical value found from the
distribution of d,,. Some of these critical values are given in Table 4.1; see
Durbin and Watson (1950, 1951) for details.
The one-sided Durbin-Watson test for Hy: p = 0 against Hy: p > 0 is as
follows:
do not reject Hy if d>d},
reject Hy if d<dj,
no decision if dy <d<dy.
If the alternative hypotheses is Hi: p < 0, the test procedure remains

the same except that d = (4 — d) is used as the test statistic in place of d.
For the two-sided alternative Hy: p # 0, the procedure is as follows:

do not reject Hy if d(ord) > d,
reject Hy if d(ord) <dj,
no decision if df <d<(4-4dj).

Note: Some of the statistical packages include the exact critical values of
the Durbin-Watson test statistic.

Estimation in Case of Autocorrelation

Two-Stage Estimation. If Ho: p = 0 is rejected, then the estimator p from
(4.107) is inserted in W~ from (4.104), resulting in the estimator W~!
and

b= (X'W'X)"'X'W1y. (4.110)

If some moderate general conditions hold, this estimator is consistent, that
is, we may expect that

plim b= 3. (4.111)

It may happen that this procedure has to be repeated as an iterative process
until a relative stability of the estimators p and B is achieved. The iteration
starts with the OLSE by = (X’X)~1X'y. Then é = y — Xby, p (4.107), and
b (4.110) are calculated. Then again é = y — Xb 0 (usmg this last €), and
b are calculated. This process stops if changes in p and b are smaller than
a given value.
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Transformation of Variables. As an alternative procedure for overcoming
autoregression, the following data transformation is available. The model
with transformed variables has homoscedastic disturbances and may be
estimated by the OLSE.

We define the following differences:

Apye = Yyt — pyi—1, (4.112)
Apis = it — pTit—1, (4.113)
U = € — pe_1, (4.114)

where E(uu’) = 021 (see (4.98) and (4.99) with ¢; = v;).
Then the model

y=XB+e, e~ (0,0°W)
with W from (4.103) is transformed to the classical model
Ay = Po(l —p) + B1lpz1e + - + B AT + us . (4.115)

Note: With the exception of (y, all the parameters (; are unchanged.
When p is known, the parameters in model (4.115) can be estimated

by OLSE. If p is unknown, it has to be estimated by p (4.107). Then the

parameters 3; in model (4.115) are estimated by OLSE (two-stage OLSE)

when p is replaced by p (Cochrane and Orcutt, 1949). In practice, one can

expect that both of the above two-stage procedures will almost coincide.
If p is near 1, the so-called first differences

Ayy =y — Y1, (4.116)
Al’it = Tit — Lit—1 » (4117)
Ut = € — €1 (4118)

are taken.

Remark: The transformed endogenous variables in (4.116) are almost un-
correlated. The method of first differences is therefore applied as an attempt
to overcome the problem of autocorrelation.

Note: An overview of more general problems and alternative tests for spe-
cial designs including power analysis may be found in Judge et al. (1985,
Chapter 8).

Example 4.1: We demonstrate an application of the test procedure for
autocorrelation in the following model with a dummy variable 1 and one
exogenous variable X:

yr = Bo+ Pz + e, e~ N(0,07), (4.119)

or, in matrix formulation,

y=(1,X) < g? ) L6, e~ N(0,0%W), (4.120)
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TABLE 4.1. Five percent significance points for the Durbin-Watson test (Durbin

and Watson, 1951).

K*=1
T4 d
15 1.08 1.36
20 1.20 1.41
30 1.35 1.49
40 1.44 1.54
50 1.50 1.59

K*=2  K*=3  K‘=4
e dy dr dr df o dn
095 1.54 082175  0.69 1.97
1.10 1.54  1.00 1.68  0.90 1.83
1.28 1.57 121 1.67 1.14 1.74
1.39 1.60 1.34 1.66 1.29 1.72
1.46 1.63 1.42 1.65 1.38 1.72

K*=5
ddr
0.56 2.21
0.79 1.99
1.07 1.83
1.23 1.79
1.34 1.77

Note: K* is the number of exogenous variables when the dummy variable

is excluded.

Let the following sample of size T' = 6 be given:

We get
X'X
XX

(X'X)"!

bo

p/\ p—
d =

d

1 1 —4
3 1 3
2 1 4
v=13 | =11 5
0 1 3
2 1 3
6 14 . (11
(14 84)’ Xy<34)’
308,
1 84 —14
308 \ —14 6 )’
1 [ 448 1.45
A —1 ! _ —_
(XX)7 Xy = 308( 50 ) = ( 0.16
0.81
1.93
2.09 R
Xb(): 225 5 GZy—XbOZ
1.93
1.93
S é1é  —1.54 098
Z?:Q €t2—1 a 545 a . 7
2(1 — p) = 2.56,
4—d=1.44.

)

0.19
1.07
—0.09
0.75 |’
—1.93
0.07

From Table 4.1 we find, for K* = 1, the critical value corresponding
to T = 6 is d}, < 1.36, and therefore Hy: p = 0 is not rejected. The
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autocorrelation coefficient p = —0.28 is not significant. Therefore, < go )
1

of model (4.120) is estimated by the OLSE by = ( (1)112 )

4.5 Mixed Effects Model: A Unified Theory of

Linear Estimation

4.5.1 Mized Effects Model

Most, if not all, linear statistical models used in practice are included in
the formulation

y=XpB+Ul+e (4.121)

where y is a T-vector of observations, X is a given T' x K design matrix, §
is an unknown K-vector of fixed parameters, £ is an unknown s-vector of
unknown random effects, U is a given T' X s matrix, and ¢ is an unknown
T-vector of random errors with the following characteristics:

E(e)=0, E(e)=V, E(«¢) =0, E) =T, Cov(e,&)=0.

(4.122)
The components of £ are unobserved covariates on individuals, and the
problem of interest is the estimation of linear combinations of g and &.
For example, in animal breeding programs, £ represents intrinsic values
of individuals on the basis of which some individuals are chosen for fu-
ture breeding (see Henderson (1984) for applications in animal breeding
programs). We assume that the matrices V' and I' are known and derive
optimum estimates of fixed and random effects. In practice, V and I' are
usually unknown, and they may be estimated provided they have a special
structure depending on a few unknown parameters.

4.5.2 A Basic Lemma

First we prove a basic lemma due to Rao (1989), which provides a solution
to all estimation problems in linear models. We say that G, is a minimum
in a given set of nonnegative-definite (n.n.d.) matrices {G} of order T, if
G, belongs to the set, and for any element G € {G}, G — G, is a n.n.d.
matrix, in which case we write G, < G.

Lemma 4.7 (Rao, 1989) Let V : T x T be nnd., X : TX K, F: T x K,
and P : K x K be given matrices such that R(F) C R(V : X) and R(P) C
R(X"), and consider the K x K-matriz function of A: T x K

f(A)=A'VA— A'F - F'A. (4.123)
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Then
min_ f(4) = f(A.)

X'A=P

where (A, By) is a solution of the equation

VA+XB = F
XA — P } (4.124)
Furthermore,
f(A.) = min f(A)=-A,F-B.,P=—-F'A,—-P'B, (4.125)

X'A=P
and is unique for any solution of (4.124).

Proof: Let (A, By) be a solution of (4.124). Any A such that X'A = P
can be written as A, + ZC where Z = X+ and C is arbitrary. Then

f(A) = AVA-AF-FA
= (A +ZO)V(As+2C) — (A + ZC)F — F'(A. + Z0O)
= (AVA, - A F-FA)+C'Z'VZC

+(ALV — F'YZC +C'Z'(VA, — F) (4.126)
= (AVA,—AF-FA)+C'ZVZC
= fA)+C'Z'VZC (4.127)

since, using equation (4.124)
C'Z/(VA,—F) = 0
(ALV —F"hYzC = 0

so that the last two terms in (4.126) are zero. The difference f(A)— f(A.) =
C'Z'V ZC, which is n.n.d; this proves the optimization part. Now

VAW+XB*:F:>{ (4.128)

f(A,) = AVA,—AF—FA,
= A (VA,—F)—FA, =—-A.XB, - F'A,
= -PB,—FA,=-A.F-B.P, (4.129)

which proves (4.125). Let

vV X 77 Ci Oy
X0 S\ -0y

for any g-inverse. Then
A, = CF+CyP, B,=C\F—C4P,
f(A.) = —P/(CLF —C4P)— F'(CiF + CyP)
P'CyP - P CLF — F'CyP — F'CiF

3 P'C4P if F=0,
= \ —F'GyF if P=0.
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4.5.3 Estimation of X[ (the Fized Effect)

Let A’y be an unbiased estimate of X /3. Then E(A’'y) = Xg for all
= A'X = X'/, and

E[(A'y — XB)(A'y — XP)'] = E[A(UE+e)(UE +€)' 4
= AUTU +V)A= AV, A

where V, = UTU’ 4+ V. Then the problem is that of finding
min AV, A.
X'A=X"
The optimum A is a solution of the equation
V,A+XB = 0
X'A = X'

)

which is of the same form as in the only fixed-effects case except that V,
takes the place of V. If

V. X\ (G G
x o) “\a -

A, = CoX' B, = —Cy X'

then

giving the MDE of X3 as
Aly=XChy (4.130)
with the dispersion matrix

XCO4X'.

4.5.4  Prediction of U (the Random Effect)
Let A’y be a predictor of U such that

E(A'y —Uf) = AXB=0= AX=0.
Then

E(Ay —U&A'y —US) = E[A - NUEU'(A-1I)]+E[A e 4]
(A —DUTU'(A—T)+ A'VA
A'V,A— AUTU' — UTU'A+ UTU'.

The problem is to find

min (A'V,A— AW - WA+ W),
X"A=0
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where W = UT'U’. Applying the basic lemma of Section 4.5.1, the minimum
is attained at a solution A, of the equation

V,A+XB = W
X'A = 0.
In terms of the elements of the g-inverse of Theorem A.108, a solution is
A, =W, B, = C3W
giving the mean-dispersion error of prediction (MDEP) of U¢ as
Aly=WChy (4.131)
with the dispersion of prediction error

—AW4+W=W-WC,W.

4.5.5 FEstimation of €
Let A’y be an estimate of ¢ such that
EAy—e)=AXp=0=AX=0.

Then
E[(A'y —e)(Ay —¢))] = E[AUU'A]+E[(A" - I)ee'(A - 1I)]
AV,A-AV - VA4V, (4.132)
Proceeding as in Section 4.5.2, the optimum A is
A, =CV
giving the MDEP of € as
Aly=VCy (4.133)

with the dispersion of prediction error
—AV+V=V-VCV.

The expressions (4.130), (4.131), and (4.133) for the estimators (predic-
tors) of X 3,U¢, and € suggest an alternative procedure of computing them
through a conditioned equation. Consider the equation

Via+ X8 =y
X'a=0

and solve for (o, 3). If (d,ﬁ) is a solution, then the estimate of X3, U¢,
and € are X B, Wa, and V&, respectively.

The estimators obtained in this section involve the matrices V and T,
which may not be known in practice. They cannot, in general, be estimated
unless they have a simple structure involving a smaller number of param-
eters as in the case of variance components. In such a case, we may first
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estimate V and I' by some method such as those described in the case of
variance components by Rao and Kleffe (1988) and use them in the second
stage for the estimation of X3, U¢, and e.

We discuss separately the estimation of X3, U¢, and e. If we need an
estimate of a joint function of the fixed and random effects and the random
error such as

P'XB+QUE+Re, (4.134)

then we need only to substitute the separate estimates for the unknowns
and obtain the estimate

P'XB+QUE+ R,
which is the MDE for (4.134).

4.6 Linear Mixed Models with Normal Errors and
Random Effects

In Section 4.5, we discussed the mixed effects model (4.121) without assum-
ing any parametric form for the distributions of errors and random effects.
The covariance matrices V and I' in (4.122) can have a general structure.
They are assumed to be known in Section 4.5.1. When there is a hierar-
chy in the data, e.g., a data set on reading test of students where schools
are at the first level, classes within schools at the second level and students
within classes at the third level, then such data is termed as multilevel data.
The linear mixed models are appropriate for the analysis of data in such
situations. It is also appropriate for the analysis of clustered, longitudinal
or spatial data (or a combination thereof). In such cases, the covariance
matrices may have a special structure, which depends on some unknown
parameters. For longitudinal data, Laird and Ware (1982) described the
linear random effects model under normal assumptions, see also Harville
(1976, 1977), whereas Hartley and Rao (1967) used it in the context of
analysis of variance.

Now we consider the model for longitudinal or clustered data for the
single level random effect situations. Therefore we unstack the matrix form
in (4.121) to the form of T separate observational equations representing,
e.g., the longitudinal observations of T" individuals:

yr = XeB + Uiy + €, t=1,...,T, (4.135)

where each of the T equations is a set of n; univariate equations and n; is
the number of observations on individual ¢ or the number of observations in
cluster t. There can be different number of observations within individuals
or clusters. The response y; and random errors ¢; are n;-vectors, X; is a
ny X K matrix and U; is a n; X s matrix. Both X; and U; are assumed to
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be of full column rank. The fixed effect § is a K-vector and the random
effect &, is a s-vector. We make the following assumptions:

€1,...,€T I}Vd Nnt(O,UQI)
i.i.d.
&, 60 K NL(O,T) .
(4.136)
Further, it is assumed that the random sequences €1, ...,er and &1,..., &7

are independent, so that the following holds true:
E(erer) = E(eéy) = BE(&er) = E(&&) =0 t#t.

The matrix X; usually contains an intercept term and we assume further
that the identity matrix I has the appropriate dimension. This assumption
may be interpreted as follows: conditional on the individual random effects
&, the observations within each individual are uncorrelated, and therefore
0?1 is taken as a homoscedastic covariance matrix for the distribution of the
errors. This assumption can be relaxed but then one must be careful with
the notations, because the dimension of the covariance matrices also vary
when the number of observations vary between the individuals or within
a cluster. Using the assumption of normal errors and the properties of the
normal distribution, the model (4.135) can be written in the marginal form
as

y=XifB+é (4.137)

where
& ~ N, (0,0°T + U,TU}) . (4.138)

Such situation is similar to the formulation as in (4.2), where the covariance
matrix (021 + U;T'U}) is similar to o2W. In fact, when we stack all T sets
of equations together in a single matrix form, then the covariance matrix
of y of all T individuals is a block diagonal matrix with (621 + U,I'U]) as
blocks. The matrix X in (4.2) is X = (X1,...,X}) and U is

Uy 0 ... 0

v=| 0 U (4.139)
: 0
0 ... 0 Up

We mention some more assumptions. First of all, we do not assume that
either o2 or I' are known in this section. Instead, we assume that T is a
covariance matrix, which is parameterized by a parameter vector, say «, so
that we can write I' = I'(«). Secondly, beside estimating the fixed effects
3, the estimation of the variance components parameters o® and « are of
primary interest. Instead of using an unstructured W, we use a structured



170 4. The Generalized Linear Regression Model

covariance matrix for the errors. We now consider two examples to illustrate
the ideas behind the mixed model. The following example is in the context
of the random intercept model.

Ezample 4.2: Consider n; = 3. For the random intercept model, (4.135)
simplifies to

yt:Xtﬂ+1£t+€ta til,...,T, (4140)

where 1 = U is a n;-vector containing 1’s and &, is a scalar. In this case,
I' = o? is a scalar and represents the variance of the random intercept.
Thus the structured covariance matrix of € in the marginal form (4.137) is
(021 + a211’). Then the covariance matrix of individual ¢ is

o? + oz% oz% oz%
2 2 2 2
a% 7 +2a1 2Oé1 2
af ag o° + o

Therefore, the correlation of two responses vy and yg;, ¢ # j, within
individual t is p = a?/(0? + «3), which is the well known variance com-
ponent model with intraclass correlation p. The problem of estimation of
parameters involves estimating 3 and (o2, a2).

Let us now consider the random slopes model.

Ezxample 4.3: Some care is needed for the notation in the random slopes
model. Consider the design matrix X; portioned as X; = (X, Xi2). A
random slopes model, which involves only Xyo in the random effects part,
can be written as

Yt :Xtﬂ+(1aXt2)£t+€ta til,,T , (4141)

where X;o contains no intercept term. The matrix U; has the form U; =
(1, Xs2). If X9 consists only of one column, then the covariance matrix
of & in the marginal form (4.137) is [0% + (1, X42)T'(1, X42)]. Then I' =

(a2, a3, a12) is
2
_ Qi Q2
re=( 0 ).

where a2 and a3 are the variances of random intercept and random slopes,
respectively, whereas a5 is the covariance between random intercept and
random slopes. The structured covariance matrix of €, is therefore

o?I + 0211 + a19( X2l +1X/y) + a2 X0 X}y -
The parameters of interest are the vector 3 and the vector (02, a2, a3, aiz).

For computational purposes, the covariance matrix oI + U,T'U] is often
rewritten in the form

Vi = Vi(o?,a) = 2T+ UL (a)U] = *(I+ UL (a)U}) = 0*Vi(a) , (4.142)
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where T represents a rescaled version of T', with rescaling factor o2, such
that

=T I=o¢T. (4.143)

Remark: In a slightly sloppy notation, we have used « in both ' and I. We
further note that this form fits into the model (4.2), where W is then the
block diagonal matrix with 7' blocks, which are defined by (I+U;I'U}). The
likelihood function can be defined straightforwardly as described in subsec-
tion 4.6.1 by using marginal form (4.137), individual covariance matrices
(4.142) and normality assumption.

4.6.1  Mazimum Likelihood Estimation of Linear Mixed
Models

Using equations (4.137), (4.142) and normality assumption, the likelihood
function is

L(B,0°% a) =
T

[T ™2 Wio, )|~ expf— (v — XuB) V(% @) e = XiB))

t=1

(4.144)
Further, the log—likelihood function is
d n 1
log L(3,0%,0) = 2; { 5 log(2m) -, log [Vi(0®, )|
S = XeB)Vilo ) - Xi) |
(4.145)

In the next step, the log-likelihood (4.145) can be reduced to a likelihood
which depends on the variance components parameters (o2, ), only. This
can be achieved by substituting the value of 8 in (4.145) by its maximum
likelihood estimator. For given ¢2 and «, the maximum likelihood estima-
tor of the fixed effect parameter (3 is given by the weighted least squares
estimator

T -1 7
B=pc? a)= (ZXM(aQ,a)‘lXt) > X{Vi(o?,a) 'y, (4.146)
t=1

t=1

which can be assumed to be a function of 02 and « only (and the data
also). Substituting 8 in (4.145) by § from (4.146) leads to the reduced
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log—likelihood

T
1 1
> {T; log(2r) — , log |Vi(o®, )| 2e;m(02,a)—1et}

t=1
(4.147)
with
& = yt*XtB
T -1 7
= y— X (ZXt/Vt(UQ,Oé)_lXt> ZXt/Vt(U2aO‘)_ Yt
t=1 t=1
(4.148)

Using V; from (4.142), in (4.148), we get

T
& = y— X (ngf/;(a)lxt> > X Vi(a) . (4.149)
t=1 t=1

Note that (4.149) is independent of 2, because V; does not contain .

Therefore, é; does not depend on ¢2 but depends only on « and the given
data. Now applying Theorem A.16 (ii) of Appendix A to |V;(0?, a)|, we get

log |Vi (0%, a)| = nylog(c?) + log |Vi(a)| . (4.150)

Using (4.149), (4.150), and ignoring the constant terms, the reduced log—
likelihood can be written as

log L(B(az,oz),ch,a) =

;;{ntlog( %) +log |Vi ()| + 072V, (a) }
1 T
= 9 {log(UZ)Znt Zoth ) +o~ 22 }

(4.151)

The maximum likelihood estimator of o2 can be obtained by differentiating
(4.151) with respect to o2 as

4.152
Zt 17 tz; ( :

This shows that 62 can be assumed to be a function of o (and the data).
Substituting 62 from (4.152) for o2 into (4.151) and ignoring the constant



4.6 Linear Mixed Models with Normal Errors and Random Effects 173

terms, gives the further reduced log—likelihood

log L(B(0?, ), 6% (), a) =

N ; { <Z W) log <Z €2Vt<a>—1ét> + ZlogW;(a)I} :
_ i ) (4.153)

The problem of estimation is now to maximize the reduced log—likelihood
(4.153) with respect to the parameter a.

Remark: The inversion of the matrices V; or V, involves only inver-
sion of m; X m; matrices which is feasible as long as n; is of small to
moderate size. In more general situations, when y = (yi,...,y7)" and
X = (X1,...,X}) cannot be partitioned, then the situation becomes more
complicated especially when the number of observations is high.

The maximization of (4.153) can be done using a number of algo-
rithms like the derivative free simplex method of Nelder and Mead (1965),
Newton—Raphson or Quasi—Newton. The resulting estimate & is then
plugged into (4.152) and (4.146) to get 3 and 62. Also the EM algorithm
introduced by Dempster, Laird and Rubin (1977) is an alternative for si-
multaneously estimating all the parameters including the random effects &
which are treated as missing data. The maximum likelihood estimator for
(3 can be shown to be (empirical) BLUE, see Rao and Kleffe (1988), where
the interpretation of empirical here and in the following is that we have to
substitute the unknown « by its consistent estimate. There also exists a
(empirical) best linear unbiased predictor (BLUP) for the random effects.
Using (4.143) and (4.142), we have

ét = f‘UtIVtil(yt - Xtﬁ)
= f‘UtIVtil(yt - Xtﬁ) s (4~154)

where we can reexpress I as T'(&). See, for example, Rao and Kleffe (1988)
for the derivation of this property.

After introducing the linear mixed effects model for the special situations
like longitudinal and clustered data, we now briefly give the derivation of
the estimators under normality assumption for the model in the general
form (4.121). The model is

y=XB+Ul+e (4.155)

where y is a T-vector of observations, X is a given T' x K design matrix, 8
is an unknown K-vector of fixed parameters, £ is an unknown s-vector of
random effects, U is a given T X s matrix, and € is an unknown 7T-vector
of random errors with the following assumptions:

E(E) =0, E(EE,) =V, E(f) =0, E(ggl) =T, COV(E,S) =0,
(4.156)
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with
e~ Np(0,V), &~ Ns(0,T) . (4.157)
Again, we consider the marginal form
y=Xp+e, (4.158)
with
€ ~ Np(0,W), (4.159)
W = V4UILU' . (4.160)

Note that we do not use the residual variance ¢ in this formulation. Both
V as well as I' may have some restricted form as described earlier for the
longitudinal and clustered data cases. So we can express W = W (a). The
marginal likelihood function is then given as

L(B,0) = (2m) 5 [W(a)| "2 exp {(y — XB) W ()" (y — XB)}  (4.161)

and the marginal log—likelihood function after ignoring the additive
constants is

log L(8,0) =~ {log [W(a)] + (y ~ XB)W(0)(y ~ XB)} . (4.162)

Substituting
Bla) = (X'W ()" X)) X' W(a) ty (4.163)
for B in (4.162) (given « fixed) leads to the reduced marginal log-likelihood
. 1
log L(B(), ) = —5 {log W (a)| + €W ()~ "¢}, (4.164)
where
¢ = y-Xp
= y—XX'W() ' X)) X'W(a) 'y
= I-XXW(@)™ ' X)'X'W(a) y . (4.165)

4.6.2  Restricted Maximum Likelithood Estimation of Linear
Mized Models

Use of method of maximum likelihood to estimate the variance component
parameters under linear mixed models has a disadvantage that the loss of
degrees of freedom due to the estimation of fixed effects parameter § is
not taken into account. Note that this is also the case in simple linear re-
gression model y = X3+ ¢, e ~ N(0,02I), where the maximum likelihood
estimator of 02 is biased while the least squares estimator with adjusted
degrees of freedom is unbiased. In the following, we consider the model in
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(4.155) under the assumptions (4.156) and (4.157). Patterson and Thomp-
son (1971) and Harville (1974) introduced an alternative approach, called
as Restricted Maximum Likelihood (REML). Instead of the full likelihood,
they proposed to maximize the likelihood of linear independent error con-
trasts. An error contrast is a linear combination of the expectation of the
response vector y, a’y, with a T-vector a such that

E(d'y) =d E(y) =0 . (4.166)
Since E(y) = X8 under model assumptions, (4.166) is equivalent to
dXB=0 =  dX=0, (4.167)

as [ # 0 in general. The maximum number of linear independent error
contrasts are T'— K. An appropriate choice for the matrix of error contrasts
is the T' x T projection matrix

I-Px=1-XX'X)"'X", (4.168)

which is symmetric and idempotent with rank 7'— K. Using Theorem A.31
(vii) and Theorem A.61 (i), the projection matrix can be expressed as

T KIT K) (T 19 K I
I—PX:(FlaFQ) (r= )6(_ ) (_O)X (Fll>7
Kx(T—K) KxK 2

where I'y a T x (T — K) matrix, such that

I—-Py=IT% and Ty =Ir_g. (4.169)
Harville (1974) shows that the density of the error contrasts
g=Tly (4.170)
is
F@IB@),0) = (2m)7 "= XX ]2 W ()| 2| X W (a) T X]
X exp {;y — XY W)y - XB>}

= @m)7 XX W ()| X W () X
1
X eXp{—2€'W(a)_1€} ,
(4.171)

with ((a) given in (4.163), € given in (4.165), and using the fact that 7 and
0 are independent. It follows from (4.171), that the restricted log-likelihood
after ignoring the constant terms is

log L(B(a), ) =
- ; {log |W ()| + log | X'W () ' X |+ éW ()€} . (4.172)
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It can be seen that, compared to the marginal log—likelihood (4.164), the
REML log-likelihood (4.172) contains an additional term

7; log | X'W(a) "1 X] .

The same type of algorithms can be used for the maximization of (4.172)
as in case of marginal log—likelihood.

Now we illustrate how to express the REML log-likelihood for longitu-
dinal and clustered data, when we assume that the covariance matrix W
is block diagonal and U has design as in (4.139). Let X = (X71,..., X})
and the cluster specific covariance matrices V;(0?,a) as in (4.142). The
REML-likelihood in (4.171) is then

F(@1B(o% @), 0%, @) o
2 T T
[T1vite* )
t=1 t=1

X exp {—; Z( - XtB)/Vt(Uzya)fl(yt - XtB)}

t=1

(0%,0)71X

1
2 1

[T [ Vit)]

t=1

o

>
using the property, that W (a) is block diagonal. Additionally, using Theo-

rem A.16 (ii),(vi) in Appendix A and (4.142), we can substitute |W ()| in
(4.171) by

3 T
1 S N—1a
| Cen{ - Yane e}
=1

(4.173)

T

[W ()] :H‘V} 0%, Q) :H NENAC (4.174)

t=1 t=1

H

[ X'W ()~ X]| by

I X'W(a) ' X| =

ZXV

’

T
KXV @)X
t=1

(4.175)

because X; is n; x K matrix, and & W ~1¢ by

T T
Z (0%, 0)é =0 Zev Q)é . (4.176)
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The REML log-likelihood after ignoring the terms which are independent
of a, is given by

log L(B(07, ), 0%, ) =

T
1
2{<ZntK>log +Zlog|‘/}
t=1

T T
S OXV )X, +022egfft(a)1et} . (47
t=1

t=1

+ log

Now, differentiation of (4.177) with respect to 0% gives the REML estimator
of o2 for fixed a as

T
1 -
62 = § EV,  a)e . (4.178)
Zf:l ng — K =1

Substituting (4.178) into (4.177) for o2 leads to the reduced REML log—
likelihood

log L(B(UQ,a),&Q(a),a) =

2 {(en) (?’Vt‘“a*)
XT: } . (4.179)

Remark: Equation (4.179) can be seen as a true (profile) log-likelihood for
a transformed response vector §. The estimator 2 is derived by differen-
tiation. But this argument relies on the assumption that the covariance
matrix of the residuals € of the marginal model can be written either as in
(4.142) for the case of longitudinal (or clustered data) or on the assumption
that W in (4.160) in case of full matrix representation can be expressed as

T
+3 log|Vi(a)| + log

W =W . (4.180)

In both the cases, o2 is the variance of the residuals € (without tilde). But
some care is needed. For example, instead of (4.157), we can assume

e ~ Nr(0,0%R), &~ Ng(0,T) (4.181)

where R is the correlation matrix (note that we have assumed R = I in
the longitudinal and clustered data model (4.136)). Then o2 is in fact the
homoscedastic variance of € in the conditional model y = X34+ U&+¢€. The
covariance matrix of € in the marginal model then is

E(&) = 0c*R+ UTU’ = o* <R + 12 UFU’) =o?W (4.182)
g
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with
W=R+ 012 UTU' = R+ \UTU' | (4.183)
where
A= 012 . (4.184)

Comparing the ML log-likelihood (4.151) (denoted as log Lsz,) and the
REML log-likelihood (4.177) (denoted as log Lrenr), that are obtained
before substituting o2, we get

. (4.185)

T ~
> XV @)X,
t=1

1 1
log Lremr = log Ly — 2Klog(02) ~ log

Equation (4.185) is used by Crainiceanu, Ruppert, Claeskens and Wand
(2005) with a further reparametrization in (4.182) as

I'=ol™", (4.186)
that leads to
0.2
A= Ug (4.187)

A similar equation like (4.185) can be formulated for the full matrix
representation also when (4.182) holds.

4.6.3 Inference for Linear Mixed Models

Now we discuss the methods for the estimation of standard errors and
construction of tests of hypotheses for fixed and random effects.

Point estimates for fixed and random effects

Recall that in linear mixed models, the fixed effects 3 is estimated by
(4.146) as

T -1 T
B=P(0"a) = (ZXt"/%(oQ,a)‘lXt) > X[Vi(o? o)y, (4.188)
t=1

t=1

in the longitudinal or clustered data cases, or by (4.163) as
B=p(a) = (XW() ' X)'X'W(a) 1y (4.189)

in the full matrix representation, where o2 and « are replaced by their
maximum likelihood or restricted maximum likelihood estimates.
For the random effects, we have (4.154)

& o= f‘UtIf/til(yt_XtB)
= TU Vi Yy — Xuf) (4.190)
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as estimates of the individual specific or cluster specific random effects.
Note that these estimates depend on the estimates for 3, ¢2 and «. An
estimate in case of the full matrix representation is given by

E=TUW Yy - X}j), (4.191)

where V is the covariance matrix of the error terms ¢, I' is the covariance
matrix of the random effects £ and W = W(a) =V +UTU'.

Large sample variances

The usual Aitken theory can be applied for the estimation of the fixed
effects parameter 3 and the case of a known covariance matrix W = W («)
of the error terms €. The dispersion matrix of 3 is

D(B) = (X'W~1Xx)"! (4.192)

in the full matrix representation, and, for known ¢2 and «,

- <Z Xt’Vt(UQ,a)_lXt> (4.193)

t=1

in the longitudinal and clustered data cases. Empirical versions D(B) are
usually calculated by replacing 02 and « by their ML or REML estimates.
We make some remarks for such uses.

Remarks:

(i) The true dispersion of the fixed effects parameter 5 is underestimated
because the uncertainty in the estimation of 02 and « is ignored. Fur-
ther, if a represents the variance components then Searle (1997) shows
that the maximum likelihood estimates of 3 and the variance compo-
nents (02 and a) are asymptotically independent. Assume, e.g., that
« can be written as a ¢g-vector. Then the asymptotic ¢ x ¢ dispersion
matrix can be written as

D(&) 2{tr (Wlaaz W= 183)}

in the full matrix representation and similarly for the longitudinal
and clustered data cases.

4,7=1,...,9

(ii) A possible misspecification of the covariance structure of the random
effects is not taken into account in (4.192) and (4.193). This can be
repaired by using a sandwich matrix as in the theory of generalized es-
timating equations (GEE), see Liang and Zeger (1986). Using (4.146),
we get in the longitudinal or clustered data situation by applying the
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usual rules for covariance matrices

D(B) = (Z X|Vi (02, a)_lXt>

t=1

T
X (Z X/Vi(0?, o)t var(y,) Vi (o2, a)_lXt>
t=1
-1

x (XT: Xt’vt(a?,a)lxt)

t=1

The forms (4.192) and (4.193) result from the assumption that
var(y;) = V;. If this is incorrect, then replacing var(y;) by its empirical
estimates

ceh =y — Xy — XuB), t=1,...,T, (4.194)

leads to the robust sandwich matrix form proposed, e.g., by White
(1982) and Liang and Zeger (1986).

Similar considerations can also be made for the random effects & or . Let
P=X(X'W1X)"1X'W~! then y — X3 can be written as

y—XB=y— X(X'WIX) X'Wly=(1-Py. (4.195)

It follows that

var(y — Xp3) = (I — P)var(y)(I —P)
= (I-P)W(I-P)
= W-PW-WP +PWP. (4.196)
Now,
D(E) = TU'W lvar(y — X3)WUT
= v (w'ww-w-lPww!
-W'WPwW Wl PWP'WT ur
= TU' W !'-Ww'P-PW '+ W 'PWP'W ' UT.
(4.197)
Using

WP=PW =W 'PWPW =W lX(X'W'IX)'x'w-!,
(4.198)
we obtain the dispersion matrix for the random effects (4.191) as

DE) = TU{W ' —WX(X'W'X)"'X'W '} UT .
(4.199)
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We have assumed that « is known and that var(y) is correctly specified.
Empirical versions are obtained by replacing the unknown vector a by an
estimate.

Similarly we get the dispersion matrices for all t =1,...,T as

T -1
D) = TU{Vi'-Vilx, (ZXt/Vt_lXt> X
t=1
(4.200)

for the longitudinal and clustered cases.

Remark: If required, the covariance between B and é can also be derived.
Using the rule for two random vectors X and y

Cov(AX, By) = ACov(X,y)B', (4.201)
where A and B are known matrices, we get

Cov(f,£) =
= Cov [(X’W—1X)—1X'W—1y, TU'W = (y — X}3)
= (X'W'X)"'X'W Cov(y,y)WtUT’
— (X'WX)TIX'W ! Cov(y, y)
x WIX(X'W X)) ' x'wtur’
= (X'wWix)“'x'w-lur
- (X'wtx)“'x'w-tur’
- 0 (4.202)

using Cov(y,y) = V(y) = W. The reader may note that many articles and
books state Cov(5 — 3,& — &) instead of Cov((,€). Note that

COV(B - /Baéf 5) 7é COV(B,E),

because only 3 is assumed to be a fixed effect while £ is a random variable.
Now we have

Cov(B—B,6—¢) =
Cov(3,€) — Cov(3,€)
= 0—Cov(3,¢)
= —Cov((X'W'X)"'X'Wy,¢)
= —(X'WX)"' X'W~! Cov(y,¢)
= —(X'WX)"' X'W~ Cov(U¢, €)
= (X'W X)) X'w-lur. (4.203)
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Approximate Wald Tests

Keeping in mind that the empirical dispersion matrix usually underesti-
mates the true dispersion, only approximate Wald tests can be constructed.
As in Section 3.8, we consider the null hypotheses

Hy: RB=r< RB—r=0 (4.204)

with R a (K —s) x K matrix with rank(R) = K — s, against the alternative
hypotheses

Hy:RB#r < RB—1r#0 (4.205)

assuming that R and r are nonstochastic and known. The Wald statistic
for the full matrix representation is given by

Tw = (RB—r) [REX'W'X)"'R'| " (R —7) . (4.206)

For the situations of longitudinal or clustered data, the Wald statistic is
given by

-1

T -1
Tw = (R3—7) |R (Z XV, (o2, oz)lXt> R'| (R3—r). (4.207)

Again, the unknown parameters o2 and « are to be estimated and then to
be used as plug-in estimates. Under Hy, Ty is approximately x? distributed
with rank(R) = K — s degrees of freedom.

Approximate t—and F'—Tests

Instead of using Ty in (4.206) or (4.207), another idea is to use an approx-
imate t-statistics for testing a hypotheses and construction of confidence
intervals. For example, when R consists of a single row and r is a scalar,
then

RﬂAfr

" JRXWIX)IR!

(4.208)

is approximately ¢ distributed where the number of degrees of freedom is
to be estimated from the data.
Test of general hypotheses may be based on the approximate F-statistics
Tw Tw
Tr = = 4.209
r rank(R) K —s ( )
with Ty from (4.206), which is approximately F' distributed, where the
numerator has (K — s) degrees of freedom and the denominator degrees of
freedoms are to be estimated from the data.
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Likelihood Ratio Tests

Likelihood ratio tests are another alternative to the Wald tests. Two models
are to be fitted in that case. One without the restrictions (i.e., model
under H;) and another with restrictions (i.e., model under Hy). The (log)
likelihood ratio is then defined by two times the difference of the two log
likelihoods under Hy and H;. One has to note that the REML estimates
can not be used for this purpose without modification. This stems from
the fact that a restriction on [ leads to different design matrices X or X,
under Hy and H;. But these design matrices are the part of projection
matrices (4.168) for the error contrasts. Therefore one gets two different
REML contrasts which lead to different observations g.

In principle, likelihood ratio tests can also be used for testing the hy-
potheses on parameters o. This is complicated because the hypotheses on
a (or a component of it) may be a boundary value. For example, the case
when a component of «, say «; is a variance and is assumed to be zero
under Hy. The usual asymptotics does not hold and the distribution un-
der Hy has to be found. This also holds for the Wald tests. Interestingly,
the REML estimates can be used here because the assumed mean structure
and therefore the design matrices X or X, are identical for both the models
(under Hy and Hy). Thus their error contrasts are also same.

Further Extensions

Linear mixed models and generalized linear mixed models have been ex-
tended in a unifying Bayesian approach by Fahrmeir, Kneib and Lang
(2004), called STAR models (structured additive regression models). This
approach allows modelling of additive functions of explanatory variables
in a nonparametric way such as additive models introduced by Hastie and
Tibshirani (1990), parametric modelling of explanatory variables and cor-
related random effects. It can therefore be used for very complex data
situations like the modelling of space-time data.

4.7 Regression-Like Equations in Econometrics

The methodology of regression analysis is an essential part of the modern
econometric theory. Econometrics combines elements of economics, math-
ematical economics, and mathematical statistics. The statistical methods
used in econometrics are oriented toward specific econometric problems and
hence are highly specialized. In economic laws, stochastic variables play a
distinctive role. Hence econometric models, adapted to the economic reality,
have to be built on appropriate hypotheses about distribution properties
of the random variables. The specification of such hypotheses is one of the
main tasks of econometric modeling. For the modeling of an economic (or
a scientific) relation, we assume that this relation has a relative constancy
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over a sufficiently long period of time (that is, over a sufficient length of
observation period), because otherwise its general validity would not be
ascertainable. We distinguish between two characteristics of a structural
relationship, the variables and the parameters. The variables, which we will
classify later on, are those characteristics whose values in the observation
period can vary. Those characteristics that do not vary can be regarded as
the structure of the relation. The structure consists of the functional form
of the relation, including the relation between the main variables, the type
of probability distribution of the random variables, and the parameters of
the model equations.

The econometric model is the epitome of all a priori hypotheses re-
lated to the economic phenomenon being studied. Accordingly, the model
constitutes a catalogue of model assumptions (a priori hypotheses, a pri-
ori specifications). These assumptions express the information available a
priori about the economic and stochastic characteristics of the phenomenon.

For a distinct definition of the structure, an appropriate classification of
the model variables is needed. The econometric model is used to predict
certain variables y called endogenous, given the realizations (or assigned
values) of certain other variables x called exogenous, which ideally requires
the specification of the conditional distribution of y given z. This is usually
done by specifying an economic structure, or a stochastic relationship be-
tween y and x through another set of unobservable random variables called
error.

Usually, the variables y and x are subject to a time development, and
the model for predicting y;, the value of y at time point ¢, may involve the
whole set of observations

Yt—1,Yt—25- -+ (4210)
LTty Lt—1y--- - (4211)

In such models, usually referred to as dynamic models, the lagged endoge-
nous variables (4.210) and the exogenous variables (4.211) are treated
as regressors for predicting the endogenous variable y; considered as a
regressand.

If the model equations are resolved into the jointly dependent variables
(as is normally assumed in the linear regression) and expressed as a function
of the predetermined variables and their errors, we then have the econo-
metric model in its reduced form. Otherwise, we have the structural form
of the equations.

A model equation of the reduced form with more than one predetermined
variable is called multivariate or a multiple equation.

Because of the great mathematical and especially statistical difficulties in
dealing with econometric and regression models in the form of inequalities
or even more general mathematical relations, it is customary to almost
exclusively work with models in the form of equalities.
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Here again, linear models play a special part, because their handling
keeps the complexity of the necessary mathematical techniques within rea-
sonable limits. Furthermore, the linearity guarantees favorable statistical
properties of the sample functions, especially if the errors are normally
distributed. The (linear) econometric model represents the hypothetical
stochastic relationship between endogenous and exogenous variables of a
complex economic law. In practice any assumed model has to be examined
for its validity through appropriate tests and past evidence.

This part of model building, which is probably the most complicated
task of the statistician, will not be dealt with any further in this text.

Example 4.4: As an illustration of the definitions and terms of econometrics,
we want to consider the following typical example. We define the following
variables:

A: deployment of manpower,
B: deployment of capital, and
y: volume of production.

Let e be the base of the natural logarithm and ¢ be a constant (which
ensures in a certain way the transformation of the unit of measurement of
A, B into that of y). The classical Cobb-Douglas production function for
an industrial sector, for example, is then of the following form:

y = cAP1 BP2ec

This function is nonlinear in the parameters (31, 32 and the variables A, B,
and e. By taking the logarithm, we obtain

Iny=Inc+pf1InA+F:InB+e.

Here we have

Iny the regressand or the endogenous variable,
InA .

IE B } the regressors or the exogenous variables,
0B1, B2 the regression coefficients,

Inc a scalar constant,

€ the random error.

(1 and By are called production elasticities. They measure the power and
direction of the effect of the deployment of labor and capital on the volume
of production. After taking the logarithm, the function is linear in the
parameters 51 and (2 and the regressors In A and In B.

Hence the model assumptions are as follows: In accordance with the
multiplicative function from above, the volume of production y is dependent
on only the three variables A, B, and ¢ (random error). Three parameters
appear: the production elasticities (31, J2 and the scalar constant c¢. The
model is multiple and is in the reduced form.
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Furthermore, a possible assumption is that the errors ¢; are indepen-
dent and identically distributed with expectation 0 and variance o2 and
distributed independently of A and B.

4.7.1  Econometric Models

We first develop the model in its economically relevant form, as a sys-
tem of M simultaneous linear stochastic equations in M jointly dependent

variables Y7,...,Yy and K predetermined variables X1,..., Xk, as well
as the error variables Uy, ...,Ups. The realizations of each of these vari-
able are denoted by the corresponding small letters y,,¢, Trt, and up,, with
t=1,...,T, the times at which the observations are taken. The system of
structural equations for index ¢ (t =1,...,T) is
Yueyir + o+ ymeym + Tl 4 -+ Tl + U = 0
Yreviz + oo+ ymeyame + 21012 + - F Tredx + Uy = 0
YyuiMm + o+ ymeymm + 210 + -+ Tl Huye = 0
(4.212)
Thus, the m*" structural equation is of the form (m =1,..., M)

YieYim + - F YMYMm + L1401m + -+ TR0k m + Ume = 0.

Convention

A matrix A with m rows and n columns is called an m x n-matrix A, and

we use the symbol A . We now define the following vectors and matrices:
mXn

y?1 y]%H y/fl)

o ylt y]im B y’i(t) B <Ty>}17”’ ’%%) 7
yl'T yA;IT y’(.T)
Tl o TKIL 2'(1)

1T s TKT CU/(T)
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U1 UM ’U,l(l)

U U o UMt = u'(t) (ulv"'auM)v
TxM ] ) ) Tx1 Tx1
Ul o UMT uw'(T)
Y11 Yim
I = . . = 7, 7M> )
MxM ’ : (M><1 Mx1
Y™M1 o YMM
o - M
D = : :(61"",(51\4).
KxM : ’ Kx1 Kx1
0rk1 -+ OkM

We now have the matrix representation of system (4.212) for index ¢:
vy +2't)D+d'(t) =0  (t=1,...,7) (4.213)
or for all T observation periods,
YI'+XD+U=0. (4.214)
Hence the m!" structural equation for index t is
Y () Ym + 2" ()0 + ume =0 (m=1,...,M) (4.215)

where ,, and 6,, are the structural parameters of the m‘" equation. y'(t)
is a 1 x M-vector, and ' (t) is a 1 x K-vector.

Conditions and Assumptions for the Model
Assumption (A)
(A.1) The parameter matrix I" is regular.

(A.2) Linear a priori restrictions enable the identification of the parameter
values of I', and D.

(A.3) The parameter values in T' are standardized, so that i, =
-1 (m=1,...,M).

Definition 4.8 Lett=...—2,—1,0,1,2,... be a series of time indices.

(a) A univariate stochastic process {x.} is an ordered set of random
variables such that a joint probability distribution for the wvariables
iy, ..., T, 15 always defined, with t1,...,t, being any finite set of
time indices.
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(b) A multivariate (n-dimensional) stochastic process is an ordered

set of n-random wvectors {x;} with vy = (x¢,,...,x,) such that for
every choice t1, ..., t, of time indices a joint probability distribution is
defined for the random vectors x¢,,. .., Ty, .

A stochastic process is called stationary if the joint probability distri-
butions are invariant under translations along the time axis. Thus any
finite set x,,..., 2, has the same joint probability distribution as the set
Ttydry oo, Lo, 4r for 7 =...,—-2,-1,0,1,2,....

As a typical example of a univariate stochastic process, we want to men-
tion the time series. Under the assumption that all values of the time series
are functions of the time ¢, ¢ is the only independent (exogenous) variable:

xe = f(b). (4.216)
The following special cases are of importance in practice:
Ty = (constancy over time),
2t = a+ Ot (linear trend),
r; = aeP*  (exponential trend).

For the prediction of time series, we refer, for example, to Nelson (1973) or
Mills (1991).

Assumption (B)

The structural error variables are generated by an M-dimensional station-

ary stochastic process {u(t)} (cf. Goldberger, 1964, p. 153).

(B.1) E[u(t)] = 0 and thus E(U) = 0.

(B.2) E[u(t)u/(t)] :MEZM: (Omms) with ¥ positive definite and hence
regular.

) Elu(t)u’(t')] =0 for t #¢t'.

—
&
N

All u(t) are identically distributed.

5) For the empirical moment matrix of the random errors, let
T
plim 771 " u(t)u/(t) = plim T7'U'U = 3. (4.217)
t=1

(B.6) The error variables u(t) have an M-dimensional normal distribution.

Under general conditions for the process {u(t)} (cf. Goldberger, 1964),
(B.5) is a consequence of (B.1)—(B.3). Assumption (B.3) reduces the num-
ber of unknown parameters in the model to be estimated and thus enables
the estimation of the parameters in I'; D, ¥ from the T observations (T'
sufficiently large).
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The favorable statistical properties of the least-squares estimate in the
regression model and in the econometric models are mainly independent
of the probability distribution of wu(t). Assumption (B.6) is additionally
needed for test procedures and for the derivation of interval estimates and
predictions.

Assumption (C)

The predetermined variables are generated by a K-dimensional stationary
stochastic process {z(t)}.

(C.1) E[z(t)2’(t)] = Bsa, a K x K-matrix, exists for all t. ¥,, is positive
definite and thus regular.

(C.2) For the empirical moment matrix (sample moments)
T
Spa =T a(t)a'(t) =T7'X'X, (4.218)
t=1

the following limit exists, and every dependence in the process {z(t)}
is sufficiently small, so that

plim S, = Tlim Ser = Bz -

Assumption (C.2) is fulfilled, for example, for an ergodic stationary pro-
cess. A stationary process {z(t)} is called ergodic if the time mean of every
realization (with probability 1) is the same and coincides with the expec-
tation of the entire time series. Thus, according to (C.2), {z(t)} is called
ergodic if

lim Syp =Xys .

T—o00

In practice, ergodicity can often be assumed for stationary processes. Er-
godicity means that every realization (sample vector) has asymptotically
the same statistical properties and is hence representative for the process.

(C.3) The processes {x(t)} and {u(t)} are contemporaneously uncorrelated;
that is, for every ¢ we have E[u(t)|z(t)] = Elu(t)] = 0. For the
empirical moments we have

T
plim 771 " z(t)u/(t) = plim T~ X'U = 0. (4.219)
t=1

Assumption (C.3) is based on the idea that the values of the predeter-
mined variables are not determined by the state of the system at the actual
time index ¢t. Hence these values may not have to be dependent on the errors
u(t).

Assume that lim 7 'X’X exists. In many cases, especially when the
predetermined variables consist only of exogenous variables, the alternative
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assumption can be made that the predetermined variables remain fixed for
repeated samples. In this case, {z(¢)} is a nonstochastic series.

Using selected assumptions and according to our definition made in
Section 4.7.1, the linear econometric model has the following form:

YI'+XD+U=0,

E(U) =0,Eu®)u'(t)] =%,
Blu(t)u(t)] =0 (t £ 1),
T’ nonsingular, (4.220)
Y positive definite,

plim T 'U'U = 2, plim T7'X'U = 0,
plim T7'X'X = ¥,, (positive definite).

The general aim of our studies is to deal with problems of estima-
tion, prediction, and model building for special types of models. For more
general questions about econometric models, we refer to the extensive
literature about estimation and identifiability problems of econometric
model systems, for example Amemiya (1985), Goldberger (1964), and
Dhrymes (1974; 1978), and to the extensive special literature, for exam-
ple, in the journals Econometrica, Essays in Economics and Econometrics,
and Journal of Econometrics and Econometric Theory.

4.7.2  The Reduced Form

The approach to the models of linear regression from the viewpoint of
the general econometric model yields the so-called reduced form of the
econometric model equation. The previously defined model has as many
equations as endogenous variables. In addition to (A.1), we assume that
the system of equations uniquely determines the endogenous variables, for
every set of values of the predetermined and random variables. The model is
then called complete. Because of the assumed regularity of I', we can express
the endogenous variable as a linear vector function of the predetermined
and random variables by multiplying from the right with I'~:

Y=-XDI ' —UT ' =XTI+V, (4.221)
where

O =-DI ' =(ny,...,70m). (4.222)
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This is the coefficient matrix of the reduced form (with 7, being K-vectors
of the regression coefficients of the m‘* reduced-form equation), and

v'(1)
TX;4::41JF*1:: v'(t) (v1,...,00) (4.223)
V(T)

is the matrix of the random errors. The m!" equation of the reduced form
is of the following form:

Ym = X T + Uy (4.224)
The model assumptions formulated in (4.220) are transformed as follows:

E(V)=-EU)r~! =0,
E[o(t)v' ()] =T ' Eu@)u/ ()Tt =17 'S0t = 5,
Y, is positive definite (since T'~! is nonsingular

and ¥ is positive definite), (4.225)
Ep@)o' ()] =0 (¢t # 1),
plim 77'V'V =T~ (plim T-U'U)I ! = %,,,
plim T71X'V =0, plim T71X'X =3,, (positive definite).

The reduced form of (4.220) is now
Y =XII+V with assumptions (4.225). (4.226)

By specialization or restriction of the model assumptions, the reduced form
of the econometric model yields the essential models of linear regression.

Ezample 4.5 (Keynes’s model): Let C be the consumption, Y the income,
and I the savings (or investment). The hypotheses of Keynes then is

(a) C=a+pY,
(b) Y =C+1.

Relation (a) expresses the consumer behavior of an income group, for ex-
ample, while (b) expresses a condition of balance: The difference Y — C' is
invested (or saved). The statistical formulation of Keynes’s model is

Ci=a+ Y +e

Ve Ot 1, } (t=1,...,T), (4.227)

where ¢; is a random variable (error) with

E(e;) =0, E(e)) =0 Eleser) =0 for t#s. (4.228)
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Additionally, autonomy of the investments is assumed:
E(Ith) =0 forallt.

We now express the above model in the form (4.213) as

ew( 5 L )ran(p )@ o=-00

Hence K = M = 2.
We calculate the reduced form:

II

I
\
-l
T
\
\
o 0
_= o
N——
7N
w L
I~
—_
N——
|

Thus, the reduced form is (cf.
(Ce,Yy) =(1,1) ( 13 5) 174 ) + (v1t var)
(1- 5) (1-p)
with vy = var = €;/(1 — 3). Here we have

C:,Y; jointly dependent,
I predetermined.

4.7.8  The Multivariate Regression Model

(4.229)

(4.230)

(4.231)

(4.232)

We now neglect the connection between the structural form (4.220) of the

econometric model and the reduced form (4.226) and regard Y =

XII+V

as an M-dimensional system of M single regressions Y7, ..., Yy onto the
K regressors Xi, ..., Xk. In the statistical handling of such systems, the
following representatmn holds. The coefficients (regression parameters) are
usually denoted by 3 and the error variables by é. We thus have IT = (ﬂkm)

and V = (gmt)
Then Y = XII 4 V, which in the expanded form is

(yn yMl) (Cﬂn SUK1> Bi1
YiT o YMT TiT KT B}'ﬂ

€11 - €M1

€T - EMT

BlM

Brenr
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or (after summarizing the column vectors)

W1, ym) = X (B, Bar) + (€1, Em). (4.233)
We write the components (T-vectors) rowwise as
Y1 X 0 - 0 /5:'1 €1
Y2 0 X - 0 ﬁg gg
. = . . . + . . (4.234)
YM o o -+ X B EM

The m*" equation of this system is of the following form:
Ym = XPBm +&n  (m=1,...,M). (4.235)

In this way, the statistical dependence of each of the M regressands Y,
on the K regressors Xi,..., Xk is explicitly described.

In practice, not every single regressor in X will appear in each of the M
equations of the system. This information, which is essential in econometric
models for identifying the parameters and which is included in Assumption
(A.2), is used by setting those coefficients B that belong to the vari-
able X}, which is not included in the m!* equation, equal to zero. This
leads to a gain in efficiency for the estimate and prediction, in accordance
with the exact auxiliary information in the form of knowledge of the co-
efficients. The matrix of the regressors of the m** equation generated by
deletion is denoted by X,,, the coefficient vector belonging to X, is de-
noted by [,,. Similarly, the error € changes to €. Thus, after realization of
the identification, the m*" equation has the following form:

Ym = XmBm +€m  (m=1,...,M). (4.236)

Ym is the T-vector of the observations of the m** regressand,
X, is the T x K,,-matrix of the regressors, which remain in the m?’
equation,
B is the K,,-vector of the regression coefficients of the m*" equation,
€m is the T-vector of the random errors of the m!* equation.

h

Given (4.236) and K = 2%21 K,,, the system (4.234) of M single
regressions changes to
Y1 Xy 0 -+ 0 061 €1
Y2 0 Xo - 0 B2 €2
= . . . S+l T, @23y
YM o 0 - Xy Bm €M
or in matrix form,
= 7 + € . 4.238
M%’lxl MTXR[‘(€1 MTx1 ( )
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Ezample 4.6 (Dynamic Keynes’s model): The consumption C; in Example
4.5 was dependent on the income Y; of the same time index ¢. We now want
to state a modified hypotheses. According to this hypotheses, the income
of the preceding period ¢ — 1 determines the consumption for index ¢:

(a) Cy = a+ BYi_1 + ¢,
(b) i=Ci+ L.

Assume the investment is autonomous, as in Example 4.5. Then we have
the following classification of variables:

jointly dependent variables: C%,Y;

predetermined variables: Yi 1,1,
endogenous variables: Yi 1,C, Y
lagged endogenous variable: Y; 4
exogenous variable: I

Other usual assumptions are as follows:

Assumption (D)

The variables Xj include no lagged endogenous variables. The values x;
of the nonstochastic (exogenous) regressors X, are such that

rank(X,,) =K, (m=1,...,M) andthus}

— ~ 4.2
rank(Z) = K with K=Y K,,. (4.239)

Assumption (E)

The random errors €,,; are generated by an M7T-dimensional regular
stochastic process. Let

E(emt) =0, E(emt €mrer) = 02 W (£, 1)

(m,m/:L_,_?M; t,t/: ,...,T>, (4240)
and therefore
Blem) = 0, E(9)=0, (4.241)
wmm’(l, 1) e wmm’(la T)
E(Emﬁ%/) = 0'2 Wmm’: 0'2
TxT
Wi (T, 1) -+ W (T, T)
(4.242)
W11 S Wi
E(e¢) = o> & =07 : : . (4.243)
MTxMT :

War -+ Wum
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Assumption (E.1)

The covariance matrices 02W,y,, of the errors e, of the m‘" equation and
the covariance matrix o2® of the error € of the system are positive definite
and hence regular.

Assumption (F)

The error variable € has an MT-dimensional normal distribution N (0, 02®).
Given assumptions (D) and (E), the so-called multivariate (M -dimensio-
nal) multiple linear regression model is of the following form:

Y= Z/B + ¢,
E(e) = 0, E(ee’) = 0”@, i (4.244)
Z nounstochastic, rank(Z) = K .

The model is called regular if it satisfies (E.1) in addition to (4.237). If (F)
is fulfilled, we then have a multivariate normal regression.

4.7.4  The Classical Multivariate Linear Regression Model

An error process uncorrelated in time {e} is an important special case of
model (4.244). For this process Assumption (E) is of the following form.

Assumption (E)

The random errors ¢,,; are generated by an MT-dimensional regular
stochastic process. Let

E(emt) = 0, Elemt€mrt) = 0 Wmm
Elemtem) = 0 (t#1),
E(em) = 0, E(e) =0,
E(eme,) 2 Wt I
wiid oo wipl
E(ed) =0?® = o° : :
wyil o wym!
w11 o Wim
= | Lo er
wap1 oo WMM
= PWoel (4.245)

where I is the T' x T identity matrix and ® denotes the Kronecker product
(cf. Theorem A.99).
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Assumption (E.1)

The covariance matrix o2® is positive definite and hence regular.

Model (4.244) with ® according to (E) is called the classical multivariate
linear regression model.

Independent Single Regressions

Wy expresses the relationships between the M equations of the system. If
the errors ¢, are uncorrelated not only in time, but equation-wise as well,
that is, if

E(emt€mtr) = 0 Wy =0 for m #m/, (4.246)
we then have
wy - 0
Wo = : : . (4.247)
0 - wym

(Thus (E.1) is fulfilled for wym, #0 (m=1,...M).)

The M equations (4.236) of the system are then to be handled in-
dependently. They do not form a real system. Their combination in an
M-dimensional system of single regressions has no influence upon the
goodness of fit of the estimates and predictions.

4.7.5 Stochastic Regression

In the following we consider some results concerning regression-like
equations in econometric models. We assume the linear relationship

y=XB+e (4.248)

wherey : Tx1, X : Tx K, (: Kx1,and €: T x 1. Unlike in the models of
Chapters 3 and 4, we now assume that X is stochastic. In econometrics, the
exogenous variables are usually assumed to be correlated with the random
error €, that is, X is supposed to be correlated with € such that

plim (T7'X"e) #0. (4.249)
As in Section 4.7.1, we assume that
plim (T7'X'X) = Sxx (4.250)

exists and is nonsingular. If we apply ordinary least squares to estimate (3
in (4.248), we get with b = (X'X)~1 X'y

plim (b) = 8+ S5 plim (T7'X'e), (4.251)

and hence the OLS estimator b of 3 is not consistent.
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4.7.6  Instrumental Variable Estimator

The method of instrumental variables (IV) is one of the techniques to get
a consistent estimator of 3. The idea is as follows. We suppose that in
addition to the observations in y and X we have available T' observations
on K “instrumental variables” collected in the T' x K-matrix Z that are
contemporaneously uncorrelated (see (4.220)) with the random error ¢, that
is,

plim(T~'Z'¢) =0, (4.252)

but are correlated with the regressors such that plim(7T-'Z'X) = $zx
exists and is nonsingular. Then the instrumental variable estimator of 3 is
defined by

v = (Z'X)"2'y. (4.253)
This estimator is consistent:
Vo= (Z’X)'Z(XB+e€)
B+(Z'X)" 7€
= B+ @7'ZX)N T Z),
and hence, with (4.252) and (4.253), plim(b*) = 8+ X% * 0 = 3.

Using the relationship (b* — 3)(b* — B) = (Z2'X) 1 Z'e' Z(X'Z) 71, we
see that the asymptotic covariance matrix of b* is

Spepe = E(0" = B)(b" = B) = T 10?855 022575 (4.254)

provided that plimT(T~1Z'¢)(T~teZ) = 0?Xzz. It is clear that condi-
tionally on Z and X for every T, we have E(b*) = S and Cov(b*) =
cA(Z' X)W Z2'2) (X' Z)~ L.

To interpret this estimator, consider the following. The least squares
estimator b is the solution to the normal equations X’Xb = X'y, which
can be obtained by premultiplying the relation y = X 4 € of observa-
tions through by X', replacing 8 by b, and dropping X'e. Quite analogous,
the instrumental variable estimator b* is the solution to the normal equa-
tions Z' Xb* = Z'y, which are obtained by premultiplying the observational
model y = X3+ € through by Z’, replacing 3 by b*, and dropping Z'e.

Remark. Note that an instrument is a variable that is at least uncorrelated
with the random error € and is correlated with the regressor variables in X.
Using the generalized variance G.var|b*| = | Cov(b*)| as efficiency measure,
it is proved (Dhrymes, 1974, p. 298) that the generalized variance of b* is
minimized with respect to Z if the coefficient of vector correlation between
the instruments and the regressors is maximized. Of course, Z = X would
yield the optimal instrumental variable estimator b* = b = (X'X)~1X'y.
This is just the OLSE, which by (4.249) fails to be consistent. Hence one has
to find instruments that are highly correlated with X but are not identical
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to X. For a more detailed discussion of this problem, see Goldberger (1964)
and Siotani, Hayakawa and Fujikoshi (1985).

4.7.7 Seemingly Unrelated Regressions

We now consider a set of equations

where y; : T x 1, X; : T xX K;, B; : K; x1 and ¢ : T x 1. The model
is already in the reduced form (see Section 4.7.2). However if ¢; and ;
are correlated for some pairs of indices 4, j, (i # j), then the equations in
(4.255) are correlated to each other through the random errors, although
by construction they are seemingly unrelated.

Let us write the equations given in (4.255) according to

Y1 X1 0 0 ﬁl €1

Y2 0 Xo ... 0 ﬂQ €2

Cl=1 . . S (4.256)
Ym 0 0 e XM ﬁ]w EM

as a multivariate linear regression model (see (4.238)) or more compactly
as

y=Xp+e

wherey : MT x1, X : MTXK,B:Mle,ezMTxl,andK:Zi]\ilKi.
The covariance matrix of € is

E(ee') =X ® I (4.257)

where ¥ = (0;;) and E(e¢’) = o0;;Ir. ® denotes the Kronecker product
(see Theorem A.99). If ¥ is known, then § is estimated by the GLSE (see
(4.65)) as

=X (e X)X (e DY), (4.258)

which is the BLUE of (3 in case of nonstochastic regressors X. This GLSE
and the least squares estimator (X’X)~!X’y are identical when either 3
is diagonal or X; = X5 = ... = Xy, or more generally when all X;’s span
the same column space; see Dwivedi and Srivastava (1978) and Bartels and
Fiebig (1991) for some interesting conditions when they are equivalent.

When ¥ is unknown it is replaced by an estimator 3 = (0%). Among
others, Zellner (1962, 1963) has proposed the following two methods for
estimating the unknown matrix Y. More interested reader is referred to
the monograph by Srivastava and Giles (1987).
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Restricted Zellner's Estimator (RZE)
This estimator is based on the OLSE residuals
€ =yi—Xibi, bi=(X[ X)) X[y; (i=1,...,M)

of the equations in the system (4.256). The covariance o;; is estimated by

—663/\/T K)(T - K;)

resulting in 3 = (6;;), which is substituted for ¥ in (4.258), leading to

Broe = (X' D' X) (XS ) 1y). (4.259)

Unrestricted Zellner's Estimator (UZE)

Define the T x K-matrix X = (X1,...,Xnm) and let & = y; —
X (X'X)~'X'y; be the residual in the regression of y; on X, (i = 1,..., M).
Then o;; is estimated by

Gij = ¢/ (T — K)
resulting in 32 = (5;;) and leading to the estimator
Buze = (X' oD ' X)) (X' (S y). (4.260)

When the random vectors ¢; are symmetrically distributed around the
mean vector, Kakwani (1967) has pointed out that the estimators BrzE
and BUZE are unbiased for 3 provided that E(BRZE) and E(BUZE) exist.
Srivastava and Raj (1979) have derived some conditions for the existence
of these mean vectors; see also Srivastava and Giles (1987). Further, if the
underlying distribution is normal, Srivastava (1970) and Srivastava and
Upadhyaha (1978) have observed that both the estimators have identical
variance-covariance matrices to order T~2. When the distribution is nei-
ther symmetric nor normal, both the estimators are generally biased; see
Srivastava and Mackawa (1995) for the effect of departure from normality
on the asymptotic properties.

4.7.8 Measurement Error Models

The basic assumption in usual regression analysis is that the observations
on study and explanatory variables are correctly observed. When such an
assumption is violated, then the observations are not correctly observed
but measured with error. The difference between the observed and the true
values of a variable is termed as measurement error or errors-in-variables.
Let (&,n:) (t = 1,...,T) denote the T pairs of unobservable but true
values corresponding to the pairs of observed values (x¢,y:). In the context
of simple linear regression model, the true values of study and explanatory
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variables are assumed to be linearly related as

=0+ 0& t=1,...,7), (4.261)

which are observed as

Yo =N T €& (4.262)
and

v =& + 0, (4.263)

respectively, where ¢; and J; are the additive measurement errors associated
with y; and x;, respectively. The ¢; and J; are assumed to be i.i.d. and
independent of true values (&;,7;) with

E(e;) = 0, E(8,) =0

var(e;) = o2, var(6;) = o3,

cov(e,,8,) =0 (t=1,...,T). (4.264)

There are three forms of the measurement error model (4.261)-(4.263)
which depend on the nature of distribution of £&. These are

e functional model, in which &;’s are unknown constants,

e structural model, in which &;’s are i.i.d. with same mean and constant
variance, i.e., E(&) = p and var(&;) = o2

e ultrastructural model, (see Dolby (1976)) in which &’s are inde-
pendently distributed with different means but same variance, i.e.,
E(&) = pe and var(&;) = o2

The ultrastructural model is a synthesis of functional and structural
models. The ultrastructural model reduces to structural model when p; =
... = pr whereas it reduces to functional model when o2 = 0.

The true values of the variables under measurement error model can not
be observed. So the statistical inferences are drawn using the measurement
error ridden observations, which has consequences that are different from
those in the usual linear regression model. For example, rewrite the model
(4.261)-(4.263) as

Ye = Bo + Brzs + ¢4 (4.265)
where ¢; = (e — 316:) and then
cov(zi, b)) = — 1o} (4.266)

Thus cov(z, ¢) = 0 only when either 3; = 0 or ¢ = 0 which are not inter-
esting cases. So the independent variable and random error component are
not independent and this violates the assumption of usual linear regression
model. Consequently, the bias and the probability in limit of the ordinary
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least squares estimator by = SXY/SX X of 8 under (4.265) are

23:1(9% —T)pt
E(b) -6 =E 4.267
()~ Zf_lmf)?] (4.267)
and
| ot (531, 42/7)
plim (by — (1) = —f1 (4.268)

plim (S0 (2~ )2/7)

respectively, assuming the probability in limits in (4.268) exists. Thus the
bias in (4.267) will not disappear as T increases and right hand side of
(4.268) is not zero, in general. Thus the OLSE becomes biased and in-
consistent under the measurement error model (4.261)-(4.263). Recall that
OLSE is the best linear unbiased estimator when measurement errors are
absent in the data.

Further, the number of & or u; increases as sample size increases in
functional and ultrastructural models. So they are treated as nuisance
parameters.

Assuming that (z¢,y:) or equivalently &, d; and € are jointly normally
distributed, the maximum likelihood estimation procedure can be used to
obtain the consistent estimators of parameters under the structural model
with E(z;) = p and var(z;) = o2.

Rewriting (4.261)-(4.263) as

vy = Po+ &+ e (4.269)
vy = &+ 0 (4.270)

and assuming that

cov(zy, 0r) = cov(zy, €) =0
0

cov(y, 0r) = cov(ys,e) =0 (t=1,...,T) (4.271)

and (4.264). Thus

93 I o2+02  Bio?
( y: > NN(( Bo + Bip )’( ﬁ1026 B10? + o )) . (4.272)

Since (3, Ty Yy Yt 2y T3, Dy Y2+ D T1ye) is the sufficient statistics, so
the maximum likelihood estimates of the parameters of the distribution
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can be solved from

. 1
po= =, zt:mt (4.273)
S 1
bothz = 5= ;yt (4.274)
62462 = SXX = ; > (@ — ) (4.275)
t
X ) 1 _
fio?+62 = SYY = - zt:<yt —5)? (4.276)
. 1
pio® = SXY = 7 Z(It —2)(ye —9) - (4.277)
t

The method of moments can also be used to estimate the parameters from
(4.261)-(4.263) without using the assumption of normality as in (4.272).
The resulting equations obtained by equating the sample and population
moments are same as (4.273)-(4.277).

So we have five equations (4.273)-(4.277) in six unknowns Bo, b1, o, 62,
62 and &g. Thus the problem of identifiability enters and a unique solution
of the parameters can not be obtained. Only [ is identified (cf. (4.273))
and [ is identified provided 3, is identified (cf. (4.274)). Some additional
information in one of the following forms is needed to obtain the unique
estimates of the parameters which are consistent:

(a) o} is known,

(b) o2 is known,

f) Bo is known and E(z) # 0.

Now we obtain the estimates of the parameters using different forms of
information. R
When o2 is known, then (4.275) and (4.277) give the estimates 34 of /31,
o2 of 0% and 62, of 02 as
- SXY

— . 2
Ba = SXX— o2 SXX > o}, (4.278)
XYy
63 = SA , (4.279)
Ba
and
o Ba
62, =8SYY — (4.280)

SXY
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The estimator Bd can also be derived by replacing the unknown &;’s in
(4.269) by its biased counterpart x} given by

2
ol =7+ (1 - gS§;X> (z; — 7) (4.281)

where g > 0 is a nonstochastic characterizing scalar. These x}’s are essen-
tially obtained by an application of Stein-rule estimation with Lindley-like
mean correction. Notice that E(x} — &) is not zero and hence =} are the
biased estimates of unknown true &’s. Substituting z; in place of & in
(4.269) and applying direct regression procedure to estimate (1 yields the
following class of estimators

- SXY

By , 1 SXX > o} (4.282)

T SXX — goj

which is termed as g-class estimator by Shalabh (1996) and Srivastava and
Shalabh (1997a; 1997b; 1997c) and g = 1 in (4.282) gives (4.278). The class
of estimator (4.282) is consistent for 3 when

plim (g —1)=0 (4.283)

and the asymptotic distribution of y/n (Bg — 1) is same as of \/n(Bl —b1)
when

Vnplim (g—1)=0. (4.284)
An example of a choice based on (4.283) and (4.284) is
a
g=1-Y_ — (4.285)
>3

where a; are constants independent of 7.
When o2 is known, then (4.276) and (4.277) give the estimates of 31, o2
and 0% as

A SYY — o2 9
Bi = sxy SYY > o7, (4.286)
XY
62 = 5 (4.287)
Bi
and
XY
63 =S5SXX — S S (4.288)
respectively.

Also, replacing y; by y; in (4.269) where

2
i =g+ (11 g ) e =9) (4.289)
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and applying reverse regression of x; on y; yields the following f-class
family of estimator of 5; proposed by Shalabh (1996)

. SYY — fo?

br="sxv
where f > 0 is a nonstochastic characterizing scalar and f = 1 gives
(4.286). These y; can also be obtained by applying Stein-rule estimation
with Lindley-like mean correction. The estimators of § in (4.278) and
(4.286) can also be obtained by direct regression and reverse regression
using (z¢,y:), (¢ =1,...T), respectively and then adjusting them for their
inconsistency.

When )\ = 062/0? is known, then the estimates of 31, o2 and Ug are given
by

: SYY > o? (4.290)

B = s(\) +sign(SXY)[s2(A) +AY2; SXY 40 (4.291)
62 = SXY : (4.292)
Br
and
YY — 26,SXY + B2SXX
62 = S prs R + 08 (4.293)
A+ G2
respectively, where
SYY —ASXX

s(A) = 99 XY (4.294)

The estimator BT can also be obtained by minimizing the sum of squares
of the perpendicular distance from the data points to the line in a scatter
diagram, (i.e., orthogonal regression) after the data x; and y; have been
transformed to x;/o. and y;/os, respectively. The estimator Br is also the
maximum likelihood estimate of 31 obtained through orthogonal regression
under the assumption of normal distribution of measurement errors.

When the reliability ratio, which is defined as

_ var(§)

var(x)

is known, then the estimates of 31, 02 and o3 are given by

. SXY
Br = o SXX (4.295)
62 = K.SXX, (4.296)
and
63, = (1 —ry) SXX | (4.297)

respectively. An alternative approach to derive the estimators using the
knowledge of reliability ratio is Gleser’s conditional approach. Such an
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approach is based on the conditional distribution of y; given z; and is
suggested by Gleser (1992) in a multivariate measurement error model, see
also Gleser (1993). In the context of univariate measurement error model,
such an approach observes that the conditional distribution of y; given x;
is normal with mean

E(yelze) = Gt + wafre (4.298)

and variance var(y:|z:) = 02 + 02k, 07 where (¢ = Bo + (1 — k4)B1. The
OLSE b = SXY/SXX of 8 from (4.298) is an unbiased estimator of k31
(rather than By unless k, = 1 or 51 = 0). If a value of k,. can be determined
as kg, then (1 can be estimated by

be = (Re)"'b (4.299)

which is unbiased for (31, or nearly so in large samples if x, must be esti-
mated. Equivalently, one can substitute &, for k, in (4.298) and estimate
(1 and (; by classical linear regression method. This suggest the two step
method for estimating 5y and fSi:

1. Obtain a good estimate &, of k, from prior information and the data
(Ila ceey Z'T)-

2. Obtain an estimate of 3; and other parameters by fitting the classical
regression model

Yyt = Gt + Re 1oy +errory , (E=1,...,T) (4.300)
using an appropriate fitting method. Then BO =9y — Blj.

Note that if &, is known, then (4.299) is same as (4.295).

When both 2 and o are known, then (4.273)-(4.277) can not be used
to find the maximum likelihood estimates because it leads to the prob-
lem of over-identification. Birch (1964) proposed to directly maximize the
likelihood function and obtained the estimates of 3; and o2 as

By =5(\) +[s°(\) + A]Y2; SXY #0 (4.301)
and

SYY 4+ ASXX — 202 + [(SYY — ASXX)? + 4\SXY?2]1/2
20\ + 32)

68 = ,
(4.302)
respectively. The estimate 67 needs one or more of the following conditions
to hold true SXX > 6%, SYY > 62 or SXX > (67 — SXX)(62 — SYY).
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When Sy is known and E(z) # 0, then the estimates of 31, 0% and o2
are given by

Bimt = y;ﬁo L TA0 (4.303)
SXY
Tt = - (4.304)
ﬂint
(4.306)
and
SXY
Osing =SXX — (4.307)
int
respectively.

The first moment of Bl does not exist under all type of additional in-
formation (see, Cheng and Van Ness (1999, p. 58) and Cheng and Kukush
(2006)) except in (4.295) which is the case when reliability ratio is known.
The distribution of Bl has fat tails and both the positive and negative
parts of E(f;) are infinite in these cases. The exact distribution of £ is
unknown except the case when reliability ratio is known. Wong (1989) de-
rived the exact distribution of Bl under known reliability ratio but it is
very complicated.

Some other following estimators of 3; which are based on the functions
of 34 and 3; are discussed in Schneeweiss and Shalabh (2006; 2007). Using
the technique of “reduced major axis”, the 31 can be estimated by the
geometric mean of B4 and §; as

1/2

B, = sgn(SXY) ‘ B8, (4.308)

where sgn(SXY) is the sign of SXY. Another estimator of 1 is the slope
of the line that bisects the angle between the two regression lines specified
by 84 and (; given by

B =to + (2 + 1)1/? (4.309)
where
_ B:iﬁz —Al .
Ba + Bi
Similarly, f; can also be estimated by the arithmetic mean of Bd and Bl
as

by = ; (Bd + ﬂ) . (4.310)

It may be observed that the estimators Bg, Ba and By, of By in (4.308)—
(4.310) can be seen to have arisen from the method of moments.
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The asymptotic properties of all the estimators are well defined. The
asymptotic properties of some of the estimators under an ultrastructural
model with not necessarily normally distributed measurement errors are
stated in Theorems 4.9—4.11.

Considering the ultrastructural model and assuming that &;,...,&r are
independent (not necessarily identically distributed) random variables such
that plim,_ & and plimg S (& — €)?/T exist which are denoted by
pe and of, respectively with £ = Zthl &/T and of > 0. The mea-
surement errors €i,...,er are assumed to be independent and identically
distributed with mean 0, variance o2, third moment 7,02 and fourth
moment (726—&—3)0?. The quantities 1. and 2. represent the Pearson’s mea-
sures of skewness and kurtosis of the respective distributions denoted in the
subscripts. Similarly, the errors d1, ..., are assumed to be independent
and identically distributed with mean 0, variance 0%, third moment ;503
and fourth moment (y25 + 3)031. Further, the random variables (&, e, ;)
are assumed to be jointly independent. Note that no form of the distribu-
tion of measurement errors is assumed. Only the existence and finiteness of
first four moments of the distribution of measurement errors is assumed.

Theorem 4.9 The estimators /3’(1 and /32 are asymptotically jointly normally
distributed as

\/T( @d_ﬁl >—)N(O,Zb) where Ebd(add Udi)

Bi — B Odi  Oii
with
oas = <1K2HI> [Ka + g+ (1= £a)(2 + 726)] (4.311)
oi = B} (1 ;2’“> (o + a0+ ¢°(1 = 52)(2+ 720)]  (4.312)
and
A Gl I RYTC) (1:819)
where
Ky = Qgg 53 0< Kk <1
og +05
2 2
Ky = %i;o:fgg ;0<k, <1

are the reliability ratios of the explanatory and study variables, respectively
and
Kz(1 — Ky)

1= Ky(l— Kg)
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Theorem 4.10 The estimators b, is asymptotically normally distributed as
VT (b, — B1) — N(0,0,,)

with asymptotic variance

— 32 <1 ;;’”) [mw +q+ QQ((1+_1I; )(725 +725) | 5 (4.314)

see, Shalabh, Gleser and Rosen (2004) for more details and the finite sample
behavior of ﬂd, ﬂl and ﬂr o

The following theorem presents the asymptotic distribution of 3,4, 5, and
B of P

Theorem 4.11 Let ﬂ~1 and ﬂ~2 be two consistent and asymptotically jointly
normal estimators of 3. Let ﬂ be any estimator of B which is a differentiable
and symmetric function f(ﬁl,ﬁg) of B1 and B such that B = f(B1,B2).
Then B is consistent and asymptotically normally distributed with an
asymptotic vartance given by

1
U% =4 (011 + 2012 + 022) ,

where ¥ = (045), 4,j = 1,2, is the asymptotic covariance matriz of
(ﬂ17ﬂ2)~

The asymptotic properties of the estimators Bg, Ba and Bm of 41 in (4.308)—
(4 310) can be derived using the Theorem 4.9 by replacing By = Bd and
By = B; in Theorem 4.11, see Schneeweiss and Shalabh (2006; 2007) for
more details and the finite sample behavior of ﬂg, ﬂa and ﬂm

The asymptotic properties of the estimator analogous to (4.278) in a
multivariate set up are studied by Schneeweiss (1976) in case of a struc-
tural model. This is further studied by Shalabh (1998; 2000; 2003) in an
ultrastructural model with non-normally distributed measurement errors.

Instrumental Variable Estimation in Measurement Error Models

Since the independent variable and random error term are not independent
(cf. (4.266)) in (4.265), so the method of instrumental variable can also be
used to obtain the consistent estimator of the parameters.

Wald (1940) suggested to divide the observations in two groups which is
equivalent to use the instrument defined by an instrumental variable

_ 1 if (z4,y:) is assigned to group one,
Zi = { —1 otherwise . (4.315)
Then the instrumental variable estimators of 3, and 3y are
Y
By =2 Yy (4.316)

T(2) = Z(1)
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and
Borrv =4 — Buv = Ja) — PrurvEay = Gy — Pruviey ,  (4.317)

respectively, where [Z(1),71)] and [Z(2),72)] are the means of the
observations in the two groups.

Another choice of instruments is based on dividing the observations in
three groups as

1 for the top group,
7y = 0 for the middle group, (4.318)
—1 for the bottom group .

The instrumental variable estimators of 31 in this case is
Yi3) —Ya)

e (4.319)
T@3) — T

Brarvy =
where [Z(1),7(1)] and [Z(s),7(3)] are the means of the observations in the
first and third groups, respectively.

Alternatively, the ranks of the observations on = which are the natu-
ral numbers 1,...,T can also be used as instruments. The instrumental
variable estimator of 37 is then

Brary = 5t OV
> ()

where t* = 1,...,T is the rank of x(¢*) and [z(t*),y(t*)] are the ordered
pairs.

The lagged value of the explanatory variable can be used as an instrument
in a time series data.

More details about the measurement error models can be found in Fuller

(1987) and Cheng and Van Ness (1999).

(4.320)

4.8 Simultaneous Parameter Estimation by
Empirical Bayes Solutions

4.8.1 Overview

In this section, the empirical Bayes procedure is employed in simultaneous

estimation of vector parameters from a number of linear models. It is shown

that with respect to quadratic loss function, empirical Bayes estimators are

better than least squares estimators. While estimating the parameter for

a particular linear model, a suggestion shall be made for distinguishing

between the loss due to decision makers and the loss due to individuals.
We consider k linear models

yi=XBi+e, i=1,....k, (4.321)
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where y; is a T-vector of observations, X is a known (7' x K)-matrix with
full rank, and g3; is a K-vector and ¢; is a T-vector of unobservable random
variables. We assume

E(e;|8) =0, D(elss) =0V, (4.322)
and assume the following prior distribution of f3;

E(8:) =8, D(@)=F, cov(B;,B;)=0, i#j, (4.323)

where V is of full rank and known. The following problem of simultaneous
estimation of p'3;, i = 1,...,k, where p is any given vector, will be con-
sidered. We note that the problem of estimating (; is the same as that of
estimating a general linear function p’3;. If we use the MDE-I criterion in
estimating p’f;, we automatically obtain estimates of 3; with a minimum
mean dispersion error matriz (MDE).

Such a problem of simultaneous estimation arises in the construction
of a selection index for choosing individuals with a high intrinsic genetic
value. For instance, 3; may represent unknown genetic parameters and x;
be observable characteristics on the i** individual, while p’G; for a given p
is the genetic value to be estimated in terms of observed ;.

We use the following notations and results throughout this section.
Consider a linear model

y=XB+e, (4.324)

where 3 is a K-vector of unknown parameters, E(¢) = 0, and D(e) = o2V
To avoid some complications, let us assume that V' is nonsingular and the
rank of X is K.

The least squares estimator of 3 is

Y = (X'VTIX)TIX'V Ty (4.325)
and a ridge regression estimator of 3 is
B = (G+ X'VIX)TIX'V Ty (4.326)

for some chosen nonnegative definite matrix G. (Ridge regression estima-
tor was introduced in Section 3.14.2 in the special case V = I with the
particular choice G = k2?I.) It may be noted that

B =130 (4.327)
where T = (G + X'V 1X)71X'V~1X has all its eigenvalues less than

unity if G is not the null matrix. The following matrix identities, which are
variants of Theorem A.18. (iii), will prove useful:
(V+XFX)! = v VvIIX(X'VIX 4+ FH) 1 X'V1(4.328)
(V+XF)! V- vIIX(U+FVIX) TRV (4.329)
V+r)t = viov iy lgp -ty (4.330)
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4.8.2  FEstimation of Parameters from Different Linear Models

Let us consider k linear models y; = X3; + ¢, ¢ = 1,...,k as mentioned
in (4.321) with assumptions (4.322) and (4.323). We shall find ag, a1 such
that

E('B; — ap — aiyi)? (4.331)

is a minimum for each 7 for given p. The problem as stated is easily solvable
when o2, 3, and F are known. We shall review known results and also
consider the problem of estimation when o2, 3, and F are unknown but
can be estimated.

Case 1 (02, 3, and F are known)
Theorem 4.12 The optimum estimator of p'B; in the sense of (4.331) is

p'ﬁi(b) where ﬂgb) can be written in the following alternative forms (where

U=(X'V-1X)1)

8P = B4 FX/(XFX' +0*V) Ny — XB) (4.332)
= B4 (?F T +U Y X'V (y; — XB) (4.333)
= (PF '+ U Y B+ a7 (4.334)
= B+ F(F+02U)7 (" - p) (4.335)
= GU(F+0%U) '8+ F(F +0°U)"'8"  (4.336)
= 8 - PUF +2U)7 (8 - ), (4.337)

where ﬁi(r) is the ridge regression estimator as defined in (4.326) with G =
o?F~Y. The prediction error is p'Qp where

Q = o*(PF U H)! (4.338)
= o*F(F+o°U)"'U (4.339)
o*(U — c*U(F + o?U)"'U). (4.340)

Some of the results are proved in Rao (1974) and Rao (1975) and others
can be easily deduced using the identities (4.328)—(4.330). We shall refer to
ﬂgb) as the Bayes estimator of (3; with parameters of its prior distribution
as defined in (4.323). We make the following observations.

Note 1: It may be noted that the ridge regression estimator (4.326) origi-
nally defined with V' = I and G = kI is the Bayes estimator when the prior
distribution of the regression parameter has 0 (null vector) as the mean and
o2k?1 as the dispersion matrix. More generally, we find from (4.334) that
the ridge regression estimator as defined in (4.326) is the Bayes estimator
when the mean and dispersion matrix of prior distribution are the null
vector and 02G !, respectively.
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Note 2: The Bayes estimator of 3; is a weighted linear combination of its
least squares estimator and the mean of its prior distribution.

Note 3: The estimator ﬂgb) as defined in Theorem 4.12 is optimum in the
class of linear estimators. However, it is optimum in the entire class of
estimators if the regression of 3; on y; is linear. A characterization of the
prior distribution of §; is obtained in Rao (1974) using the property that
the regression of 3; on y; is linear.

Note 4: The matrix
B - 6)(8" - 8i) — BB - 8)(8Y - Y (4.341)

is nonnegative definite, where 3! is the least squares estimator ; in the i"
model. Of course, the Bayes estimator has the minimum MDE compared
to any other linear estimator.

Thus when o2, 3, and F are known, p'f; is estimated by p'ﬁfb) for i =
1,...,k, and the compound loss

k
EY (06— p'B")? (4.342)

is minimum compared to any other set of linear estimators. We shall
consider the modifications to be made when o2, 8, and F are unknown.

Note 5: It may be noted that for fixed j;, the expected value of (4.341) may
not be nonnegative definite. Indeed, the optimality of the Bayes estimator
over the least squares estimator is not uniform for all values of ;. It is true
only for a region of 3; such that || 5; — 3 ||, the norm of 3; — 8 where (3 is
the chosen prior mean of 3;, is less than a preassigned quantity depending
ono? F,and U.

Case 2 (02, 3, and F are unknown)

When o2, 3, and F are unknown, we shall substitute for them suitable
estimates in the formulae (4.332)—(4.337) for estimating ;. The following
unbiased estimates o2, 8., and F, of 02, 3, and F, respectively are well
known.

k
Ko = Y pY (4.343)
1
k
KT - K)o? = Y iVl — gV IXa0) = W (4.344)
1
k

(k=1)(F+02U) = > (87 =B)B" - 8.) =B.  (4.345)

1
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By substituting constant multiplies of these estimators for o2, 3, and F in
(4.337), we obtain the empirical Bayes estimator of p'j3; as p'ﬁi(c), where
ﬁgc) is

B9 =Y —ewuB (B - B,), i=1,...,k, (4.346)
with ¢ = (k — K — 2)/(kT — kK + 2) as determined in (4.358).

Theorem 4.13 Let 3; and €; have multivariate normal distributions, in
which case W and B are independently distributed with

W~ o**(kT — kK) (4.347)
B ~ Wg(k—1,F+0%U) (4.348)

that is, as chi-square on k(T —K) degrees of freedom and Wishart on (k—1)
degrees of freedom, respectively. Then

k
B> (87 - 8) (3 - B
=1
k(T — K)(k— K —2)

(T — K) +2 U(F+0%U)"'U  (4.349)

= ko’U -

for the optimum choice ¢ = (k— K —2)/(kT — kK +2) in (4.346) provided
k> K +2.

Proof: Consider

k
S8 (B — B
=1
k
= Z(ﬁfl) —8)(BY = B + EWUB'U — 2eWU
=1

k
+eW 58" - p.)BU

i=1

k
+eWUB S (8" - 8.3, (4.350)

i=1
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Let us observe that

EW) = k(T - K)o? (4.351)
EW?) = k(T —-K)(kT —kK +2)0* (4.352)
EB™Y = (k—K-2)"Y(F+0°U)"" (4.353)
k
EN 68"~ )BT = F(F+o%U)" (4.354)
1
k
BB (B - BB = (F+0%U)'F. (4.355)
1
Then (4.350) reduces to
ko?U + o'gU(F + o*U)~'U (4.356)
where
k(T — K)(kT — kK +2)
= - 2 T - K . 4-
g LK o ck( ) (4.357)
The optimum choice of ¢ in (4.357) is
c=(k—K—-2)(kT — kK +2), (4.358)

which leads to the value (4.349) given in Theorem 4.13.

Note 1: The results of Theorem 4.13 are generalizations of the results in
the estimation of scalar parameters considered by Rao (1974).

Note 2: Expression (4.349) for the compound loss of empirical Bayes es-
timators is somewhat larger than the corresponding expression for Bayes
estimators, which is &k times (4.322), and the difference is the additional
loss due to using estimates of o2, 3, and F when they are unknown.

Note 3: If 3; is estimated by ﬂi(l), then the compound MDE is

k
EY (3" - )8 - 8) = ko®U (4.359)
1

and the difference between (4.359) and (4.349), the MDE for the empirical
Bayes estimator, is

k(T — K)(k — K — 2)

2 -1
KT - K) 4+ 2 U(F +0%U)"'U, (4.360)

which is nonnegative definite.

Thus the expected compound loss for the estimation of p’3;,1 =1,...,k,
is smaller for the empirical Bayes estimator than for the least squares
estimator.



4.9 Supplements 215

Note 4: It may be easily shown that the expectation of (4.350) for fixed
values of (31,..., B is smaller than ko?U, as in the univariate case (Rao,
1974). Thus the empirical Bayes estimators (4.346) are uniformly better
than the least squares estimators without any assumption on the a priori
distribution of §;. The actual expression for the expectation of (4.350) for
fixed (1,..., O may be written in the form

otk — K — 2)%k(T — K)

2 —
ho U k(T — K)+2

EWUB™'U), (4.361)
which gives an indication of the actual decrease in loss by using empirical
Bayes estimators.

Note 5: In the specification of the linear models we have assumed that the
dispersion matrix o2V of the error vector is known apart from a constant
multiplier. If V' is unknown, it cannot be completely estimated from the
observations y1, .. ., yi alone. However, if V' has a suitable structure, it may
be possible to estimate it.

4.9 Supplements

The class of linear wunbiased estimators between OLSE and GLSE.
Consider the general linear regression model

y=XB+e, e~ (0,0°W). (4.362)

The covariance matrix ¢2W of € is assumed to be a known and positive
definite matrix.

Consider the ordinary least squares estimator (OLSE) b = (X'X)"'X'y
and the generalized least squares estimator (GLSE)

W) = (X'WX)IX'Wly.

There exists a number of conditions under which OLSE and GLSE coincide.
However, an open question is the following: What is the explicit form of
all linear unbiased estimators b for 4 in model (4.362) whose efficiency lies
between that of OLSE and GLSE, that is, b = Cy + ¢, CX = I, and
Cov(b) < Cov(b) < Cov (b(W)), where “<” denotes the L ordering of

nonnegative definite matrices?

Remark. Some work in this direction was done by Amemiya (1983),
Balestra (1983), and Grofl and Trenkler (1997).
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4.10 Gauss-Markov, Aitken and Rao Least Squares
Estimators

Consider the linear model

y=XpG+e

E(e) =0 ,E(e€’) = o*W

where y : T x 1, X : T x K,B: K x1and € : T x 1 matrices. We review
the estimation of 8 and ¢2 through minimization of a quadratic function
of y — X 3, under various assumptions on the ranks of X and W.

4.10.1  Gauss-Markov Least Squares
W =1 and rank(X) = K (i.e., X has full rank K)

Under these conditions, it is shown in Chapter 3 that the minimum
dispersion linear estimator of § is

f = argmin(y — X5)'(y — X)
an explicit form of which is
f=(X"X)" X"y
with
V(B) = o2(X' X)L
An unbiased estimator of o2 is
6% =(y—XB)'(y— XB)/(T - K),

The method is referred to as Gauss-Markov least squares.

W =I,rank(X) = s < K (i.e.,, X is deficient in rank)

Under these conditions the MDLE of L'3 where L : K x r and R(L) C
R(X"), i. e., the linear space spanned by the columns of L is contained in
the linear space spanned by the columns X', is

L'f=L(X'X) X"y

where

f = argmin(y — X5)'(y — X))
with
V(L'B) =L/ (X' X)L
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where in all the equations above (X'X)~ is any g-inverse of X’X. An
unbiased estimator of o2 is

&=y X3 (y-XB)/(T~s).

Thus with no modification, Gauss-Markov least squares theory can be
extended to the case where X is deficient in rank, noting that only linear
functions p’S with p C R(X’) are unbiasedly estimable.

4.10.2 Aitken Least Squares
W is p.d. and rank(X) = K
Under these conditions, it is shown in Chapter 4 that the MDLE of 3 is
8 = argmin(y — X)W~ (y - X0)
an explicit solution of which is
B=(X'WX)IX'Wly
with the dispersion matrix
V(3) = o?2(X'W X)L,
An unbiased estimator of o2 is
0% =(y— XBYWHy - XP/(T - k).

The method is referred to as Aitken least squares.

W is p.d. and rank(X) = s < K

Under these conditions, the MDLE of L’3 where L satisfies the same
condition as above is

L'f=L(X'W1X)"X'Wly

where

f = argmin(y — X)W (y - X0)
an(} (X'W~1X)~ is any g-inverse of X’W ~1X. The dispersion matrix of
L'Gis
V(L'3) = o®L/(X'W1X)"L.
An unbiased estimator of o2 is
& =(y—XHW 'y~ XB)/(T ~s).

Thus, Aitken least squares method can be extended to the case where X
is deficient in rank.
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Now we raise the question whether the least squares theory can be ex-
tended to the case where both W and X may be deficient in rank through
minimization of a suitable quadratic function of y — X 3. This problem is
investigated in Rao (1973b) and the solution is as follows.

4.10.3 Rao Least Squares
rank(W) =¢t < T, rank(X) =s < K
First we prove a theorem.

Theorem 4.14 Let R =W + XUX' where U is an n.n.d. matriz such that
R(W) C R(R) and R(X) C R(R). Then

(i) X(X’RmX)"X'RX =X

(i) X(X'R"X)"X'RFRM =04 X'M=0

(iii) tr(R~R— X(X'R~X)~X') = rank(W : X) — rank(X)
where ()~ is any choice of g-inverse of the matrices involved.

The results are easy to prove using the properties of g-inverses discussed
in A.12. Note that all the expressions in (i), (ii) and (iii) are invariant for
any choice of g-inverse. For proving the results, it is convenient to use the
Moore-Penrose g-inverse.

Theorem 4.15 Letﬁ be

= axgmin(y — XY R~ (y - Xp)
a solution of which is
B=(X'"R"X)"X'R™y
for any choice of g-inverses involved. Then:

(i) The MDLE of L', where L : K x r and R(L) € R(X"), is L' 3 with
the variance-covariance matrix

V(L'B) = > L'{(X'R™X)” —U}L.
(i) An unbiased estimator of o2 is
6* =y~ XP) R (y— XP)/f
where f = rank(W : X) — rank(X) .
Proof: Let L = X'C since R(L) C R(X’). Then

E(L'3) = C'X(X'R™X)"X'R™E(y)

= C'X(X'R"X)"X'RXp

- CXp=1p,
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using (i) of Theorem 4.14, so that L' is unbiased for L'.
Let M’y be such that E(M'y) =0, i.e., M'X = 0. Consider

Cov(L'3,M'y) = o?C'X(X'R"X)"X'R-WM
= ¢*C'X(X'R"X)"X'R"RM
?C'X(X'R™X)"X'M =0,

using (ii) of Theorem 4.14. This is true for all M such that E(M'y) = 0, so
that L' B has minimum variance-covariance matrix as an unbiased estimator
of L'B.

The expression for the variance-covariance matrix of L’ /3’ is

V(L'B) = o*C'X(X'R™X)"X'R-W(C'X(X'R™X)"X'R")
o?C'X[(X'R™X) - U]X'C
AL[(X'R™X) - U]L

Finally

E(y - XB)R™(y—Xp3) = E(y—XB)R (y—Xp)
—E(y — XB)'R™(XB - XJ3)
= o*trf[R"W - R X(X'RX)"X'R™W]
= o’tR7[I - X(X'R"X)"X'R7|R
o?[trRR—trX(X'R™X)” X'R7]
= o?[rank(W : X) — rank(X)],

using (iii) of Theorem 4.14 which yields to the unbiased estimate of o2
given in Theorem 4.15.

Note 1. One choice is U = b2I where b is any constant. However, any choice
of U such that R(W + XUX') contains both R(W) and R(X) will do.

Note 2. Theorem 4.15 holds in the general situation where W is n.n.d. or
p.d. and X is deficient in rank or not. Even if W is p.d., it helps in compu-
tations to choose R = (W + X X’) in setting up the quadratic form defined
in Theorem 4.15 for minimization, and use the results of Theorem 4.15 for
estimation purposes.

Thus we have a very general theory of least squares which holds good in
all situations and which in particular, includes Gauss-Markov and Aitken
theories. Further details on unified least squares theory can be found in
Rao (1973D).
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4.11 Exercises

Ezercise 1. In the model y = al+ X 3+¢€, with 1 denoting a column vector
having all elements unity, show that the GLSE of « is given by

1 l . Iy—1 —1y/y—1
e VB = SX(XSTX)TIXS
where E(ee’) = X7t and £ =¥ — 1, B11'%.

Ezercise 2. If disturbances are equicorrelated in the model of Exercise 1,
is GLSE of 3 equal to the LSE?

Ezercise 3. In the model y = X3 + ¢ with E(e) = 0 and E(e€’) = oW,
show that d = 3’ X'(0?W + X33 X’) "1y is an unbiased estimator of (1 +
0?/3 X'W~1X3)~L. Find its variance.

Ezercise 4. If B is the GLSE of 3 in the model y = X 3+ ¢, can we express
the dispersion matrix of the difference vector (y — X () as the difference of
the dispersion matrices of y and X 37

Ezercise 5. When o2 in the model y = X3+ € with E(¢) = 0 and E(e€’) =
oW is estimated by

7= (g )= X)X,

show that 62 is not an unbiased estimator of o2 and
T-K T
1 &2 1
PSPy oy Y R ol
i=1 i=T—K+1
where p1 < ps < ... < ur are the eigenvalues of W.
Ezercise 6. If the disturbances in a linear regression model are au-

tocorrelated, are the residuals also autocorrelated? Is the converse
true?

Ezercise 7. Suppose that the \;’s are the eigenvalues of the matrix PAP
in which

1 -1 0 ... 0 0
-1 2 -1 ... 0 0
0 -1 2 ... 0 0
A= L . .| andP=1-X(X'X)"'X"
0 0 0 2 -1
| 0 0 o0 -1 1]
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Show that the Durbin-Watson statistic can be expressed as

T-K T-K

where the u;’s are independently and identically distributed normal random
variables with zero mean and unit variance.

Ezercise 8. In the model y; = Bz + €; with E(e;) = 0 and E(e?) propor-
tional to x7, show that the GLSE of 3 is the mean of ratios (y;/x;). What
happens to this result when a constant term is included in the model?

Ezercise 9. In the case of stochastic regression of Section 4.7.5, consider
the least squares estimator b and instrumental variable estimator b*. Show
that the asymptotic covariance matrix of b cannot exceed the asymptotic
covariance matrix of b*.

FEzercise 10. The CES (constant elasticity of substitution) production
function relating the production y to labor X; and capital X5 is given
by

y=[oX;"+(1-a)X; 775
Can it be transformed to a linear model?

Exercise 11. Write the model and name it in each of the following sets of
causal relationships:

Yo— (X1 + X3)? X <: >X
Xg/ ( 1 2) 1 Yo 2

Yre— X,
Y1
Xl <: \ X2 Xl <:}
Y2 2e—— X3
Ezercise 12. If the matrix I' in the model (4.213) is triangular, comment
on the nature of the reduced form.

Exzxercise 13. For a system of simultaneous linear stochastic equations, the
reduced form of the model is available. Can we recover the structural
form from it in a logical manner? Explain your answer with a suitable
illustration.

Exercise 14. Consider a seemingly unrelated regression equation model
containing only two equations, y1 = X101+ €1 and yo = Xo02 + €. If X5 is
a submatrix of X, show that the GLSE of (35 is equal to the least squares
estimator. How are they related in the case of 317
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Exact and Stochastic Linear
Restrictions

5.1 Use of Prior Information

As a starting point, which was also the basis of the standard regression pro-
cedures described in the previous chapters, we take a T-dimensional sample
of the variables y and X1,..., Xk. If the classical linear regression model
y = X+ € with its assumptions is assumed to be a realistic picture of the
underlying relationship, then the least-squares estimator b = (X' X)~1 X"y
is optimal in the sense that it has smallest variability in the class of linear
unbiased estimators for G.

In statistical research there have been many attempts to provide better
estimators; for example,

(i) by experimental design that provides minimal values to the variances
of certain components f3; of 3 or the full covariance matrix o2 (X’ X)~!
through a suitable choice of X,

(ii) by the introduction of biased estimators;

(iii) by the incorporation of prior information available in the form of exact
or stochastic restrictions (cf. Chipman and Rao, 1964; Toutenburg,
1973; Yancey, Judge and Bock, 1973; 1974);

(iv) by the methods of simultaneous (multivariate) estimation, if the
model of interest may be connected with a system of other linear equa-
tions (cf. Nagar and Kakwani, 1969; Goldberger, Nagar and Odeh,
1961; Toutenburg and Wargowske, 1978).
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In this chapter we confine ourselves to methods related to example (iii).
Moreover, we concentrate on the classical regression model and assume that
rank(X) = K. Only in Sections 5.10 and 5.12 do we consider the dispersion
matrix of the generalized linear model, namely, E(e€’) = o2 W.

Examples of Prior Information in the Form of Restrictions

In addition to observations on the endogenous and exogenous variables
(such observations are called the sample), we now assume that we have
auzxiliary information on the vector of regression coefficients. Such in-
formation may arise from different sources like past experience or long
association of the experimenter with the experiment, similar kind of exper-
iments conducted in the past etc. When this takes the form of inequalities,
the minimax principle (see Section 3.17) or simplex algorithms can be used
to find estimators, or at least numerical solutions, that incorporate the
specified restrictions on (. Let us assume that the auxiliary information is
such that it can be written in the form of linear equalities

r=RpS, (5.1)
with r a J-vector and R a J x K-matrix. We assume that r and R are
known and in addition that rank(R) = J, so that the J linear restrictions
in (5.1) are independent.

Examples of linear restrictions:
e Exact knowledge of a single component §; of 3, such as,
Blzﬁfa TZ(ﬁT)a R:<1a0>70> (52>

e Formulating a hypothesis on a subvector of 3 = (51, 52) as, for
example, Hy: B2 = 0 with r = R and

r=0, R=(0,1). (5.3)

e Condition of reparametrization > «a; = > 6; = 0 in the analysis of
variance model y;; = pu + a; + 35 + €;5:

0=(1,....,0)a=(1,...,1)8. (5.4)

e Knowledge of the ratios between certain coefficients, such as, 81 : (s :
B3 = ab: b: 1, which may be reformulated as

- B
(o) m=(s 1 3) (2
Bs
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5.2 The Restricted Least-Squares Estimator

To use sample and auxiliary information simultaneously, we have to mini-
mize the sum of squared errors S(83) under the linear restriction r = Rg;
that is, we have to minimize

S(B.A) = (y—XB)'(y — XB) —2X(RB —71) (5:5)

with respect to 3 and A. Here A is a J-vector of Lagrangian multipliers.
Using Theorems A.91-A.93 gives

1 aS(ﬂ? >\) / !/ / _
) o5 X'y + X'X3—RA=0, (5.6)
10S(3,\) B
5 9 = RB-r=0. (5.7)
Denoting the solution to this problem by 3 = b(R), we get from (5.6)
b(R) = (X'X)"'X'y+ (X'X)"'R'A. (5.8)

Including the restriction (5.7) yields
Rb(R) =7 =Rb+ R(X'X) 'R\, (5.9)

and, using R(X'X)"'R’ > 0 (cf. Theorem A.39 (vi)), the optimal X is
derived as

A= (R(X'X)"'R)"'(r — Rb). (5.10)
Inserting A in (5.8) and using the abbreviation S = X'X, we get
b(R)=b+ S 'R'[RS™'R|™*(r — RDb). (5.11)

The restricted least-squares estimator (RLSE) b(R) is the sum of the unre-
stricted LSE b and a correction term that makes sure the exact restriction
r = R holds for the estimator of 3

Rb(R) = Rb+[RST'R[RS™'R|™*(r — Rb)
= r. (5.12)
Moments of b(R):
If r = Rf holds, then b(R) is unbiased:
E(b(R)) = B+ S 'RIRST'R|'(r— Rp)
= 8.
Moreover, we have
V (b(R)) =0*S™' —o®ST'R'[RS™'R'|7'RS™, (5.13)

which shows that the covariance matrix of b(R) depends only on R. It is
seen that the estimator b(R) always has a smaller variance compared with
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the estimator b in the following sense:
V(b) =V (b(R)) =*S™'R'[RS™'R'|"'RS™ > 0. (5.14)
Therefore, the use of exact linear restrictions leads to a gain in efficiency.

Remark: Tt can be shown that b(R) is the best linear unbiased estimator
of B in the class

{=Cy+Dr}= {B(CJD) < v )}
of linear estimators (cf. Theil, 1971, p. 536; Toutenburg, 1975b, p. 99). This
class of estimators is heterogeneous in y (i.e., 5 = Cy + d with d = Dr)
but homogeneous in ( 27{

Special Case: Exact Knowledge of a Subvector

The comparison of a submodel y = X781 + € with a full model y = X161 +
X582 + € was fully discussed in Section 3.8.
In the submodel we have 35 = 0, which may be written as r = R with

r=0, R=(0,1). (5.15)

o_ ( XiXi XiX, g1 [ St sm
XpX1 XpXp ) §2 52 )

Let

where the S¥ may be taken from (3.101). Let b; and bs denote the compo-
nents of b corresponding to 81 and B2 (see (3.105)). Then the restricted LSE
b(R) from (5.11) for the restriction (5.15) may be given in a partitioned
form:

o - (32)-(3 2)()
<o (g o ) (9 )]1(0,[>( ")

B bl _ 512(522)711)2
- b2 _ 522(522>_1b2
_( XXXy
= 0 .
We have used (5?2)~! = (D71)~! = D and formula (3.106).
As a component of the restricted LSE under the restriction (0, I) < o )

B2
= 0, the subvector 3; is estimated by the OLSE of £; in the submodel

A= (X1X1) ' X1y, (5.16)
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as can be expected.
If By = (5 # 0 is given as exact prior information, then the restricted

estimator has the form
b(0,1) = < A ) (5.17)
B3

5.3 Maximum Likelihood Estimation under Exact
Restrictions

Assuming € ~ N(0, 0%1), the restricted maximum likelihood estimator of 3
and o2 can also be derived. The Lagrangian function according to maximum
likelihood procedure can be written as

e () e T ]

where A is the J-vector of Lagrangian multipliers. The first order equations
obtained by partially differentiating the log-likelihood from (5.18) with
respect to 3, A and o2, and equated to zero are

10InL , , N

2 o5 = “apXYHXXB)LRA =0 (5.19)
10InL

, oy = RE-r =0 (5.20)
10InL n (y—XB)(y—XpB) _

S 592 = —o2t ” - 0. (5.21)

Let the maximum likelihood estimates of 3 and o2 are denoted by b(R)
and 6% respectively, the optimal A is obtained from (5.19) and using (5.20)
as

[R(X'X)"'R] ™" (r — Rb(R))
5% '

Substituting (5.22) in (5.19), we obtain

A= (5.22)

b(R) = A+ (X'X)"'R' [R(X'X)"'R']"' (r — RD)
and
(y — Xb(R))'(y — Xb(R))
T
where § = (X’X)~' X'y is the maximum likelihood estimator of § without
restriction. The Hessian matrix of second order partial derivatives of 8 and
o? is positive definite at 8 = b(R) and 0% = ¢%. Note that the restricted

least squares and restricted maximum likelihood estimators of 3 are same
whereas they are different for 2.

5% =
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5.4 Stepwise Inclusion of Exact Linear Restrictions

The set » = RS of linear restrictions has J < K linearly independent
restrictions

ri=RB, j=1,...,J (5.23)

Here we shall investigate the relationships between the restricted least-
squares estimators for either two nested (i.e., linearly dependent) or two
disjoint (i.e., independent) sets of restrictions.

Assume ;1 = R0 and o = R0 to be disjoint sets of J; and Jo exact
linear restrictions, respectively, where J; + Jo = J. We denote by

T<g)(§;)ﬂfw (5.24)

the full set of restrictions. Let us assume full column ranks, that is, rank(R;)
= Jy, rank(Rz2) = Jo, and rank(R) = J. If b(R;), b(R2), and b(R) are the
restricted LSEs corresponding to the restriction matrices Ry, R2, and R,
respectively, we obtain

V(b(R) <V (b(R)) <V(b), i=1,2 (5.25)

(in the sense that the difference of two dispersion matrices is nonnegative
definite).

The relationships V(b) — V (b(R;)) > 0 and V(b) — V (b(R)) > 0 are a
consequence of (5.14). Hence, we have to check that

V (b(R1)) =V (b(R)) =0 (5.26)

holds true, which implies that adding further restrictions to a set of
restrictions generally leads to a gain in efficiency.

Using the structure of (5.24), we may rewrite the restricted LSE for the
complete set r = R as follows:

) = sy (I R ) =)

RQS_IRll RQS_IRIQ ro — Rob
(5.27)
With the abbreviations
A= RS'R = ( o ) (5.28)

Rls_lRll =F, Rls_lRIQZF,
ReS'Ry=G, H=G - FE'F (5.29)
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(E is nonsingular since rank(R;) = Jp), and using Theorem A.19, we get
the following partitioned form of the dispersion matrix (5.13) of b(R):

o ?V(b(R)) = S'—ST(R},RY)
< E '+ B lpg-lpE-l _p-lpg-1 )

—H'F'E-! H-1
X ( gl )Sl. (5.30)
Now, the covariance of b(R;) and b(R) is
E(b(R1) — B)(b(R) — B)' = cov (b(R1),b(R)) . (5.31)
Using
b(R) -8 = S 'I-RET'RS™HX'e, (5.32)
BR)—F = S~ (R, RyA~! < w >Sl)X’e (5.33)
along with
(I,ET'F)A™Y = (E71,0) (5.34)
R{(I,E7'F)A~! ( g; ) = R/E7'R;, (5.35)

we arrive at the following result:
cov (b(R1),b(R)) =V (b(R)). (5.36)
By Theorem A.41 (v), we know that
(b(R2) = (1)) (b(R) = b(R)) = 0

holds for any sample and, hence, for the expectation also.
Now, using (5.36), we get the relationship (5.26):

E[b(Ry) = 8 — (b(R) = B)I[b(R1) — B = (b(R) — B)]
=V (b(Rl)) +V (b(R)) — 2cov (b (R1), b( R))
= V(b(R1) =V (b(R)) 2 0. (5.37)
Thus we find the following result:

Theorem 5.1 Let us assume that a set of exact linear restrictions ry = R13
with rank(Ry) = Ji is available. Now if we add another independent set
ro = Rof8 with rank(Ry) = Ja, and rank(R) = J = J1 + Ja, then the
restricted LSEs b(R1) and b(R) are unbiased with

V (b(R1)) =V (b(R)) >0. (5.38)

Hence, a stepwise increase of a set of exact restrictions by adding inde-
pendent restrictions results in a stepwise decrease of variance in the sense

of relation (5.38).
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Remark: The proof may be given, alternatively, as follows.
The matrices R; and R are connected by the following linear transform:
Ry = PR with P =(I,0). (5.39)

Using the partitioned matrix A from (5.30), the difference of the covariance
matrices may be written as

o2 [V (b(F)) = V (b(B))]
=S'R(RST'R)'RS™' — ST'R|(R;ST'R}) 'R, S}
=S 'R(A™' - P/(PAP")"'P)RS™. (5.40)

By assumption we have rank(R) = J. Then (see Theorem A.46) this differ-
ence becomes nonnegative definite if and only if A=! — P/(PAP)~'P >0
or, equivalently (Theorem A.67), if

R(P'PA™Y) c R(A7Y), (5.41)
which holds trivially.

Comparison of b(R;) and b(Rs)

Let us now investigate the relationship between the restricted least squares
estimators for the two sets of restrictions

r;=R;3, rank(R;)=J; (j=1,2). (5.42)
The corresponding estimators are (j = 1,2)
b(R;) =b+ ST Ri(R;ST'R})) " (r; — R;b). (5.43)
With the abbreviations
A;j = R;ST'R}, (5.44)
G; = ST'R{AT'R;STY, (5.45)

we get (cf. (5.13))
V (b(R;)) =0*(S7' = Gj)). (5.46)
The restricted LSE b(R3) is better than b(R;y) if

C = V(b(R1)) —V (b(R2))
= 02(G2 - Gh)
o*S™H(RyA; Ry — RIAT RS > 0 (5.47)

or, equivalently, if RybA; 'Ry — Ry AT Ry > 0.
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Theorem 5.2 (Trenkler, 1987) Under the assumptions (5.42) we have
RLA;'Ry — RIATIR) >0 (5.48)
if and only if there exists a J1 X Jo-matriz P such that
Ry = PRs. (5.49)
Proof: Use Theorem A58 and define M = RyA; * and N = R, A7 2.

(i) Assume (5.48) and use Theorem A.58. Hence, there exists a matrix H
such that

N=MH.
Therefore, we have
R\A7® = RyA;°H,

or, equivalently,

Ry = A?H'A;*R, = PR,
with the J; x Jo-matrix

P=A?H'A; "
(ii) Assume Ry = PRy. Then we may write the difference (5.48) as
RyA; (I — F)A; Ry, (5.50)

where the matrix F' is defined by

F = A2 P'(PA,P') "' PA;, (5.51)

which is symmetric and idempotent. Hence, I — F' is idempotent, too. Using

1
the abbreviation B = Ry A, 2 (I—F), the difference (5.50) becomes BB’ > 0
(see Theorem A.41).

Corollary 1 to Theorem 5.2: If Ry = PRy with rank(Ry) = Jy holds, it is
necessary that Ju < Jo and rank(P) = J;. Moreover, we have r1 = Pra.

Proof: From Theorem A.23 (iv), we know that in general rank(AB) <
min(rank(A), rank(B)). By applying this to our problem, we obtain
rank(PRy) < min(rank(P),rank(Rz))
= min(rank(P), J3).
Ji = rank(P)

as rank(Rl) = I‘&Ilk(PRQ) = Jl = Jl < J2. From r = Rl/B and R1 =
PRy, we may conclude that

T1:PR2/8:PT2.
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Note: We may confine ourselves to the case J; < Js since J; = Jo entails
the identity of the restrictions 71 = Ri3 and ro = Ry as well as the
identity of the corresponding estimators. This fact is seen as follows:

The relation Ry = PRy with rank(P) = J; = J; implies the existence
of P71, so that R = P~ !'R; and 7o = P~'r; hold. Therefore ry = Ryf3
is equivalent to P~1(ry — R13) = 0 (i.e., 11 = R13). For Ry = PRy with
P : J; x Jy and rank(P) = J; = Ja, we may check the equivalence of the
estimators immediately:

b(Ry) = b+ S'R\PYP'RSTIR\ P!
x (P~'ry — P7'Ryb)
= b(Ry).

The case J; < Jo: As we have remarked before, any linear restriction is
invariant with respect to multiplication by a nonsingular matrix C: Js X Ja,
that is, the conditions

To = Rgﬂ and O’I’Q = CRQﬂ

are equivalent. We make use of this equivalence and make a special choice of
C'. Let us assume that Ry = PRy with P a J; X Jo-matrix of rank(P) = J;.
We choose a matrix @ of order (Jo — J1) x Jz and rank(Q) = Jo — Ji
such that C" = (Q’, P’) has rank(C") = J,. (The matrix @ is said to be
complementary to the matrix P.) Letting Qro = r3 and QRs = Rs, we

have
P?"Q T1 ’
PRy Ry |

It is interesting to note that if two linear restrictions 1 = R;3 and ro =
Ry (3 are connected by a linear transform R; = PR,, then we may assume
that r1 = R10 is completely contained in 7o = Ro3. Hence, without loss of
generality, we may choose P = (I,0).

CT’Q

CRy

Corollary 2 to Theorem 5.2: The set of restrictions

r1 = R0, 19 = Rof3, R1 = PRy, r1 = Prg, (5.52)
rank(P) = J1 < Jo '
and
R
r1 = R0, 7”2=<T1 ):(R1 )5232@ (5.53)
T3 3

with r3 = Qre, R3 = QRa, and Q complementary to P are equivalent.
We may therefore conclude from Theorem 5.2 that two exact linear re-
strictions are comparable by their corresponding restricted LSEs if and only
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if Ry = PRy and rank(P) = J; < Jo. The special case P = (I,0) describes

the nested situation
o Ry o T1
R2<R3>’ T2<r3)' (5.54)

5.5 Biased Linear Restrictions and MDE
Comparison with the OLSE

If, in addition to the sample information, a linear restriction r = Rf is
included in the analysis, it is often imperative to check this restriction by
the F-test for the hypothesis Hy: R3 = r (see Section 3.8). A rejection of
this hypothesis may be caused either by a nonstochastic bias §,

r=RG+J with J#0, (5.55)
or by a nonstochastic bias and a stochastic effect,
r=RB+0+®, &~ (0,0°V). (5.56)

If there is a bias vector § # 0 in the restriction, then the restricted LSE
b(R) becomes biased, too. On the other hand, the covariance matrix of
b(R) is not affected by ¢, and in any case b(R) continues to have smaller
variance than the OLSE b (see (5.14)). Therefore, we need to investigate
the influence of ¢ on the restricted LSE b(R) by using its mean dispersion
erTor.

Under assumption (5.55), we have

E(b(R)) =B+ ST'R(RST'R)™'5. (5.57)

Using the abbreviations

A=RS'R = A>A> (5.58)
and
H=S"1R'A"", (5.59)
we may write
Bias(b(R),3) = HS, (5.60)
V(b(R)) = V(b)—o*HAH', (5.61)
M(b(R),3) = V(b)—oc?HAH' + HS5H'. (5.62)

We study the MDE comparison according to the following criteria.
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MDE-I Criterion

From Definition 3.10, we know that the biased estimator b(R) is MDE-I-
better than the unbiased estimator b if

A(b,b(R)) V(b) — V (b(R)) — (Bias(b(R), 3)) (Bias(b(R), 5))’
= o*H(A— o025 YH >0 (5.63)

or, as rank(R) = J according to Theorem A.46, if and only if
A—07250" > 0. (5.64)

This is seen to be equivalent (Theorem A.57, Theorem 5.7) to the following
condition:

A=028A" 6 =02 (RSTIR)T6 < 1. (5.65)
(Toro-Vizcarrondo and Wallace (1968,1969) give an alternative proof.)

Definition 5.3 (MDE-II criterion; first weak MDE criterion)

Let Bl and Bg be two competing estimators. The estimator Bg 18 said to
be MDE-II-better than the estimator 3y if

EB1 — B) (81— B) —E(B2 — B) (B2 — B) = tr {A(B1, 52)} > 0. (5.66)

If Bg is MDE-I-better than Bl, then Bg is also MDE-II-better than Bl,
since A > 0 entails tr{A} > 0. The reverse conclusion does not necessar-
ily hold true. Therefore, the MDE-II criterion is weaker than the MDE-I
criterion.

Direct application of the MDE-II criterion to the comparison of b(R) and
b gives (cf. (5.63))

tr {A(b, b(R))} = o tr{HAH"Y — 8 H'H§ > 0

if and only if
SH'HS

IN

o?tr{HAH'}

= tr{V(b) =V (b(R))}. (5.67)
Hence, the biased estimator b(R) is MDE-II-better than the unbiased OLSE
b if and only if the squared length of the bias vector of b(R) is less than
the total decrease of variance of b(R).

With the abbreviation X’X = S, we have H'SH = A~', and therefore
§H'SHS = §'A716 = 02X with X from (5.65). Using Theorem A.56 and
assuming 0 # 0, we may conclude that

O'H'SHO
< < .
dx < SH'HS <d (5.68)
where di > --- > dig > 0 are the eigenvalues of S > 0.
Then we have the following upper bound for the left-hand side of (5.67):

SH'HS < dg'd' A6 = dil o\ (5.69)
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Therefore, a sufficient condition for (5.67) to hold is (cf. Wallace, 1972)
A < dg tr{HAH'}
= dg tr{ST'R'(RS™'R)"'RS™!}
= X (say). (5.70)

Definition 5.4 (MDE-III criterion; second weak MDE criterion) (2 is said to
be MDE-III-better than (31 if
E(X 1 — XP)'(XB1 — XB) — B(X [ — XB)' (X — X )
= E(61 - B3)'S(B1 = B) — E(B2 — B)'S(B2 — B)
= tI‘{SA(ﬁl,ﬁg)} > 0. (571)
Note: According to Definition 3.9 we see that MDE-III superiority is
equivalent to R(S) superiority.
Applying criterion (5.71) to b(R) and b, we see that b(R) is MDE-III-
better than b if
tr{SA(b,b(R))} = o*tr{SST'R/(RST'R)'RS™'} - 5’4715
a2 (tr{l;} — \)
o?(J =)\ >0;
that is, b(R) is preferred if
A< J. (5.72)

It may be observed that for J > 2 the MDE-III criterion is weaker than
the MDE-I criterion. If J = 1, both criteria become equivalent.

Theorem 5.5 Let us suppose that we are given a biased linear restriction
(r — RB = 0). Then the biased RLSE b(R) is better than the unbiased
OLSE b by

(i) MDE-I criterion if
A<1 (necessary and sufficient),
(i) MDE-II criterion if
A< Xo (Ao from (5.70)) (sufficient), and
(iii) MDE-III criterion if
A< J (necessary and sufficient),
where A = o 2(r — RB) (RS™IR)~(r — RB).

To test the conditions A < 1 (or Ag or J), we assume ¢ ~ N(0,0%I) and
use the test statistic

1
F= 5 (r — Rb)(RS™'R")~!(r — Rb), (5.73)

s
which has a noncentral Fjr_ g (A)-distribution. The test statistic F' pro-
vides a uniformly most powerful test for the MDE criteria (Lehmann, 1986).
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We test the null hypothesis

Hy: A <1 (or <Xpor <.J)
against the alternative

Hi: A>1 (or >Xgor >J)

based on the decision rule

do not reject Ho if FF < Fyr_g1-a(1),
or FF < FJ,T7K,17Q()\O) )
or FF < FJjLK,ka(J) )

respectively, and reject otherwise.

5.6 MDE Matrix Comparisons of Two Biased
Estimators

Up to now we have investigated the relationship between two unbiased
RSLEs (Section 5.4) and the relationship between a biased and an unbiased
estimator (Section 5.5).

The problem of the MDE comparison of any two estimators is of central
interest in statistics. Therefore, we now present a systematic overview of the
situations that are to be expected, especially if any two biased estimators
have to be compared. This overview comprises the development during the
past decade. One of the main results is a matrix theorem of Baksalary and
Kala (1983). In this context the investigations of Terédsvirta (1982, 1986)
and Trenkler (1985) should also be mentioned. In the following we use the
general framework developed in Trenkler and Toutenburg (1990).

Suppose we have available an estimator ¢ for a parameter vector 8 € RP.
We do not assume that ¢ is necessarily unbiased for 6, that is, E(¢) may be
different from 6 for some 6.

We denote by

D(t) =E(t — E(t)) (t —E@®) = V(t) (5.74)
the dispersion matrix of ¢ and by
d = Bias(t,0) = E(t) — 6 (5.75)

the bias vector of ¢.
Then the mean dispersion error matrix of ¢ is (cf. (3.45)) given by

M(t,0) = D(t) + dd. (5.76)

Let us consider two competing estimators, ¢; and 2, of 8. We say that ¢,
is superior to t1 (i.e., to is MDE-I-better than ¢;; cf. Definition 3.4) if

A(t1,t2) = M(t1,0) — M(ts, 0) (5.77)
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is a nonnegative-definite (n.n.d.) matrix, that is, A(¢1,t2) > 0.
In case the matrix A(t1,t2) is positive definite (p.d.), we may give the
following definition.

Definition 5.6 to is said to be strongly MDE-better (or strongly MDE-I-
better) than t1 if A(t1,t2) > 0 (positive definite).

For notational convenience, let us define

di = Bias(t;,0) (i=1,2), (5.78)
D(t;) = V() (=1,2), (5.79)
D = D(t1)—D(ty). (5.80)
Then (5.77) becomes
A(tl,tg) =D+ dldll — dgdlg . (581)

In order to inspect whether A(t1,t2) is n.n.d. or p.d., we may confine
ourselves to two cases:
Condition 1: D>0,
Condition 2: D>0.
Note that it is possible that A(t1,¢2) > 0 although condition 1 or condition
2 has not been satisfied; however, this is very rarely the case. Hence, we
shall concentrate on these two realistic situations.
As did} > 0, it is easy to see that
D>0 = D+dd >0,
D>0 = D+did; >0.

Hence the problem of deciding whether A(ty,t3) > 0 or A(ty,t2) > 0
reduces to that of deciding whether a matrix of type

A —ad (5.82)

is positive or nonnegative definite when A is positive or nonnegative
definite.

Condition 1: D > 0
Let A > 0. Then we have (cf. A.57) the following result.

Theorem 5.7 (Farebrother, 1976) Suppose that A is p.d. and a is a compat-
ible column wvector. Then A — aa’ > (>)0 if and only if d A~ra < (<

)1.

Direct application of Theorem 5.7 to the matrix A(t1,t2) specified by
(5.81) gives the following result:
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Theorem 5.8 Suppose that the difference D = D(t1)—D(t2) of the dispersion
matrices of the estimators t1 and ty is positive definite. Then to is strongly
MDE-I-superior to t1 if and only if

do(D +dydy)"tdy < 1, (5.83)
and to is MDE-I-better than ty1 if and only if
do(D +dydy) " tdy < 1. (5.84)
By Theorem A.18 (iv) (Rao, 1973a, p. 33) we may write
D~ 'dyd\D!
D+didy)"' =D — R
(Dt dich) 1+ d{D1d,
Setting
dij =d;D7d;  (i,§ = 1,2), (5.85)

we get from (5.83) and (5.84)
dy(D + dyd)) " dy = doy — diy(1+dig) "

Corollary 1 to Theorem 5.8 (see also Trenkler and Trenkler, 1983): Under
the assumption D > 0 we have A(t1,t2) > (=)0 if and only if

(14 dp1)(doy — 1) < (L) d2,. (5.86)
Furthermore, each of the two conditions is sufficient for A(t1,t2) > (>)0:
(i) (14 di1)da2 < (<) 1,
(i) doo < (<) 1.
Corollary 2 to Theorem 5.8: Let D > 0 and suppose that di and dy are

linearly dependent, that is, di, = di1daa. Then we have A(ty,t2) > (>)0 if
and only if

d22 — d11 < (S)l (587)

Corollary 8 to Theorem 5.8: Let D > 0 and suppose that t1 is unbiased for
0, that is, d = 0 and d11 = d12 = 0. Then we have A(ty,t2) > (>)0 if and
only if

dog < (S) 1. (588)

Ezample 5.1 ((Perlman, 1972)): Let t be an estimator of §. As a competitor
to t1 = t, consider to = at; with 0 < a < 1 so that ¢y is of the shrinkage
type. Then D = (1 — a?)D(t1), and we have

D > 0 if and only if D(¢1) > 0,
D > 0 if and only if D(¢1) > 0.
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Let us suppose that t is unbiased for # and D(¢) > 0. Consider t; = a3t and
ty = aot, where 0 < as < ag < 1. Then D(¢;) = a? D(t) and D = D(t1) —
D(t2) = (a2 — a2)D(t) > 0. Furthermore, d; = Bias(t;,0) = —(1 — ;)0,
(¢ = 1,2), showing the linear dependence of d; and dz. Using definition
(5.85), we get

(1 - ai)2 / -1
= D
dii o — a2 0'(D(t)) 0,

which yields (cf. (5.87))

270&17042 ’

o (D@0,

Hence, from Corollary 2 to Theorem 5.8 we may conclude that

d22 - dll =

A(Oélt, Otgt) > (Z) 0
if and only if

ay + ag
2704170&2.

o' (D(1) 0 < (<)

If oy = 1, then ¢; =t is unbiased and A(t, ast) > (>) 0 holds according to
(5.88) if and only if

17042

- aza'(D(t))*la < (1.

d22

Note: The case D = D(t1) — D(t2) > 0 rarely occurs in practice (except
in very special situations, as described in the above example). It is more
realistic to assume D > 0.

Condition 2: D >0

MDE matrix comparisons of two biased estimators under this condition
may be based on the definiteness of a difference of matrices of type A — aa’
where A > 0. Here we state a basic result.

Theorem 5.9 (Baksalary and Kala, 1983) Let A be an n.n.d. matriz and let
a be a column vector. Then A —aa’ > 0 if and only if

a€R(A) and dA a<1, (5.89)
where A™ is any g-inverse of A, that is, AA~A = A.
Note: Observe that the requirement a € R(A) is equivalent to a = Ac for
some vector ¢. Hence, a’A~a = /AA~Ac = ' Ac, and a’ A~ a is therefore

seen to be invariant to the choice of the g-inverse A~ .
An application of this theorem gives the following result.
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Theorem 5.10 Suppose that the difference D = D(t1) — D(t2) of the dis-
persion matrices of two competing estimators t1 and to is n.n.d. Then ty is
MDE-better than t1 if and only if

(¢) dy € R(D + dqd}), (5.90)

(i) dy(D + dydy)"de <1, (5.91)

where d; is the bias int;, i = 1,2, (D+dyd}) ™ is any g-inverse of D+dyd}.

To determine a g-inverse of D+d;d], let us now consider two possibilities:
() d € R(D),
(i) di ¢ R(D).

If di € R(D), a g-inverse of D + d;d] is given by (cf. Theorem A.68)
D~dyd\D~

D+dd)” =D - .
(Dt dich) |+ d{Ddy

(5.92)

Because d1 € R(D), we have d; = D f; with a suitable vector fi. Since
we have assumed D > 0, it follows that d{D~dy = fiDfi > 0 and 1 +
dllD_dl > 0.
Since D > 0 and dyd} > 0, we get
R(D +didy) = R(D)+R(did})
= R(D)+R(dy).

Now d; € R(D) implies
R(D +dydy) = R(D) (5.93)

(cf. Theorem A.76 (ii)). Based on (5.92) and (5.93), we may state the next
result.

Corollary 1 to Theorem 5.10: Assume that di € R(D) and d2 € R(D +
didy) = R(D), and let d;; = d;D~d;(i,5 = 1,2), where D~ is any g-inverse
of D. Then we have

A(tl,t2> >0 Zf and only Zf (1 + d11>(d22 — 1) < d%g . (594)
Furthermore, each of the following conditions is sufficient for A(t1,t2) > 0:
(1 + d11)d22 < 1, (595)

dogs < 1. (5.96)

Since both d; and ds belong to the range of D, there exist vectors f;
with dl = Dfl (Z = 1,2) such that dij = d;Didj = fz/DfJ7 that iS, dij is
invariant to the choice of D~ (cf. Theorem A.69).

It is easily seen that d%z = dy1dos if di and ds are linearly dependent.
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Corollary 2 to Theorem 5.10: Let the assumptions of Corollary 1 be valid,
and assume that di and do are linearly dependent. Then we have A(ty,te) >
0 if and only if

dog —din < 1. (5.97)

Corollary 8 to Theorem 5.10: Suppose t1 is unbiased (i.e., di = 0) and
dy € R(D). Then we have A(t1,t2) > 0 if and only if

day < 1. (5.98)

Case d; € R(D)

In order to obtain the explicit formulation of condition (5.91), we need a
g-inverse of D + dyd}. Applying Theorem A.70 gives the following result.

Corollary 4 to Theorem 5.10: Suppose that di & R(D) and dy € R(D +
didy). Then A(t1,t2) > 0 if and only if

dy D" dy — 2¢(dyv) (dyu) +79* (dyu)® < 1, (5.99)
with the notation

= (I-DD%)d;, v=D%d,
1+d;D"dy,
¢ = (Wu)™h

)
\

Moreover, if dy € R(D), we immediately get
dyu = fiD(I— DD*)d; = f4(D — DDDV)d,
— f}(D—DD*D)dy =0
using (DDT) = D¥D since D is symmetric.

Corollary 5 to Theorem 5.10: Assume that di ¢ R(D) and dy € R(D).
Then we have A(t1,t2) > 0 if and only if

dyDTdy < 1. (5.100)

We have thus investigated conditions under which the matrix D +d;d} —
dad} is n.n.d. in various situations concerning the relationship between d;
and dz and the range R(D +d;d}). These conditions may also be presented
in equivalent alternative forms. In Bekker and Neudecker (1989), one may
find an overview of such characterizations (cf. also Theorems A.74-A.78).
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5.7 MDE Matrix Comparison of Two Linear
Biased Estimators

In Section 5.6, we investigated the MDE matrix superiority of an estimator
to with respect to any other estimator ¢;. In this section we wish to apply
these results for the case of two linear estimators b; and by, which is of
central interest in linear models.

Consider the standard regression model y = X8 + ¢, ¢ ~ (0,0%1)
and rank(X) = K. Let us consider two competing heterogeneous linear
estimators

b =Ciy+c (i=1,2), (5.101)

where C; : K x T and ¢; : K x 1 are nonstochastic. Then it is easy to see
that

V(b)) = o?CiC) (5.102)
d, = Bias(bi,ﬁ) = (ClX — I)ﬁ +ci, (5103)
M(b;, B) = o2CiCl+did;, (i=1,2), (5.104)

from which the difference of the dispersion matrices of b; and bs becomes
D = od*(C10] — C,C4) (5.105)

which is symmetric.
As we have seen in Section 5.6, the definiteness of the matrix D has main
impact on the MDE superiority of by over b; according to the condition

A(by,by) = D+ dyd), — dodly > 0. (5.106)

Since we are interested in the case for which the matrix D is n.n.d. or p.d.,
the following characterization may be very useful.

Theorem 5.11 (Baksalary, Liski and Trenkler, 1989) The matriz D (5.105) is
n.n.d. if and only if

(1) R(C3) C R(Cy) (5.107)
and
(11)  Amax(C5(C1C1)~C2) <1, (5.108)

where Amax(-) denotes the mazimal eigenvalue of the matriz inside the
parantheses. This eigenvalue is invariant to the choice of the g-inverse

(G107~
Theorem 5.12 We have D > 0 if and only if

Ci1C >0 (5.109)
and

Amax (C5(C1C1)71Cy) < 1. (5.110)
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Proof: Assume that D > 0. Because C2C% > 0 always holds, we get
C1Cy =D+ CxCh >0,
which is regular, and we may write its inverse in the form
(C1C)) ™ = (1))~ (C1Cp) 2,
Applying Theorem A.39, we get
(CLC) ™ 2D(CLCY) "2 =1 — (CLC}) 2 CoCL(C1CL) ™2 > 0. (5.111)

The eigenvalues of the p.d. matrix (C1C})~2D(C1C})~ 2 are positive. Using
the properties of eigenvalues, A(I — A) = 1 — A(A) and A\(PP’) = A\(P'P),
we find

M(C1C1) ™2 CaC5(CrCY)™2) = A(CH(C1CY) 71 C).

This holds for all eigenvalues and in particular for the maximal eigen-
value. Therefore, we have proved the necessity of (5.109) and (5.110). The
proof of the sufficiency is trivial, as (5.109) and (5.110) immediately imply
relationship (5.111) and hence D > 0.

5.8 MDE Comparison of Two (Biased) Restricted
Estimators

Suppose that we have two competing restrictions on § (i = 1,2),
ri = R;B+6;, (5112)

where R; is a J; x K-matrix of full row rank J;.
The corresponding linearly restricted least-squares estimators are given
by

b(RZ) =b+ SilR;(RisilR;)il(T’i — sz) (5113)

Let S~z denote the unique p.d. square root of the matrix S—1 =
(X’X)~'. As we have assumed that rank(R;) = J;, we see that the
Ji x K-matrix R;S™2 is of rank .J;. Therefore (cf. Theorem A.66), its
Moore-Penrose inverse is

(R;S™2)t =S 2RI(R;S™'R)~". (5.114)
Noticing that the matrix (i = 1,2)

P, = (RS 2)TR;5 > (5.115)
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is idempotent of rank J; < K and an orthogonal projector on the column
space R(S™2R]), we observe that (cf. (5.60) and (5.61))

d; = Bias(b(R;),8) = S 'RI(R:ST'R))~'s;
S72(R;S™2)7T6; (5.116)
V (b(R)) = o2S:(I-P)S 2, (5.117)

where §; = R;3—r;, 1 = 1,2. Denoting P»; = P, — P, the difference of the
dispersion matrices can be written as

D=V (b(R1)) = V (b(Ra)) = 0°S~2 Py 5> (5.118)
and hence we have the following equivalence:
D >0 ifandonlyif Py >0. (5.119)

Note: If we use the notation
¢ =S2d; = (RiS™2)"6;, (5.120)
we may conclude that b(Rz) is MDE-I-better than b(R;) if
A(b(R1),b(R2)) = 872 (0* Po1 + 16} — cach)S™2 > 0
or, equivalently, if
Py1 +c1c) —cach > 0. (5.121)

According to Theorem 5.12; we see that the symmetric K x K-matrix
P, cannot be p.d., because P, = S~2Ry(RyS™ R,) "1 RyS™2 is of rank
Ja < K and hence P; is singular. Therefore, condition (5.109) does not
hold.

We have to confine ourselves to the case Py; > 0. According to a result
by Ben-Israel and Greville (1974, p. 71) we have the following equivalence.

Theorem 5.13 Let Pyy = Py — Py with Py, P> from (5.115). Then the
following statements are equivalent:

(i) Pa1 >0,
(i) R(S™2Rj) C R(S™2RY),
(iii) There exists a matriz F such that Ry = FRa,
(iv) PP = Py,
(v) PLPy = Py,
(vi) P2y is an orthogonal projector.

Note: The equivalence of Po; > 0 and condition (iii) has been proved in
Theorem 5.2.

Let us assume that D > 0 (which is equivalent to conditions (i)—(vi)).
As in the discussion following Theorem 5.10, let us consider two cases:
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(1) C1 S R(Pgl),
(11) C1 ¢ R(Pgl)

Case (i): ¢1 € R(Po1).

Since P; is an orthogonal projector, the condition ¢; € R(P21) is equivalent
to

Pglcl =C1. (5122)

We have the following relationships for ¢; and P;, i = 1,2:

Picy =c1, Pz =c,
Plcg = (1, P2C1 =C. } (5123)
Proof:
Piey = ST:R)(RST'R,)"'RST2S 2R\ (RST'R)) 6
= Cl
Pyes = c¢o (using the above procedure)
Pyey = PyPicy=Picp=c; (cf (iv))
Picy = ST:R)(RST'R,)'Foy=¢; (cf. (iii))

as Ry = 'Ry implies r1 = Fro and
01 =11 — R = F(ry — Rof3) = Foo.

Thus we obtain the following result: Suppose that D > 0 and ¢; € R(P»)
or, equivalently (cf. (5.123)),

c1 =Pt = Py — P

= 61761:0,

which implies that 6; = 0 and b(R;) unbiased. Relation (5.123) implies
Py1c9 = Paco = ¢o and, hence, ¢ € R(Pe1) and

chPyca = dheo
= 04(RyST'RY)TS,.
Applying Theorem 5.9 leads to the following theorem.

Theorem 5.14 Suppose that the linear restrictions ry = R and ro = Ro(3+
0o are given, and assume that

D=V (b(Ry)) — V (b(R2)) > 0.

Then the biased estimator b(Rz) is MDE-superior to the unbiased estimator
b(R1) if and only if

025, (RySTIRY) 1oy < 1. (5.124)
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Case (ii): c1 € R(Pa1).

The case ¢1 € R(Pe1) is equivalent to ¢; # 0. Assuming D > 0, we have
A(b(R1),b(Rz)) > 0 if and only if (5.89) is fulfilled (cf. Theorem 5.9), that
is, if and only if

ch(0? Py +c1c))Tea =072y Pyea +1 < 1
or, equivalently, if
Py =0, (5.125)
that is (cf.(5.122)), if
c1L=cy. (5.126)
This way we have prooved the following

Theorem 5.15 Assume that 6; = r; — R;3 # 0. Then we have the following
equivalence:

A(b(Ry1),b(R2)) >0 if and only if Bias(b(R1), ) = Bias(b(R2), ).
(5.127)

Note: An alternative proof is given in Toutenburg (1989b).

Summary: The results given in Theorems 5.14 and 5.15 may be summed up
as follows. Suppose that we are given two linear restrictions r; = R; 5+ §;,
it = 1,2. Let b(R;), i = 1,2, denote the corresponding RLSEs. Assume
that the difference of their dispersion matrices is n.n.d. (i.e., V (b(Rl)) —
A% (b(Rg)) > 0). Then both linear restrictions are comparable under the
MDE-I criterion if

(i) 91 =0 (i.e., b(Ry) is unbiased) or
(i) Bias(b(R.), §) = Bias(b(Rs), 6).

If (ii) holds, then the difference of the MDE matrices of both estimators
reduces to the difference of their dispersion matrices:

AU H(R) =V (o)) =V (4(H2).

‘We consider now the special case of stepwise biased restrictions. The pre-
ceding comparisons of two RLSEs have shown the necessity of V (b(R;)) —
v (b(RQ)) being nonnegative definite. This condition is equivalent to Ry =
PRy (cf. Theorems 5.2 and 5.13 (iii)). According to Corollary 2 of Theorem
5.2, we may assume without loss of generality that P = (I,0).
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Therefore, assuming V (b(Rl)) -V (b(Rg)) > 0, we may specify the
competing linear restrictions as follows:

rn = Rif3, rank(Ry) = Jp,
J1 x K
r3 = R30+ 93, rank(Rg) = J3,
J3x K
ry = RQ/B =+ 52, rank(Rg) = Jy s
Jax K
where (5.128)
R
ro = " ) R2 = ' )
T3 Rs
0
by = ( ) , Ji+Jds = Jo.
d3

Furthermore, from Theorems 5.14 and 5.15, we know that we may confine
our attention to the case r1 — Ri8 =46, =0.

In the following we investigate the structure of the parameter condition
(5.124) for the MDE superiority of b(Rz) in comparison to b(R;). We are
especially interested in the relationships among the competing estimators

b = S7'X'y (unbiased)
b(R1) = b+ ST'RI(RST'R) " (r — Rib)
(unbiased) (5.129)
b(R3) = b+ S 'Ri(R3S 'R)"(rs — R3b)
(biased in case d3 # 0) (5.130)

s ) = ses ey () s iR RY -

< Rs > << I > )
((2)-(2)9

(biased in case d3 # 0). (5.131)

We again use the notation (cf. (5.58) and (5.59))

A = RST'R,, A;>0 (i=1,2,3)
H, = ST'RIA;Y (i=1,2,3).

Additionally, we may write (cf. (5.60))

Bias b(Rl,ﬁ) = Hiéi (’L = 1, 2, 3) (5.132)
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Comparison of b(R;) and b

Each of these estimators is unbiased and so b(R;) is always MDE-better
than b according to relationship (5.14):

A(b,b(R1)) = V(b)—V (b(R1))
= 0'2H1A1H{
o?STIRIATIRIST > 0. (5.133)

Comparison of b(R3) and b

We have
A(b,b(R3)) = S 2[025 2 RjA7 R3S >
— ST2RLA; 0305A5 P RyST2]S
ST:RLA;'0s = 0°S 2R4LA;'R3S 2 [0 2(RsS T 2) )6y

028 2 RyA;' R3S > 0.
Therefore, we may apply Theorem 5.9 and arrive at the equivalence
A(b,b(R3)) >0 ifand only if A3 =0 2054503 <1. (5.134)

This condition was already deduced in (5.65) using an alternative set of
arguments.

Comparison of b( i ) and b(Ry)
R

Using Ry = PRy, P = (1,0), Ry = ( gl > 6y = < (;) > and Theorem
3 3

A .19 allows condition (5.124) to be expressed in the form
RiS7'R, Rls—le,,)l( 0 >
R3S_1R/1 R3S_1Ré 03
= 0 204(A3 — R3ST'RIAT'RISTIRY) 7163
<1 (5.135)
Comparing conditions (5.134) and (5.135) gives (cf. Theorem 5.7)
0205 AT 03 < 07204 (As — RsST R AT RISTIR,) 105 (5.136)

0720, (RySTIR) TSy = 0—2(0,55,)(

Summarizing our results leads us to the following.
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Theorem 5.16 (Toutenburg, 1989b) Suppose that the restrictions (5.128)
hold true. Then we have these results:

(a) The biased linearly restricted estimator b ( gl
3
the unbiased RLSE b(R1) if and only if b < gl > is MDE-better than
3
b, that is, if condition (5.135) holds.

) is MDE-better than

(b) Suppose that A (b ( gl ) ,b(R1)> > 0; then necessarily
3

A(b(Rs),b) > 0.

Interpretation: Adding an exact restriction r1 = R0 to the model y =
X B4¢€in any case leads to an increase in efficiency compared with the OLSE
b. Stepwise adding of another restriction rs — R33 = d3 will further improve
the efficiency in the sense of the MDE criterion if and only if the condition
(5.135) holds. If the condition (5.135) is fulfilled, then necessarily the biased
estimator b(R3) has to be MDE-superior to b. This fact is necessary but
not sufficient.

Remark: The difference of the dispersion matrices of b(R;) and b < gl >
3

is nonnegative definite (cf. Theorem 5.2).
Using P = (I,0), we may write the matrix F' from (5.51) as

(1) (oo (1)) o

1 -1 1
A3 ( 40 )A;. (5.137)

Thus we arrive at the following interesting relationship:

V (b(R))) — V <b( g; ))

= 028 LRLA; 2 (I — F)A; ? RyS™
=025 'RbA; Ry ST — 02 STIRI AT TR ST

- [V(b) -V (b( g;, ))} = [V() =V (b(R1))],  (5.138)

which may be interpreted as follows: A decrease in variance by using the
restrictions 1 = R0 and r3 = R in comparison to V(b) equals a decrease
in variance by using 7 = R10 in comparison to V(b) plus a decrease in
variance by using r3 = R3/3 in comparison to V (b(Rl)).
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Let us now apply Theorem A.19 to the partitioned matrix A, using the
notation
U = R3—R3ST'RIAT'R,
= R3S 2(Ix — S *R|AT'R1S™2)S> . (5.139)
We see that the matrix S’éR'lAl_lRlS’é is idempotent of rank J;. Then
(cf. Theorem A.61 (vi)) the matrix Ix — S~2 R{ AT RS~ 2 is idempotent
of rank K — J;. To show rank(U) = Js, we note that J3 < K — Ji, that is,

J1 + J3 < K is a necessary condition.
Let us use the abbreviation

7 =As— R3ST'RIAT'RSTIR, (5.140)
J3x J3

so that Z is regular. Now we exchange the submatrices in the matrix As,
call this matrix As, and apply Albert’s theorem (A.74) to As:

A o R5571R3 R5571R1 _ As R5571R1
*“\R\S7'Rs R\S7'Ry ) \ RiS'Rs A ’

which shows that Ay > 0 is equivalent to Z > 0 (see Theorem A.74 (ii)(b)).
By straightforward calculation, we get

V(b(R1))) -V <b( g; )> = o’ST'\U'z7'us,

()

from which the following difference of the MDE matrices becomes n.n.d.,
that is,

—SU'Z7 16,

A (b(Rl),b ( gl )) = STWIZ7 5[0 — Z726304,2' 722" 2 US> 0
3
(5.141)
when rank(U) = J5 if and only if (cf. (5.135))
AN=0"282"153 <1 (5.142)

(see also Theorem 5.7).

Thus we have found an explicit presentation of the necessary and suf-
ficient condition (5.124). This result is based on the special structure of
the restrictions (5.128). A test of hypothesis for condition (5.135) can be
conducted employing the test statistic

(7’3 — Rgb)lzil(’f'g — Rgb)
J352
where A is the parameter defined by (5.142). The decision rule is as follows:

do not reject Ho: A < 1if FF < Fy, 7_k(1),
reject HO: A<Z1if F > E]g,T*K(l)

F= ~ Fryr-x(N), (5.143)
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Note: Based on this decision rule, we may define a so-called pretest
estimator

R .
b*: b( R; ) lfFSFJ&T,K()\),
b(Rl) if > FJ37T_K()\) .

The MDE matrix of this estimator is not of a simple structure. The theory
of pretest estimators is discussed in full detail in Judge and Bock (1978).
Applications of pretest procedures to problems of model choice are given in
Trenkler and Pordzik (1988) and Trenkler and Toutenburg (1992). Dube,
Srivastava, Toutenburg and Wijekoon (1991) discuss model choice problems
under linear restrictions by using Stein-type estimators.

5.9 Stein-Rule Estimators under Exact
Restrictions

The Stein-rule estimator of 3

A (y — Xb)'(y — Xb)

bs=1|1-¢ ¥ X' Xb b (5.144)
is derived without using the prior information where b = (X’ X)~1 X’y and
¢ > 0 is the non-stochastic characterizing scalar. It does not satisfy the
restrictions, i.e., Rbg # r. The philosophy behind the restricted regres-
sion and Stein-rule estimation was combined by Srivastava and Srivastava
(1984) and they proposed two families of estimators of 8 which satisfy the
exact restrictions. The two families are

Brs = bs+ (X'X)'R[R(X'X)"'R) " (r — Rbs) (5.145)
_ (y — Xb)'(y — Xb) s
= b(R) - XX 0X'Xb (5.146)
and
Bsr = |Ix — A )b((b];?);,()y(b_( gb(R)) OX'X | b(R) (5.147)
where
0=XX)"'-(X'X)T'RIRX'X) 'R R(X'X) L. (5.148)

Since Rb(R) = r and RO = 0, it follows that R3rs = r and RAsgr = r,
i.e., BRS and ﬁs r satisfy the exact restrictions, see Srivastava and Srivas-
tava (1984) for more details where the properties of (5.145)—(5.147) are
derived using the small disturbance theory due to Kadane (1971).
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5.10 Stochastic Linear Restrictions

5.10.1 Mized Estimator

In many models of practical interest, in addition to the sample information
of the matrix (y, X ), supplementary information is available that often may
be expressed (or, at least, approximated) by a linear stochastic restriction
of the type

r=RE+¢, ¢~ (0,0°V), (5.149)

where r: J x 1, R: J x K, rank(R) = J, and R and V may be assumed to
be known. Let us at first suppose V' > 0 and, hence, is regular. The vector
r may be interpreted as a random variable with expectation E(r) = Rf.
Therefore the restriction (5.149) does not hold exactly except in the mean.
We assume 7 to be known (i.e., to be a realized value of the random vector)
so that all the expectations are conditional on r as, for example, E(B 7).
In the following we do not mention this separately. Examples for linear
stochastic restrictions of type (5.149) are unbiased preestimates of 8 from
models with smaller sample size or from comparable designs. As an example
of practical interest, we may mention the imputation of missing values by
unbiased estimates (such as sample means). This problem will be discussed
in more detail in Chapter 8.

Durbin (1953) was one of the first who used sample and auxiliary
information simultaneously, by developing a stepwise estimator for the
parameters. Theil and Goldberger (1961) and Theil (1963) introduced
the mized estimation technique by unifying the sample and the prior
information (5.149) in a common model

()-(D) () o

An essential assumption is to suppose that both random errors are
uncorrelated:

E(e¢') =0. (5.151)

This assumption underlines the external character of the auxiliary infor-
mation. In contrast to the preceding parts of Chapter 5, we now assume
the generalized regression model, that is, E(ee’) = o?W. With (5.151) the
matrix of variance-covariance becomes

E(;)(E,(b)/:O'Q(V(;/ 3) (5.152)

Calling the augmented matrices and vectors in the mixed model (5.150) ¢,
X, and €, that is,

y<§{> X()}g) e<;) (5.153)
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we may write

j=XB+¢ e~ (0,0°W), (5.154)
where
. W 0
W( 0 V)>0. (5.155)

Asrank(X) = rank(X) = K holds, model (5.154) is seen to be a generalized
linear model. Therefore, we may apply Theorem 4.4 (using the notation
S =X'WtX).

Theorem 5.17 In the mixzed model (5.150) the best linear unbiased estimator

of B is

B(R) = (S+RVTI'RHX'W ly+RV™'r)  (5.156)
= b+S'R(V+RSR) ' (r—Rb), (5.157)

and B3(R) has the dispersion matriz
V (B(R)) = 0*(S+ RV~'R)~.. (5.158)
The estimator 3(R) is called the mized estimator for (3.

Proof: Straightforward application of Theorem 4.4 to model (5.154) gives
the GLSE of 3:

ﬂ — (Xlwle)fl)Zlelg
= (XWX +RVIR)YX'Wly+RV~1r). (5.159)

Again using the notation S = X’W~1X and applying Theorem A.18 (iii),
we get

(S+RVIR)' =51 S'R(V+RS'R) RS (5.160)

If we insert this formula in relationship (5.156), then identity (5.157)
follows.

Note: The relationship (5.157) yields a representation of the mixed estima-
tor as the GLSE b plus a linear term adjusting b such that E (b(R)) = Rj
holds. The form (5.157) was first derived in the paper of Toutenburg (1975a)
in connection with optimal prediction under stochastic restrictions with
rank(V) < J (see also Schaffrin, 1987). In contrast to (5.156), presentation
(5.157) no longer requires regularity of the dispersion matrix V. There-
fore, formula (5.157) allows the simultaneous use of exact and stochastic
restrictions. In particular, we have the following convergence result:

Jim B(R) = b(R), (5.161)

where b(R) is the RLSE (5.11) under the exact restriction r = Rf.
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Comparison of 3(R) and the GLSE

The mixed estimator is unbiased and has a smaller dispersion matrix than
GLSE b in the sense that

V() -V (B(R)) =o®ST'R'(V+RST'R)'RS™' >0 (5.162)

(cf. (5.158) and (5.160)). This gain in efficiency is apparently independent
of whether E(r) = R holds.

5.10.2  Assumptions about the Dispersion Matrix

In model (5.151), we have assumed the structure of the dispersion matrix
of ¢ as E(¢p¢’) = 02V, that is, with the same factor of proportionality o2
as that occurring in the sample model. But in practice it may happen that
this is not the adequate parametrization. Therefore, it may sometimes be
more realistic to suppose that E(¢¢’) = V, with the consequence that the
mixed estimator involves the unknown o?:

B(R,0?) = (0" 2S+ RV 'R o2 X'Wly+ RV~'r).  (5.163)

There are some proposals to overcome this problem:

Using the Sample Variance s? to Estimate o2 in 3(R, 02)

One possibility is to estimate o2 by s, as proposed by Theil (1963). The
resulting estimator B(R,SZ) is no longer unbiased in general. If certain
conditions hold (s72 — ¢=2 = O(T~2) in probability), then B(R,s?) is
asymptotically unbiased and has asymptotically the same dispersion ma-
trix as B(R, o?). Properties of this estimator have been analyzed by Giles
and Srivastava (1991); Kakwani (1968, 1974); Mehta and Swamy (1970);
Nagar and Kakwani (1964); Srivastava and Chandra (1985); Srivastava and
Upadhyaha (1975); and Swamy and Mehta (1969) to cite a few.

Using a Constant

Theil (1963), Hartung (1978), Terésvirta and Toutenburg (1980), and
Toutenburg (1982, pp. 53-60) have investigated an estimator B (R, c), where
c is a nonstochastic constant that has to be chosen such that the unbiased
estimator (R, ¢) has a smaller covariance matrix than the GLSE b.

With the notation M, = (¢S + R'V~IR), we get

B(R,c) = M Y cX'Wly+RV~'r), (5.164)
V (B(R,c)) = M7 (Po*S+RV'R)M . (5.165)
If we define the matrix

B(c,0%) = 0?S™  + (2co? = 1)(RV'R) Y, (5.166)
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then the difference of the dispersion matrices becomes n.n.d., that is,
Ale) = V(b) =V (B(R,¢))
= MY (RV'R)B(c,c®)(RV'RIM; ' >0 (5.167)
if and only if B(c,0?) >0 as M;! >0 and (R'V~'R) > 0.

We now discuss two possibilities.

Case (a): With B(0,0%) = 02571 — (R'V7IR)~! < 0 (negative definite),
B(072/2,0%) = 625! (positive definite), and a'B(c,0%)a (a # 0 a fixed
K-vector) being a continuous function of ¢, there exists a critical value
¢o(a) such that

a'B(co(a),0?)a

= 0, 0<cpla)< 5072,
a'B(c,0%)a > 0, forc> co(a). (5.168)
Solving a’B(co(a),0?)a = 0 for cy(a) gives the critical value as
lsfl
cola) = (20%) @o (5.169)

20/ (R'V-1R)"la’

which clearly is unknown as a function of o2.
Using prior information on ¢ helps to remove this difficulty.

Theorem 5.18 Suppose that we are given a lower and an upper bound for
o? such that

(i) 0 < 0} < 0? < 03 < o0, and
(ii) B(0,03) < 0 is negative definite.

Then the family of estimators /3’(R7 ¢) having a smaller dispersion matriz

than the GLSE b is specified by F. = {B(R, ¢):c>ar%}.

Proof: From B(0,03) < 0 it follows that B(0,02) < 0 too. Now, oy 2 >
1072 and thus 07° > co(a) is fulfilled (cf. (5.169)), that is, A(c) > 0 for
c>oy 2,
Case (b): B(0,0?) is nonnegative definite. Then B(c,0?) > 0, and there-
fore A(c) > 0 for all ¢ > 0. To examine the condition B(0,02) > 0, we
assume a lower bound 0 < o} < ¢? with B(0,07) > 0. Therefore, the
corresponding family of estimators is F. = {B(R, ¢):c>0}.

Summarizing, we may state that prior information about o2 in the form
of 0 < 0 < 03 in any case will make it possible to find a constant ¢ such
that the estimator B(R7 ¢) has a smaller variance compared to b in the sense
that A(c) > 0 (cf. (5.167)).
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Measuring the Gain in Efficiency

The fact that A(c) is nonnegative definite is qualitative. In order to quantify
the gain in efficiency by using the estimator B(R, ¢) instead of the GLSE b,
we define a scalar measure. We choose the risk Ry ((, 3, A) from (4.4) and
specify A = S = X'W~1X. Then the measure for the gain in efficiency is
defined by

Rl(bv 75) - Rl(ﬂ(Ra C)? 75)

o(e) = Ri(b,-, S) (5.170)
tr{SA(c)}

= 171
ol (5.171)

since
Ri(b,-,8) = oc*tr{SS™'} = 0K .

In any case, we have 0 < §(c) < 1. Suppose ¢ to be a suitable choice for =2
in the sense that approximately co? = 1 and, therefore, V (ﬁ(R, c)) ~ ML

Then we get

tr{SM !
dc) =~ 1- {02K '
. tr(S(S+ ¢ 'R'V-IR)™!)
B co’K
—1pry—1py-1
~ 1 tr{S(S +¢ KR V-iRr)—1} . (5.172)

The closer §(c) is to 1, the more important the auxiliary information
becomes. The closer d(c) is to 0, the less important is its influence on the
estimator compared with the sample information. This balance has led
Theil (1963) to the definition of the so-called posterior precision of both
types of information:

1
A(c,sample) = K tr{S(S+c 'RVIR)™1,
I ; 1 —1 pry—1 —1 pryr—1py—1
A(c, prior information) = X tr{c T "R'VT'R(S+c¢ "R'V'R)™"},
with
A(c, sample) + A(¢, prior information) = 1. (5.173)

In the following, we shall confine ourselves to stochastic variables ¢ such
that E(¢¢’) = o2V.
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5.10.8 Biased Stochastic Restrictions

Analogous to Section 5.5, we assume that E(r) — R = 6 with 6 # 0. Then
the stochastic restriction (5.151) becomes

r=RB+5+¢, &~ (0,0%V). (5.174)

Examples for this type of prior information are given in Terdsvirta (1979a)
for the so-called one-input distributed lag model, and in Hill and Ziemer
(1983) and in Toutenburg (1989b) for models with incomplete design ma-
trices that are filled up by imputation. If assumption (5.174) holds, the
mixed estimator (5.157) becomes biased:

E(B(R)) =B+ S 'R (V+RS'R) 6. (5.175)

MDE-I Superiority of 3(R) over b
Denoting the difference of the covariance matrices by D, we get:
V(b) -V (B(R)) D
= o?ST'RI(V4+RST'R)"'RS™' >0, (5.176)
Bias(3(R),8) = S™'R'(V+RS™'R)"'§
= Dd, (5.177)

with
d=SR"6¢™? and R"™=R/(RR)™'. (5.178)

Therefore, Bias(3(R), 5) € R(D) and we may apply Theorem 5.6.

Theorem 5.19 The biased estimator B(R) is MDE-I-superior over the GLSE
b if and only if

A=0"2(V+RS'R)'6<1. (5.179)

If € and ¢ are independently normally distributed, then X is the noncentra-
lity parameter of the statistic

1
F= =RV + RS™'R)™'(r — Rb), (5.180)
S

which follows a noncentral FJ,T_K()\)-distm'bution under Hy: A < 1.
Remark: Comparing conditions (5.179) and (5.65) for the MDE-I superi-

ority of the mixed estimator B(R) and the RLSE b(R), respectively, over
the LSE b, we see from the fact

(RS'R)™ = (V+RS'R)™' >0

that condition (5.179) is weaker than condition (5.65). Therefore, introduc-
ing a stochastic term ¢ in the restriction r = R leads to an increase of the
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region of parameters, ensuring the estimator based on auxiliary information
to be better than b.

Let us now discuss the converse problem; that is, we want to derive the
parameter conditions under which the GLSE b becomes MDE-I-superior

over 3(R).

MDE-I Superiority of b over B(R)
The following difference of the MDE matrices is nonnegative definite:
A(B(R),b) = M(B(R). )~ V(b)
—0*S7'R(V + RST'R)"'RS™!
+ Bias(3(R), 8) Bias(B(R),3) >0  (5.181)
if and only if (see Theorem A.46)
—I;+(V+RS'R)"260'(V+RS™'R)™2 > 0. (5.182)

According to Theorem A.59, this matrix is never nonnegative definite if
J > 2. For J =1, the restriction becomes

574 ~ 2
17“1—1]7%}( O+ 1(§1 + 1?1, ¢~ (0,0 117)1) . (5.183)

)

Then for the matrix (5.182), we have
—1+0*w+RSTR) >0
if and only if

52
A= >1. 5.184
(v+ R'S-IR) ~ (5.184)
The following theorem summarizes our findings.

Theorem 5.20 The biased estimator 3(R) is MDE-I-superior over the GLSE
b if and only if (cf. (5.179))

A=0"20(V+RS'R) 6 <1.
Conversely, b is MDE-I-better than ((R)

(i) for J=1if and only if \ > 1, and
(i) for J > 2 in no case.

Interpretation: Suppose that J = 1; then the region of parameters A is
divided in two disjoint subregions {\ < 1} and {\ > 1}, respectively, such
that in each subregion one of the estimators B(R) and b is superior to the
other. For A = 1, both estimators become equivalent. For J > 2, there
exists a region (A < 1) where 3(R) is better than b, but there exists no
region where b is better than G(R).

This theorem holds analogously for the restricted LSE b(R) (use V = 0
in the proof).
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MDE-II Superiority of B(R) over b

We want to extend the conditions of acceptance of the biased mixed
estimator by employing the weaker MDE criteria of Section 5.5.

According to Definition 5.3, the mixed estimator 3(R) is MDE-II-better
than the GLSE b if

tr{A®, B(R)} = r{V(b) - V(B(R)} — Bias(3(R), 8)' Bias(3(R), ﬂ)( >0 :
5.185
Applying (5.176) and (5.177) and using the notation

A=V +RS'R, (5.186)
(5.185) is found to be equivalent to
QW) =020AT'RSTISTIRIAT S < tr(ST'R'AT'RS™Y).  (5.187)

This condition is not testable in the sense that there does not exist a statis-
tic having Q(9) as noncentrality parameter. Based on an idea of Wallace
(1972) we search for a condition that is sufficient for (5.187) to hold. Let
us assume that there is a symmetric K x K-matrix G such that

o2 ATIRSTIGSTIR' AT =072 AT = ). (5.188)
Such a matrix is given by
G=S+SRt'VR''S, (5.189)
where R™ = R'(RR’)™! (Theorem A.66 (vi)). Then we get the identity
RST'GST'R = A.
By Theorem A.44, we have
02§’ AT'RSTIGSTIR'AT6 A

Amin(G) < Q) = 00) (5.190)
or, equivalently,
Q(6) < A (5.191)
Amin(G)
Therefore, we may state that
A < Amin(G) tr(STIR(V 4+ RSTIR)TIRS™) = )y, (5.192)

for instance, is sufficient for condition (5.187) to hold. Moreover, condi-
tion (5.192) is testable. Under Hp: A < Ag, the statistic F (5.180) has an
Fjr_k(A2)-distribution.

Remark: In the case of exact linear restrictions, we have V = 0 and hence
G = S. For W = I, condition (5.192) will coincide with condition (5.70)
for the MDE-IT superiority of the RLSE b(R) to b.
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MDE-III Comparison of 3(R) and b

According to Definition 5.4 (cf. (5.71)), the estimator 3(R) is MDE-III-
better than b if (with A from (5.186))

tr {SA(b,B(R))}02 tr{A"'RSIR} — ¥ AT'RSTIR' A6 > 0 (5.193)
or, equivalently, if

o 28 AT'RSTIR'ATYS < T —tr(ATY)

J
J=> ([1+x)""
j=1

= ) N+ (5.194)

where A\; > ... > A; > 0 are the eigenvalues of V"2 RS™IR'V 2.
This may be shown as follows:

tr(A”'V) = tr(V2A"'V2)  [Theorem A.13]
= tr ((V_éAV_é)_l) [Theorem A.18]
= tr(([+V :RST'RV )7}
= tr(+AM)7") [Theorem A.27 (v)]
J

= Z(l + )7t [Theorem A.27 (iii)].

j=1
The left-hand side of (5.194) may be bounded by A from (5.179):
o2 ATYRSTIR +V — V)AL
=0 2AT S — 0T ATIV AT
<o AT = (5.195)
Then the condition
A NI +N) T =, (5.196)

for instance, is sufficient for (5.193) to hold. Condition (5.196) may be
tested using F' from (5.180), since the statistic F' has an Fjyp_g(A3)-
distribution under Hy: A < 3.

Remark: From Ay > ... > Ay > 0, it follows that

J
)\] Aj )\1
J. < Too< g . 5.197

1+/\J_j;1+Aj— 1+ A (5.197)
Suppose that A\; > (J — 1)~ and J > 2, then A3 > 1 and the MDE-III

criterion indeed leads to a weaker condition than the MDE-I criterion. For
J = 1, we get )\3 :/\1/(1+)\1) < 1.
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Further problems such as
e MDE-I comparison of two biased mixed estimators
e stepwise procedures for adapting biased stochastic restrictions

are discussed in papers by Freund and Trenkler (1986), Terasvirta (1979b,
1981, 1982, 1986), and Toutenburg (1989a, 1989b).

5.11 Stein-Rule Estimators under Stochastic
Restrictions

The family of Stein-rule estimators in (5.144) do not utilize the stochas-
tic restrictions. Crafting the ideas underlying the Stein-rule estimators and
mixed regression estimator, Srivastava and Srivastava (1983) have proposed
two families of estimators of (3 which incorporate the stochastic restric-
tions in mixed regression framework with Stein-rule estimators. They have
considered the mixed regression estimator of 3 given by

B(M) = [X’X s );b)_/(? X0) R’VlR} B
X (X’y + (= );b)_/(il(i X0) R'V1r> (5.198)

which is a particular case of (5.156) with W = Ip and the Stein-rule es-
timator bg is given by (5.144). Using the philosophies behind (5.198) and
(5.144), Srivastava and Srivastava (1983) have proposed the following two
families of estimators:

z _ 7C(nyB(M))’(nyB(M)) A
Bus = [1 BOMY X X0 B(M)  (5.199)
Bsu = [X’X L v XBTS)}ZI/{_ X0s) -1

X (X'y + - XETS);(Z;(_ Xbs) R’V‘1r> (5.200)

where ¢ > 0 is a nonstochastic scalar characterizing the family of Stein-rule
estimators. See, Srivastava and Srivastava (1983) for more details on the
properties of (5.199) and (5.200). They have derived the properties of the
estimators (5.144), (5.199) and (5.200) using the small disturbance theory
due to Kadane (1971).
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5.12 Weakened Linear Restrictions

5.12.1 Weakly (R, r)-Unbiasedness

In the context of modeling and testing a linear relationship, it may happen
that some auxiliary information is available, such as prior estimates, natural
restrictions on the parameters (8; < 0, etc.), analysis of submodels, or
estimates by experts. A very popular and flexible approach is to incorporate
auxiliary information in the form of a linear stochastic restriction (r : J x 1,

R:JxK)
r=RB+¢, ¢~ (0,V). (5.201)

However, this information heavily depends on the knowledge of the dis-
persion matrix V' of ¢. In statistical practice, unfortunately, the matrix V
is rarely known, and consequently 5(R) cannot be computed. Nevertheless,
we should still be interested in extracting the remaining applicable part of
the information contained in (5.201). In the following, we may look for a
concept that leads to the use of the auxiliary information (5.201). Note
that (5.201) implies

E(r) = RG. (5.202)
In order to take the information (5.201) into account while constructing
estimators (3 for 3, we require that

E(RB|r) =r. (5.203)
Definition 5.21 An estimator B for B is said to be weakly (R,r)-unbiased
with respect to the stochastic linear restriction r = R+ ¢ if E(RS|r) =r.

This definition was first introduced by Toutenburg, Trenkler and Liski
(1992).

5.12.2  Optimal Weakly (R, r)-Unbiased Estimators
Heterogeneous Estimator

First we choose a linear heterogeneous function for the estimator, that
is, = Cy + d. Then the requirement of weakly (R,r)-unbiasedness is
equivalent to

E(RB) = RCXB+ Rd=r. (5.204)

If we use the risk function R (B,ﬁ,A) from (4.40) where A > 0, we have
to consider the following optimization problem:

. 3 _ ’ _ — .
min (Ry(3, 6, 4) ~ 2V/(RCXP + Rd — 1)} = min o(C.d.\)  (5.205)

where X is a J-vector of Lagrangian multipliers.
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Differentiating the function g(C,d, \) with respect to C, d, and A gives
the first-order equations for an optimum (Theorems A.91, A.92)

1
) gg = Ad+A(CX-1)B—RX=0, (5.206)
; gg = ACXPBX' — ABBX' + AdB' X'
+0?ACW — RN X' =0. (5.207)
199 B
yon = ROXB+Rd—r=0. (5.208)
Solving (5.206) for Ad gives
Ad=—A(CX — )3+ R'\ (5.209)

and inserting in (5.207) yields
d?ACW =0.

As A and W are positive definite, we conclude C' = 0. Now using (5.208)
again, we obtain

d=p+A'R). (5.210)
Premultiplying (5.207) by R, we get
Rd=r=RB+ (RAT'R)\,
from which we find
A= (RA™'R)"'(r — R3)
and (cf. (5.210))
d=p+A'R(RAT'R)™ (r — RB).
The following theorem summarizes our findings.

Theorem 5.22 In the regression model y = X3 + €, the heterogeneous R;-
optimal weakly (R, r)-unbiased estimator for [ is given by

Bi(B,A) =B+ AT'R(RAT'R) " (r — RB), (5.211)
and its risk conditional on r is
Ri[B1(8, A), B, A] = (r — RB)'(RA™'R') ™" (r — RB). (5.212)
Interpretation:

(i) Bl(ﬁ, A) is the sum of the R;-optimal heterogeneous estimator G =4
and a correction term adjusting for the weakly (R, r)-unbiasedness:

E[RB (3, A)] = RB+ (RAT'R)(RA'R) " (r — RB) =r. (5.213)
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(ii) The estimator Bl(ﬂ, A) depends on the unknown parameter vector 3
and thus is not of direct use. However, if 3 is replaced by an unbiased
estimator 3, the resulting feasible estimator B(B, A) becomes weakly
(R, r)-unbiased:

E[RA1 (3, A)] = RE(G) + (RA™R)(RA'R) " (r — RE (7)) = r.

(5.214)
Although Bl(ﬂ,A) involves the unknown (3, it characterizes the
structure of operational estimators being weakly (R, r)-unbiased and
indicates that this class of estimators may have better statistical
properties.

(i) Since Ry (0, B8, A) is a convex function of C, our solution d = (1 (3, A)
from (5.211) yields a minimum.

(iv) Formula (5.212) for the minimal risk is an easy consequence of (4.40)
and (5.211).

(v) As B (8, A) explicitly depends on the weight matrix A, variation with
respect to A defines a new class of estimators. Hence, the matrix
A may be interpreted to be an additional parameter. For instance,
let 3 be replaced by the OLSE by = (X’X)~!X’y. Then the choice
A = X'X = S results in the restricted LSE b(R) (cf. (5.11))

B1(b,S) =b+ STLR'(RS™'R')"*(r — Rb).

Homogeneous Estimator

If 3 = Cy, then the requirement of weakly (R, r)-unbiasedness is equivalent
to

RCXB=r. (5.215)

If we set d = 0 in (5.205) and differentiate, we obtain the following first-
order equations for an optimum:

1 0g
= ACB - AB8' X' —RNFX =0 5.216
oo 93 FX =0, (5216)
1 0g
9 9 RCXB—-r=0, (5.217)
where the matrix B is defined as
B=X30'X"+o*W. (5.218)

Obviously B is positive definite and its inverse is (cf. Theorem A.18, (iv))
Wleﬂﬂ/X/W—l >

o+ FXW-1X3 (5.219)

371 — 0_72 <W1 -

Solving (5.216) for C yields
C=p3X'B'+A'RNFX' B (5.220)
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Combining this with equation (5.217)
RCXpB=r=[R3+ (RAT'R)N]a(B) (5.221)
leads to the optimal A, which is

N = (RAT'R)! (a(rﬁ) - Rﬂ) , (5.222)

where a(f) is defined in (4.22). Inserting A in (5.220), we obtain the solution
for C as

C=p8X'B '+ A 'R(RAT'R)™ ([a(B)]'r — RB) B'X'B~". (5.223)

Summarizing our derivations, we may state that the R;-optimal
homogeneous, weakly (R, r)-unbiased estimator is

Ba(B, A) = Baly) + AT'R'(RAT'R))™! (a(rﬂ) _ Rg) aly), (5.224)
where
_ alyIp—1, _ ﬁlX/W?ly
aly) = X'B ly =", 98 (5.225)

is used for abbreviation (cf. (4.19)—(4.22)).

It should be emphasized that 8, = Ba(y) is the Ry-optimal homogeneous
estimator for 8 (cf. (4.21)).

With E (a(y)) = «(3), we see that B2(3, A) is weakly (R, r)-unbiased:

BIRG(8,4)) = RBa(B) +  (p a(5) ~ Rba(®) =r.  (5.226)
With respect to 3, this estimator is biased:
Bias[(3, A), 8] = B(a(B) — 1) + za(B) , (5.227)
where
—A'R(RAT'R) |, " —Rp). 5.228
: ( ) <(a ) 5) (5.228)
Obviously, the dispersion matrix is
A _ A ’ 0204(5) ’ 0204(/6’)
V(B2(8, 4) = V() + 22, st B s (5.229)
with V(Bg) from (4.25). This implies that the MDE matrix of s (8,A) is
M(B2(8, 4), 8) = M(B2, B) + z2'a(), (5.230)

where M(Bg, () is the mean dispersion error matrix from (4.26). Obviously,
we have

A(B2(B, A), B2) = z2'a(B) > 0. (5.231)
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Theorem 5.23 The Rji-optimal, homogeneous, weakly (R,r)-unbiased es-
timator for [ is given by B2(8,A) (5.224). This estimator has the
Ry -risk

Ri(B2(8, A), B, A) = R1(f2, 8, A)

+a(8) (a(rﬁ) - Rﬂ)' (RA”R’)A (ag"m - RA), (5.232)

where Rl(Bg,ﬂ, A) =tr (A M(Bg,ﬂ)) is the Ry-risk of Bo (4.21).

5.12.83 Feasible Estimators—Optimal Substitution of (3

mn ﬁl (ﬂu A)
From the relationship (5.214), we know that any substitution of 8 by an
unbiased estimator (3 leaves (5, (5, A) weakly (R, r)-unbiased. To identify an
estimator 3 such that the feasible version (;(8, A) is optimal with respect
to the quadratic risk, we confine ourselves to well-defined classes of esti-
mators. Let us demonstrate this for the class {8 = Cy|CX = I} of linear

homogeneous estimators.
With the notation

A=AT'R(RAT'R)™!, (5.233)
we obtain
B1(Cy, A) = Cy + A(r — Cy), (5.234)
which is unbiased for 3:
E(61(Cy, A)) = CXB+ A(r — RCXB) = 3 (5.235)

and has the dispersion matrix

V (6:(Cy, A)) = o*(I — AR)CWC'(I — AR)'. (5.236)
Furthermore, the matrix
Q=1-A2R(RA'R)"'RA 2, (5.237)
is idempotent of rank K — J, and it is readily seen that
(I — R'A"YA(I — AR) = A2QA>. (5.238)

Let A = (A1,...,Ax) denote a K x K-matrix of K-vectors A; of Lagran-
gian multipliers. Then the R;-optimal, unbiased version 8 = Cy of the
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estimator /3’(/3’, A) is the solution to the following optimization problem

K
tin { tr[AV (51(Cy, A))] - 2; N(CX — U(i)}

K
= min{o?tr[A2QA2CWC'] -2 N(CX — 1)
nin {0 [43Q =23 o}

= ming(C,A). (5.239)
C,A

Differentiating with respect to C' and A, respectively, gives the necessary
conditions for a minimum:

199(C, M)

N — A2QA:2CW —AX' =0 5.240
2 9C @ ( )
10g(C,A) - B
5 oA = CX-I=0. (5.241)

Postmultiplying (5.240) by W~1X and using (5.241) give
A=A42QA287" (5.242)
and consequently from (5.240)
A2QA2[C — STIX'W =0. (5.243)
The principal solution of (5.243) is then given by
C.=85"'x'w! (5.244)
with the corresponding estimator 3 = b being the GLSE, and
B1(Cuy, A) = b+ A R'(RA™'R")~'(r — Rb). (5.245)

An interesting special case is to choose A = S, transforming the risk
Ryi(5,0,5) to the Rg-risk (cf. (4.6)). Hence we may state the following
theorem, by using the convexity argument again.

Theorem 5.24 Let (3,(Cy, S) be the class of weakly (R, r)-unbiased estima-
tors with B = C'y being an unbiased estimator for B. Then in this class the
estimator [ (b, A) minimizes the risk Rl(B,ﬁ,A). Choosing A = S then
makes the optimal estimator Bl(b, S) equal to the restricted least-squares
estimator

b(R)=b+ S 'R'(RST'R')"'(r — Rb), (5.246)
which is Rs-optimal.

Remark: To get feasible weakly (R,r)-unbiased estimators, one may use
the idea of incorporating a prior guess for 5 (cf. Toutenburg et al., 1992).
Alternatively, in Chapter 8 we shall discuss the method of weighted mixed
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regression, which values sample information more highly than auxiliary
information.

5.12.4 RLSE instead of the Mixed Estimator

The correct prior information (5.142) is operational if the dispersion matrix
V' is known. If V' is unknown, we may use the methods of Section 5.10.2 to
estimate V.

An alternative idea would be to use the restricted least-squares estimator
b(R), which may be interpreted as a misspecified mixed estimator mistak-
enly using dispersion matrix V,,, = 0 instead of V. To highlight this fact,
we use the notation

b(R) = b(R, V) =b+ S 'R (RST'R +V,,,) "' (r — RD). (5.247)
With respect to the correct specification of the stochastic restriction
T:Rﬂ+¢a ¢N(O,V),
the estimator b(R, V) is unbiased for g:
E (b(R, Vi) =03 (5.248)
but has the covariance matrix

\% (b(R, Vm)) =V (b(R)) +0?S'R(RST'RY'WV(RS™'R)"'RS™!

(5.249)
where V (b(R)) is the covariance matrix of the RLSE from (5.13).
Because of the unbiasedness of the competing estimators b(R, V;,,) and

B(R), the MDE comparison is reduced to the comparison of their covariance
matrices. Letting

A=ST'R(RST'R)"'V>, (5.250)

we get the following expression for the difference of the covariance matrices:
A(b(R, Vin), B(R)) = 02 A[l — (I + V2 (RS™'R)™'V2)" 14" (5.251)
Based on the optimality of the mixed estimator B(R)7 it is seen that the
estimator b(R, V;,,) has to be less efficient; that is, in any case it holds that
A(b(R, Vi), B(R)) > 0. (5.252)

Since V is unknown, we cannot estimate the extent of this loss.
Comparing the estimators b(R,V;,) and the GLSE b, the misspecified
estimator b(R, V,,) is MDE-superior to b if

A(b,b(R, V) = 0?A[V 2 RST'R'V "2 — I]JA' > 0 (5.253)
or, equivalently, if
Amin(V 2RST'R'V™2) > 1.

Again this condition is not operational because V' is unknown in this set-up.
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5.13 Exercises

Ezxercise 1. Assuming that £k = Ri01 + Re(2 with R; as a nonsingular
matrix, show that the restricted regression estimator of G in the model
y = X101 + X205 is equal to the least-squares estimator of B3 in the model
(y — X1R7 k) = (X2 — X1 R R2) B2 + ¢

Exzxercise 2. Compare the least-squares and restricted least squares estima-
tors with respect to the risk under a general quadratic loss function defined

(/6’ B8) Q(ﬂ () for any estimator 3 of 3 where Q is a nonsingular
matmx with nonstochastic elements.

Ezercise 3. Consider the estimation of 5 by 6 b(R) with 6 as a scalar and
b(R) as the restricted least-squares estimator. Determine the value of 6 that
minimizes the trace of mean dispersion error matrix of 6 b(R). Comment
on the utility of the estimator thus obtained.

FEzercise 4. Find an unbiased estimator of o based on residuals obtained
from restricted least-squares estimation.

Exzxercise 5. Obtain an estimator of 3 in the bivariate model y; = a+Bx;+¢€;
with E(e;) = 0 and E(¢?) = 02 (known) for all ¢ when an unbiased estimate
bo with standard error oc is available from some extraneous source. Find
the variance of this estimator and examine its efficiency with respect to the
conventional unbiased estimator.

FEzercise 6. Consider the model y = al + X5 + ¢ with E(e) = 0, E(e€’) =
021, and 1 denoting a column vector having all elements unity. Find the
mixed estimator of & when k = RS + v with E(v) =0 and E(vv') =V is
available and o2 is known. What are its properties?

Ezercise 7. Show that the least-squares estimator ignoring the stochastic
linear restrictions has the same asymptotic properties as the mixed esti-
mator. Does this kind of result carry over if we compare the asymptotic
properties of least-squares and restricted least-squares estimators?

Ezxercise 8. Formulate the inequality restrictions on the regression coeffi-
cients in the form of a set of stochastic linear restrictions and obtain the
mixed estimator assuming o2 to be known. Derive expressions for the bias
vector and mean dispersion error matrix of the estimator.

Ezercise 9. Discuss the estimation of 8 when both k1 = R{3 and ks =
Ry + v are to be utilized simultaneously.

Ezercise 10. When unbiased estimates of a set of linear combinations of the
regression coefficients are available from some extraneous source, present
a procedure for testing the compatibility of the sample and extraneous
information.
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Prediction in the Generalized
Regression Model

6.1 Introduction

The problem of prediction in linear models has been discussed in the
monograph by Bibby and Toutenburg (1977) and also in the papers by
Toutenburg (1968, 1970a, 1970b, 1970c). One of the main aims of the above
publications is to examine the conditions under which biased estimators can
lead to an improvement over conventional unbiased procedures. In the fol-
lowing, we will concentrate on recent results connected with alternative
superiority criteria.

6.2 Some Simple Linear Models

To demonstrate the development of statistical prediction in regression we
will first present some illustrative examples of linear models.

6.2.1 The Constant Mean Model

The simplest “regression” may be described by
yp=p+e @t=1,...,7),

where € = (€1, ...,e7) ~ (0,0%I) and p is a scalar constant. T denotes the
index (time) of the last observation of the random process {y;}. We assume
that a prediction of a future observation yry, is required. Extrapolation
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gives
YT4r = J+ €r4r .

One would expect to estimate yr4, by adding the estimators of p and ep4,.

The actual value of the random variable er,, cannot be predicted, as it is

uncorrelated with the past values €1, ..., er; thus we simply forecast ep,

by its expected value, that is, E(ery,) = 0. The quantity p is a constant

over time, so its estimate from the past will give a predictor for the future.
Thus we are led to the predictor

T
Jrer=T"Y =1,
t=1
which is unbiased:

E@ri-) =E@) =1 = E@r+r —yr4s) =0

and has variance

02

Var(:gT+7') = T

N 1
=  E@r4r —yrss)’ =0" <1 + T> .

The precision of the predictor, as indicated by the mean square error o (1+
T—1), will improve with an increase in the sample size T'.

6.2.2 The Linear Trend Model
If the mean p has a linear trend with time, we have the model
w=a+pt+e (t=1,...,T7),

where « is the expectation of yg, 3 is the slope, and ¢, is the added random
variation (see Figure 6.1).
If we transform ¢ to ¢t = ¢t —¢, then the predictor of any future value y# r

with T'= T — % is simply obtained by
Jrir=a+B(T+7),

where & and B are the unbiased, ordinary least-squares estimates of o and
3 (see Chapter 3):

A p_ ity —)

o =Yy, /6 = tztt£2 )

R o? . o?
var(d) = T var(f) = _ o

t=1

Due to the transformation of ¢ to ¢, & and B are independent.
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a+ gt

FIGURE 6.1. A linear trend model

Denoting the forecast error by ez, . we have
6T+T = yT+T - gT-‘rT
= la+ 8T +7) +epy,] - la+B(T +7)
= (a=&)+ (BT +7) +epy, -

Hence, E(e7,.) = 0 and the predictor 7, is unbiased. This leads to
the following expression for the mean dispersion error:

MDE(jr,,) = Blers,)?
var(&) + var(8) + o

= o° (; + (Tgfz)Q + 1) .

From this it is seen that increasing the predictor’s horizon, (i.e., 7) will
decrease the expected precision of the forecast.

2

6.2.3 Polynomial Models

The polynomial trend model of order K is of the form
yr =+ Pit + Bot® + - + Brt™ + e,
and its forecast again is based on the OLSE of «, 31,...,Bk:
Jr4r =0+ PI(T +7) + - + B (T + 1)K

Using a high-degree polynomial trend does not necessarily improve pre-
diction. In any given problem an appropriate degree of the polynomial has
to be determined (cf. Rao, 1967; Gilchrist, 1976). The examples discussed
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above are special cases of the general regression model described in the
next section.

6.3 The Prediction Model

The statistical investigations of the preceding chapters concentrated on the
problem of fitting the model

y=XB+e, e~ (0,0°W), rank(X)=K (6.1)

to a matrix of data (y,X) in an optimal manner, where optimality was
related to the choice of an estimator of 3. Another important task is to
adopt the model to not-yet-realized values of the endogenous variable y.
Henceforth we assume X to be nonstochastic.

Let {Y} denote a set of indices and y,, 7 € { Y} a set of y-values, partially
or completely unknown. A basic requirement for the prediction of y. is the
assumption that the y, follow the same model as the vector y, that is,

Yrs = 27,0+ €rs (6.2)

with the same § as in the sample model (6.1).
In matrix form, the n values yi«,...,yn« to be predicted may be
summarized in the model
Ve = Xu Bt e, e~ (0,07 W,). (6.3)
nx1l nxK nx1 nxn
The index * relates to future observations.
In a general situation, we assume that
E(eel) = 0®> Wo=0*(w1,..., w, ) #0. (6.4)
Txn Tx1
This assumption is the main source for an improvement of the prediction
compared to the classical prediction based on the corollary to the Gauss-
Markov-Aitken Theorem (Theorem 4.4). In the following we assume the
matrix X, is known. Restrictions on the rank of X, are generally not
necessary. If we have rank(X,) = K < n, then the predictors can be
improved (cf. Section 6.5).

Classical Prediction

In a classical set-up for prediction of y,, we consider the estimation of the
conditional expectation E(y.|X.) = X.5. By Theorem 4.5 we obtain for
any component x4 of X, that the best linear unbiased estimator is (p
stands for predictor)

pr=alb, (6.5)
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where b = ST X'W~1y is the Gauss-Markov-Aitken estimator of 3 from
the model (6.1), with

var(p,) = a,, V(b)Trs . (6.6)
Then the classical prediction Pejassical = Po for the whole vector y, becomes
po = X.b (6.7)

with
V(po) = X. V(b)X] (6.8)

and

V(b) = 025! with S=XW'X.

Remarks: (i) As we will see in the following sections, possible improvements
of the classical prediction in the generalized model (6.1) depend only on the
correlation of the disturbances € and ¢e,. This fundamental result is due to
Goldberger (1962). We shall use this information to derive optimal linear
predictors for ..

(ii) If X is stochastic and /or 3 becomes stochastic, then the results of this
chapter remain valid for conditional distributions (cf. Toutenburg, 1970d).

6.4 Optimal Heterogeneous Prediction

Here we shall derive some optimal predictors for the random variable y,.
This may be seen as an alternative to the classical prediction.

The prediction p of y, will be based on the sample information given
by y; that is, we choose the predictor p as a function of y, viz., p = f(y).
In view of the linearity of the models (6.1) and (6.3), and because of the
simplicity of a linear statistic, we confine ourselves to predictions that are
linear in y.

The linear heterogeneous set-up is

p=Cy+d, (6.9)

where C': n x T and d : n x 1 are nonstochastic. For the risk function, we
choose the quadratic form (A > 0)

Ra(p,y«) =E(p —y.) Alp — y.) . (6.10)

The matrix A gives different weights to errors of prediction of different
components of y,, and is at the choice of the customer.

Ezample 6.1: Suppose that ¢ is an ordered time indicator (e.g., years) such
that ¢ = 1,...,T corresponds to the sample and {Y} = (T +1,T+2,...,
T'+n) denotes the periods of forecasting. For the prediction of an economic
variable it may be reasonable to have maximum goodness of fit in the period
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T + 1 and decreasing fit in the periods T'+ 4, i = 2,...,n. The appropriate
choice of A would be:

A = diag(aq,...,a,) with a3 >--->a, >0

and
Zai =1.

If no prior weights are available, it is reasonable to choose A = I.
Using set-up (6.9), we have

P—yx = [(CX = X,)B+d] + (Ce—e.), (6.11)

and the quadratic risk becomes

Ra(p.y) = wA[CX — X)B+d|[(CX — X.)5+d
+ o2 tr[A(CWC + W, — 2CWp)]
e (6.12)

If 3 is known, the first expression u? depends only on d, and the minimiza-
tion of Ra(p,y«) with respect to C' and d may be carried out separately
for u? and v? (cf. Section 4.1). With

d=—(CX - X.)8, (6.13)

the minimum value of u? as 0 is attained. The minimization of v? with
respect to C results in the necessary condition for C' (Theorems A.91-A.95)

1 Ov?

9 90 =ACW — AW} =0. (6.14)
From this relationship we obtain the solution to our problem:
Cr=wiw! (6.15)
and
d=X.0-WW1X3. (6.16)

Theorem 6.1 If 3 is known, the Ra(p, y«)-optimal, heterogeneous prediction
of Y« 1is

p1 =X B+ WW Ly — X3) (6.17)

with
E(p1) = X.8 (6.18)

and

Ra(p1,y+) = o tr[A(W. — WW 1)) (6.19)
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Remark: py is the optimal linear prediction generally. Furthermore, p; is
unbiased for the conditional expectation X, of y..

As p; depends on the unknown parameter 3 itself, this prediction—as
well as the R;-optimal estimation Bl = (—is not operational.

Nevertheless, Theorem 6.1 yields two remarkable results: the structure
(6.17) of an optimal prediction and the lower bound (6.19) of the R4 (p, ys)-
risk in the class of linear predictors. Similar to the problems related to the
optimal linear estimator 3, = 3 (cf. Section 4.1), we have to restrict the
set of linear predictors {C'y + d}.

6.5 Optimal Homogeneous Prediction

Letting d = 0 in (6.9) and in R4(p, y«) defined in (6.12), similar to (4.14)—
(4.17), we obtain by differentiating and equating to the null matrix

10RA (pa y*)
2 oC

A solution to this is given by the matrix

= AC(XBB'X'+ o0*W) — A(c*Wy + X.08'X") = 0.

Cy = (?W) + X B XN (X BB X + o?W) L.

Applying Theorem A.18 (iv), we derive the optimal homogeneous predictor

pr=Coy =X o+ WW ' (y — X o), (6.20)
~ - B/X/W—ly . . .
where B2 = (|73 vpisp | 18 the optimal homogeneous estimator of (3
(cf. (4.21)).
Define
Z=X.-WWw1Xx. (6.21)

Then, with Ra(p1,ys) from (6.19) and M(BQ,B) from (4.26), we may
conclude that

Ra(pa,ys) = tr{AZM (3, 8)Z'} + Ra(p1,ys) - (6.22)

Hint: Because of its dependence on Bg and, hence, on ¢!, the optimal
homogeneous prediction again is not operational. Using prior information
of the form

o 2(B — Bo)'diag(c, - ,c%) (B — fo) < 1 (6.23)

may help in finding feasible operational solutions that might have a smaller
risk than ps. These investigations are given in full detail in Toutenburg
(1968, 1975b).
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Condition of Unbiasedness

To have operational solutions to our prediction problem when 3 is unknown,
we confine ourselves to the class of homogeneous unbiased predictors (cf.
arguments in Section 4.1). Letting d = 0 it follows immediately from (6.11)
that E(p) = E(y«) = X.0; that is,

E(p—y)=(CX - X,)B=0

is valid for all vectors § if and only if

CX =X,. (6.24)
Under this condition we obtain (cf. (6.12))
Ra(p,ys) = o*tr{ A(CWC’" + W, — 20Wy)} = v°. (6.25)

Therefore, we are led to the following linearly restrained optimization
problem:

C > S -2 . ’ - I
Iél’llI\lRAIél’III\l{Cf Ra(p,ys) QZAT(CX X*)T} (6.26)

=1
with (CX — X,). as the 7" column of (CX — X,) and

.
A =
K,n <1é,11’ 71)<\nl>

a matrix of Lagrangian multipliers, where each A; is a K-vector.
The optimal matrices C3 and A are solutions to the normal equations

13RA B , ;L
9 9C =ACW — AW, —AX'=0 (6.27)
and
18RA
9 OA =CX-X,=0. (6.28)

Because of the regularity of A > 0, it follows from (6.27) that
C=WW+AX'W
Using (6.28) and setting S = X'W 1 X, we obtain
CX =WW™X +AS = X,
and hence we find
A= (X, —wWyw~ix)s—L.
Combining these expressions gives the optimal matrix Cs:
Cs=WW 4+ X, ST X'W= —WyWw XS~ 1 X' W1
and, finally, the optimal predictor ps = C'g,y:
p3 = Xub+ WiW ™ (y — Xb). (6.29)
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Theorem 6.2 The R (p, y«)-optimal, homogeneous unbiased predictor of y.
is of the form ps (6.29) with b = S™'X'W~Yy, the GLSE. Using the
notation Z from (6.21), we get the risk

Ra(ps, ys) = r{AZ V() 2"} + Ra(p1,y») - (6.30)

Comparison of the Optimal Predictors
From (6.30) we may conclude that
Ra(ps.y:) = Ra(pr,ys) = w{A2ZV(0)Z'A2} 20 (6.31)
and, analogously (cf. (6.22))
Ra(p2. ) = Ra(Proye) = r{A2ZM (B, 0)2' A2} 20, (6.32)

as the matrices in brackets are nonnegative definite.
For the comparison of p3 and ps, we see that the following difference is
nonnegative definite:

Ra(bs,y) — Ra(pa,ys) = t1{A2 Z[V(b) — M($s,8)]2'A2} > 0, (6.33)

if, as a sufficient condition,

O'Qﬁﬁ/
o1 sg 20 (6.34)

But this is seen to be equivalent to the following condition

B'Sp<a®+ PS8,

V(b) — M (B, 3) = 02871 —

which trivially holds.

Corollary to Theorems 6.1 and 6.2: Consider the three classes of hetero-
geneous, homogeneous, and homogeneous unbiased linear predictors. Then
the optimal predictors of each class are py, P2, and ps, respectively, with
their risks ordered in the following manner:

RA(P1,y+) < Ra(P2,ys) < Ra(Ps, yx) - (6.35)

Convention: Analogous to the theory of estimation, we say that the best
linear unbiased predictor ps is the Gauss-Markov (GM) predictor or the
BLUP (best linear unbiased predictor) of y..

Ezample 6.2 (One-step-ahead prediction): An important special case of
prediction arises when n =1 and 7 = T + 1, that is, with the scalar model

Y = Y141 = T B+ eria, (6.36)

where ery1 ~ (0,0%w,) = (0,02). The covariance vector of € and ey is
the first column of o2Wjy (6.4):

E(eers1) = o’w. (6.37)



280 6. Prediction in the Generalized Regression Model

Then the GM predictor of y. = yr41 is (cf. (6.29)) of the form
P3 = b+ w Wy — Xb). (6.38)

As a particular case, let us assume that W is the dispersion matrix of the
first-order autoregressive process. Then we have 02 = % and the structure
of the vector w as

o7
P71
w=FE(cery) = o? ) . (6.39)
p
Postmultiplying by the matrix W= (4.104) gives
w' W=t = p(0,---,0,1) (6.40)
so that
w'Wtw = p2.

Therefore, the one-step-ahead GM predictor of y, becomes
P3 = 210+ pér. (6.41)

Here ér is the last component of the estimated residual vector y — Xb = €.
For n = 1, the (n,n)-matrix A becomes a positive scalar, which may be
fixed as 1. Then the predictor ps (6.41) has the risk

R(ps, yr41) = (@1 — prp) VOO (w141 — pry) +0* (L= p®)  (6.42)
(cf. Goldberger, 1962) .

6.6 MDE Matrix Comparisons between Optimal
and Classical Predictors

Predicting future values of the dependent variable in the generalized lin-
ear regression model is essentially based on two alternative methods: the
classical one, which estimates the expected value of the regressand to be
predicted; and the optimal one, which minimizes some quadratic risk over
a chosen class of predictors. We now present some characterizations of the
interrelationships of these two types of predictors and the involved estima-
tors of (3. These investigations are mainly based on the results derived in
Toutenburg and Trenkler (1990).

The classical predictor estimates the conditional expectation X, 3 of y.
by X. 3, where (3 is an estimator of 3. Since X, is known, classical predictors
X*B vary with respect to the chosen estimator B Hence, optimality or
superiority of classical predictors may be expected to be strongly related
to the superiority of estimators.
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Let us first give the following definition concerning the superiority of
classical predictors.

Definition 6.3 (X (-superiority) Consider two estimators B and Bs. Then
the classical predictor X.[32 of y. is said to be X, [3-superior to the predictor

X.P1if

M(X.f1, X 3) = M(X.f2, X..3) > 0. (6.43)
Using M (X, 3, X.0) = B(X.8; — X.8)(X.3; — X,8)" , we have
M(X*BI;X*ﬁ) _M(X*BQ;X*ﬁ) = X*[M(Blaﬁ) _M(BQaﬁ)]ka
= X.A(B, B) XL, (6.44)

where A(Bl, Bg) is the difference between the MDE matrices of the
estimators 3, and 5 (cf. (3.46)).

It follows that superiority of the estimator Bg over Bl implies the X, (-
superiority of the predictor X, Bg over X, Bl. Therefore, the semi-ordering
(in the Lowner sense) of estimators implies the same semi-ordering of the
corresponding classical predictors. The superiority condition for estimators,
(i.e., A(ﬁl, Bg) > 0) and that for classical predictors, (i.e., condition (6.44))
become equivalent if the (n, K)-matrix X, has full column rank K (see
Theorem A.46), which, however, may rarely be the case.

Both criteria also become equivalent in any case if we admit all matri-
ces X, in Definition 6.3, so that X, superiority reduces to the MDE-I
superiority of estimators.

If we are mainly interested in predicting the random vector y, itself,
then we should introduce an alternative mean dispersion error criterion for
a predictor p by defining the following matrix:

M(p,y) =E@—y)(p —y.)". (6.45)
Observe that
M(p,y.) =V(p—ys) + dud. (6.46)
where
d, = E(p) — X.3 (6.47)

denotes the bias of p with respect to X, 0.
On the other hand,

M(p, X..8) = V(p) + d.d, (6.48)
and since
V(p - y*) = V(p) - COV(p, y*) - COV(y*,p) + V(y*) ) (649)

we have in general

M(p,y.) # M(p, X..3) . (6.50)
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Ezxample 6.3: If p = Cy + d is a linear predictor, we have
M(p,y.) = o [CWC' —CWy — WiC' + W] +d.d,, (6.51)
M(p,X.0) = o’CWC' +d.d.,, (6.52)
where the bias of p with respect to X, is given by
d = (CX - X,)B+d. (6.53)

Definition 6.4 (y. superiority) Consider two predictors p1 and pa of y.. The
predictor ps is said to be y.-superior to p1 if

M(p1,y«) — M(p2,y<) 2 0. (6.54)

Let us now pose the question as to when X,.0 superiority implies .,
superiority, and vice versa, that is, when

M(play*) - M(P2,y*) = M(plaX*ﬂ) - M(anX*ﬂ) (655)

holds.

From (6.46) and (6.49) it becomes clear that this will be the case if
cov(p,yx) = 0. For linear predictors, this means that W} should be zero.
We may state the following result (Toutenburg and Trenkler, 1990):

Theorem 6.5 Suppose that o 2E(e €,) = Wy = 0, and let p; and pz be
two predictors. Then the following conditions are equivalent for competing
predictors:

(i) M(p1,y») — M(p2,y+) 20,
(it) M(p1, X.0) — M(p2, X.8) = 0,
(i) Ra(p1,y«) — Ra(p2,y«) >0 for all A >0,
(iv) Ra(p1, X+«B) — M(p2, X.3) >0 for all A >0,
where (cf. (6.10))

RA(pi7 X*B) = E[(pz - X*ﬁ>/A(pz - X*ﬁ)] )
Ra(piry«) = Ellpi —y)Alpi —y.)], i=12.
Now assume B to be any estimator of 3, and let

p(B) = Xuf+ WgW ™ (y — X13) (6.56)

be the predictor. With the (n, K)-matrix Z from (6.21), we get
P(B) —ye = Z(B— B) + WeW e — .. (6.57)

If § = Dy + d is a linear estimator of 3, it immediately follows that
E[(3 - B(WyW e —c.)] = DE[(dW W, —¢€)]

= * DWW W, — W)
= 0, (6.58)
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and from this (cf. (6.51)) we obtain the MDE matrix (6.45) of p(5) as
M(p(B),y.) = ZM (B, 8)Z' + 0*(W. = WgW = W). (6.59)

6.6.1 Comparison of Classical and Optimal Prediction
with Respect to the y, Superiority

Consider linear heterogeneous estimators for § given by B = Dy + d,
which are not necessarily unbiased. It might be expected that the classical
predictor

Po = X.3 (6.60)
for y. is outperformed with respect to the MDE matrix criterion (6.54) by

the predictor p(f) given in (6.56), since the latter uses more information.
This, however, does not seem always to be the case.

Let
bio = Xi[(DX — I)3 + d] (6.61)
denote the bias of Py with respect to X, 5. Then we have (cf. (6.51))
M(po,y«) = o*X.DWD'X. —o*X,.DW,
— ?WD' X, + 0* W, + baobly (6.62)
and with (6.58) and (6.59) we obtain
Mp(3),y.) = o*ZDWD'Z' —o*W[W W,
+ W, + bl (6.63)
where
ba = Z[(DX-1)+d]
= b WWIX[(DX —I)B +d] (6.64)

is the bias of p() with respect to X, /.
Introducing the notation

P = W :XDWD'X'W~2, (6.65)
G = WW:(I-P)W W, (6.66)
E = DWD'X'W™:—DW~ 2, (6.67)

we obtain the following representation for the difference of the MDE

matrices of py and p(53):

M (po,y) — M(p(B),y.) = 0°G+2X.EW 2 W,
+2WW 2 E'X!
+ baobly — barbly . (6.68)
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Now the crucial problem is to find the conditions under which the difference
(6.68) is nonnegative definite. As indicated above, it turns out that there is
no general solution to this problem. Nevertheless, we are able to find some
simplifications in some special cases.

Assume that E = 0. This condition is equivalent to the equation

DW(D'X'—1)=0, (6.69)

which is satisfied, for example, fo; the so-called guess prediction using D =
0. An important case is given by 51 = . Furthermore, we notice that (6.69)
is sufficient for P to be a projector, which implies that G > 0:

P = W :XDWD'X'W~2=W"2XDW: (use (6.69))
P2 = (W :XDW2)(W 2 XDWD'X'W~2)
= W 2XD(WD)X'W~2 (use (6.69))
=P

)

so that P is idempotent, and hence I — P is also idempotent, implying
G > 0.

Theorem 6.6 Assume that (6.69) is satisfied. Then the predictor p(3) (from
(6.56)) is y.-superior to the classical predictor po = X.0 if and only if

(1) e € R(0*G + bugbly) (6.70)
and
(ii) bl (0?G , +baobly) Tber <1 (6.71)
where the choice of the g-inverse is arbitrary.
Proof: Use Theorem A.71.
Examples:

(a) Let D = S~'X'W~' and d = 0, so that 8 = Dy = b is the GLSE.
Then it is easily seen that (6.69) is satisfied:

STIX'WWWXSIX' — 1) =0.
Since b is unbiased, both p(b) (= ps (6.29)) and po = X.b are
unbiased, and by Theorem 6.6 we get
M(X.b,y.) — M(p(b),y.) > 0. (6.72)
This result was first derived by Goldberger (1962).

(b) Consider the case where we have an additional linear restriction r =
RpB+ ¢ with rank(R) = J. Then the corresponding linearly restricted
least-squares estimator is given by

b(R) = b+S'R(RST'R)™'(r — Rb)
= Dy+d (6.73)
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with
D=(I-S'R(RST'RY'R)S™'Xx'W~! (6.74)

and
d=S"'R(RS™'R)"'r. (6.75)

After some straightforward calculations, it is easily seen that the ma-
trix D (6.74) belonging to the heterogeneous estimator (6.73) satisfies
condition (6.69), not depending on whether the restrictions r = Rf
are valid. Now consider the predictors

po = X.b(R)
and
p(b(R)) = X.b(R) + WgW ™' (y — Xb(R)).
With the notation

G = WW:(I-P)W W, >0,

P = W :XDWD'X'W~2 (cf. (6.65), (6.66)),
and defining
b.o = X.ST'R'(RST'R)7's, (6.76)
b = ZST'R(RST'R)7'S, (6.77)
with
5 =r—Rp, (6.78)

we finally obtain
M (o, ys) = M(p(b(R)), ys) = 0°G + buobly = bsably . (6.79)

In order to decide if this difference is nonnegative definite, we have
to use Theorem 6.6. As a conclusion, we may state that the predictor
P(b(R)) is y«-superior to the classical predictor py = X,b(R) if and
only if conditions (6.70) and (6.71) are satisfied. If 6 = 0, (i.e., if
the linear restrictions are satisfied exactly), then b,y = b1 = 0 and
M (po,y=) — M(p(b(R),y) = 0°G > 0.

6.6.2 Comparison of Classical and Optimal Predictors
with Respect to the X.[3 Superiority

We now compare the predictors po = X, and p(3) (cf. (6.56)) for a lin-
ear heterogeneous estimator 3 = Dy + d with respect to criterion (6.43).
Different from the y, optimality of p(8), it might be expected that py is
a more efficient predictor according to the X, criterion when compared
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with p(ﬂ) Hence, let us investigate the conditions for the classical predictor

=X 5 to be superior to the predictor p(ﬁ) according to Definition 6.3;
that is, let us find when (see (6.43))

M(p(B), X.8) — M(po, X.8) > 0. (6.80)
Using (6.48) we get
M (po, X.8) = 0> X, DW D' X} + buoblg (6.81)

with byo from (6.61) and

M(p(3), X.0) = > X, DWD' X! + Wi W W,
+ P WiW L XDW D' X'W W,
+0? X.DWy + o*W{D' X — o* X, DW D' X' W~ Wy
— P WW ' XDWD'X, — *W WL X DW,
— WD X'W Wy + babl,y (6.82)
with b,y from (6.64).
Hence the difference (6.80) between the MDE matrices becomes

M (p(B), X.B) — M (po, X.3)
= —02G = bagbly + b by — XL EW 2 W,
—PWW 2 E'X + >W W~ [I — X D]|W,
+?W{[I — D' X'|W =W, (6.83)
with G from (6.66) and F from (6.67).
Similar to the problem discussed before, it is not an easy task to de-
cide whether this difference is nonnegative definite. Therefore we confine
ourselves again to situations for which this difference assumes a simple

structure. This occurs, for example, if condition (6.69) is satisfied such
that after some calculations condition (6.83) reduces to

M(p(B), X..8) — M (po, X..) = 02G + ba1bly — baobly - (6.84)

Theorem 6.7 Let B = Dy + d be a linear estimator such that the ma-
triz D satisfies condition (6. 69) (which is equivalent to E = 0). Then

the classical predzctor po =X 5 is X [B-superior to the predictor p(ﬁ)
X+ WW=(y — X) if and only if

(1) beo € R(0G + buybly) (6.85)
and

(i1) V(0% G + barbly) bao < 1. (6.86)
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Ezample 6.4: Let 3 = b. Then po = X.b is X,S-superior to p(b) in
accordance with the extended Gauss-Markov-Aitken theorem.
This may be seen as follows:

M(X.b,X.8) = o0?°X.S7'X], (6.87)
p(b) — X, = ZST'X'Wle+WiW e,
M(p(b), X.0) = 0*Z87'Z' +PWW W,

+ 02 ZST I X'W Wy + A WW X ST 7
= OPXSTX 4+ PWW W,
—PPWW X STIX'W W,
= o’X,57'X! + 4G (6.88)
with
G=W,W 2 —WIXSIX'W )W 2 —W 2 XS'X'W YW, >0.
Therefore, we obtain

M(p(b), X.0) — M(X.b, X.0) = oG > 0. (6.89)

Interpretation: The investigations of this section have shown very clearly
that optimality is strongly dependent on the chosen criterion and/or its
respective parameters. If we consider the two predictors X,b (classical)
and p(b) = ps (Ra-optimal), we notice that p(b) is y.-superior to X.(
(cf. (6.72)):

M (X.b, y*) - M(p(b)ay*) >0

with respect to the R4 optimality of p3 = p(b). If we change the criterion,
that is, if we compare both predictors with respect to the X, 3 superiority,
we obtain

M(p(b), X.0) — M(X.b,X.0) >0,

which is the reverse relationship.

6.7 Prediction Regions

6.7.1 Concepts and Definitions

In the context of parameter estimation, methods of point estimation and
interval estimation are usually developed in parallel. Similarly prediction
theory contains the notion of prediction regions as a generalization of
point prediction. This chapter looks at prediction regions. We concen-
trate our attention on interval prediction methods for multivariate normal
distributions.
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Let Z = (Z1,...,Z7) be a sample from (B,U, P5), where U is the sigma-
algebra consisting of the subsets of B . The parameter 6 is a member of the
parameter space {2 , and P} is a probability measure over (B,U). Let {Pz}
denote the class of admissible probability measures, and let B” be the T-
fold Cartesian product space Zx Zx ... x Z.Thatis Z = (Z1,...,Zr) €
BT. Now we may define what is meant by a prediction region.

Definition 6.8 A prediction region B(Zi,...,Zr) is a statistic which is
defined over BT and takes value in U.

The prediction region B maps a point (Z1, ..., Zr) € BT into a subset of
B, i.e., onto a member of Y. It is usual for the image to be a closed interval.
For example let B = E!, so that BT = ET (T-dimensional Euclidean
space). Then the closed intervals of U consist of regions [a, b]. Hence in this
case the prediction region is a statistic which defines an interval

B(Zl, ey ZT) = [a(Zl, ey ZT),b(Zl, .. .,ZT)}

with a(Z1,...,Zr) < b(Z,..., Zr) for all points (Zy, ..., Zr) € BT.
The functions a and b may be chosen using certain criteria which will
now be discussed.

Definition 6.9 The ‘coverage’ of a (fized) region A is its probability content,
viz., PS(A).

Since Z1, ..., Zp are stochastic, clearly B(Z1, ..., Zr) is a stochastic re-
gion, and therefore P§(B) is a random variable. This random variable leads
to two criteria for the construction of prediction regions, which will now be
defined.

Definition 6.10 B(Z1,...,Zr) is called a (p,q) region, or a region with
coverage q at confidence level p, if

Py{P5(B) > q} =p (6.90)
for all 0 € Q.

In other words, if B is a (p,q) region, then the probability is p that B
contains at least 100 ¢% of the population.

Definition 6.11 B(Z1,...,Zr) is called a q region, or a region with expected
coverage q if

Ez[P5(B)] = q (6.91)
for all 6 € Q).

This condition states that the random variable P4 (B) (which lies between
zero and one) should have expectation q.

Now let Z* = (Zf,...,Z%}) be a vector of future realizations of Z;, and
let PS. be the probability measure of Z*. Then (p, q)-prediction regions
and g-prediction regions may be defined as follows.
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Definition 6.12 B(Z1, ..., Zr) is called a (p, q)-prediction region if

Py{P}.(B) > q} =p (6.92)
for all 6 € Q.
Definition 6.13 B(Z1, ..., Zr) is called a q-prediction region of Z* if
Ez[P5.(B)] =q (6.93)
for all 6 € Q.

In the special case where Z* has the same distribution as Z, these two
definitions are equivalent to (6.90) and (6.91).

6.7.2 On q-Prediction Intervals

Suppose now that we have a sample statistic z = 2(Z1, ..., Zr) with prob-
ability density pr(z|0) and corresponding probability measure P(-|6). We
want to construct an interval

B(z1; ..., 21) = 0(2) = [a(2), b(2)]

which contains a stochastic variable z*, where z* is the stochastic real-
ization of the variable z at time T*. We assume that z* has the density
pr+(2*10)[z* € Z*] and the corresponding probability measure Pp«(-|6).
The common parameter 6 in both densities ensures the possibility of
predicting z* on the basis of z.

We assume that z and z* are independent for given 6. Let Prr«(-|)
be the joint probability measure for z and z*. Then (6.93) suggests the
construction of a prediction interval §(z) according to the condition

Prr-{(z,2") : 2" € §(2)|0} = Ez{Pr-(6(2)|0)} = ¢ (6.94)
for all 8 € Q.
We confine ourselves to normal samples, i.e., we assume

Z=ET, 0= (p,0%) €Q={-00<pu<o0,0?>0},
2t ~ N(p,0%), 2 and zy independent, t # t', 2* ~ N(u,0?).

} (6.95)

In constructing an interval §(z) = (a(z),b(z)) we choose the statistic
z = (m,s) which is a sufficient statistic for § = (u,0?). Suppose that
T~'=hand T — 1 = v. Then we have
m=T71%, 2z ~ N(u,0?h)
and (6.96)
s2=v"t Y, (e —m)? ~ o lo?yE.

In this case the elements of z (m and s) are independently distributed,
although this is not true in general.
We confine ourselves to intervals of the type

5(2) = la(2),b(z)] = [m — kis,m + kas]. (6.97)
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These intervals feature widely in the theory of confidence interval estima-
tion. Another justification for this choice is that (6.97) is invariant under a
general class of linear transformations of the sample variables, see Aitchison
and Dunsmore (1968) and Guttmann (1970) for more details.

Relative to (6.94) the values kj, k2 of 0(z) have to be determined such
that

g g g

é\g

oo g _ .
/P { —k‘18 < H < men +k2§}dp1(m)dp2(8)
0

(6.98)

holds. We transform m and s by

m—p s 3
M= ~N(0,1),  S=° ~ /2ol
O'\/h ( ) . \/X

Based on this, on the independence of z and z* and on the relations

pi(m)dm = p(M)dM
pa(s)ds = pa(S)dS
(where 1 (M) is the N(0, 1)-density, p2(S) is the y/x2v—!-density) we get

the following equation for the calculation of ky, k2 which is equivalent to
(6.98)

q= / /[<I>(M\/h + ko S) — B(MVh — k1.9)]dpy (M)dp2(S) . (6.99)

Let w ~ N(0,1) be a variable which is independent of M and S.
Then the following transformation can be made:

_ u—Mv'h _ ko
POV RS) = P (U ) =P ns e )
S(MVh—kiS) =P (" > k) =P (8, > B,

Thus we get the equation determining k1 and ko

g=P <tv < \/fi h) -p <tv > \/1]2 h) . (6.101)

Two-sided symmetric interval
We chose k1 = k2 = k* and derive from (6.100)

k,*
—9op 1,
4 ( Y +h>

5(Z) = (M — k*S, M + k*S)

1.€.,
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with
= V1+ht, g (6.102)

Here t, o is the (1 — a)-quantile of Students’ ¢ with v degrees of freedom:
P(t > ty,) = a. If the interval is finite we are interested not only in the
given coverage g but also in the expected length, wviz.,

1(8) =2vV1+ht, 14 E(s). (6.103)

If no other criterion of goodness is given, the statistician will generally
prefer the shorter of two given intervals, i.e., §; will be preferred to s, if

l(61) < l(62)

6.7.3 On q-Intervals in Regression Analysis

Suppose once again that we have the general normal regression model, viz.,

y=XB+e~ N(XB,0°W),
Vs = 2.0+ €& ~ N (2., 0%w,), (6.104)
E(ee,) = 0.

In terms of the general formulation presented in Section 6.7.1, we get
v =2, 0=(8,0%), and z= (2.3, sw,) (6.105)
where s is given by (4.67). Now clearly,
2B ~ N8, Vy.)

since B is an unbiased estimator of . Therefore, using a transformation
similar to (6.100) but putting € ~ N (0,w?), and
h =02, Vi,

we can derive various types of g¢-intervals for y,., which are given in the
following theorems.

Theorem 6.14 In the normal regression model (6.104), the two-sided
symmetric q-intervals for y. have the following form

8(z. B, swy) = (2.8 — k*sw,, 2.3 + k*sw,) (6.106)
where
k' = \/wf + J*Q:Z:QVBQS* tr_p.(1—-q)/2
and B is an unbiased estimator of B. This has expected length
1(0) = 2E(s) tr_p,(1-q)/2 \/w,% + o2 Vy,. (6.107)
The one-sided infinite intervals are

02 (a3, sw.) = (—o0, @, + k3sw.)
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and
51(:5;3, SWy) = (x;B — ki swy, 00)
respectively, where
ki =k = \/wf + o022 Vs tr—pi—g.
Taking into account the fact that the risk function is Rl(ﬁ,ﬂ, A) =
tr(AVj3) whenever 3 is unbiased, we have the following result.

Theorem 6.15 The Ri-optimal unbiased estimators yield q-prediction inter-
vals with minimal length.

From this theorem it follows that the interval
5(2Lb, swy) = [20b — k*sw,, x,b + k¥ sw,]

is optimal so long as there is no prior information on 3. On the other hand,
if the statistician has restrictions or prior information on (3 then a gain in
efficiency can be expected.

6.7.4 On (p,q)-Prediction Intervals

Under general assumptions on the probability measure Pg, the coverage of
the region B possesses a highly complicated distribution. For this reason
we confine ourselves to normally distributed samples, i.e., to the model
(6.104) of normal regression. We choose the statistic z = (zb, sw,) from
(6.105) and construct an interval for y, which is symmetrical around b,
viz.,

S(alb, swy) = ()b — kswy, 2,b + ksw,) (6.108)

Here k = k(q,p) has to be determined according to Definition 6.8 such,
that

P{Ply. € 6(z,b,swy) > q|} =p (6.109)

holds for all § = (3, 0?).

Let @ = u(1_g)/2 represent the (1 + ¢)/2-quantile of N(0,1) distribution
and u, is defined by P(u > us) = a. The value of @ can be found from
tables by interpolation, e.g. ¢ = 0.8 gives the value « = 1.284. When
Ys ~ N (2.3, 0%w?) as in (6.104) we get

P2l — tiows < ys < 7.0+ tow,) = q, (6.110)
and from this the g-interval

§* = (2,8 — dow., ¥, B + dow,), (6.111)
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This contains unknown parameters. To fulfill condition (6.109) we construct
a confidence interval for 6* at confidence level p of the form
5 (xhb, swy) = (2Lb — ks\/x/.S~ 1y + w2 '+ ks\/2L S~ a, + w2),
(6.112)
i.e., we calculate k = k(q, p) from the equation
P(|z"(8 — b) + Gow,| < ks\/z/.S1x, + w?) = p. (6.113)
To prove Theorem 6.10 we need the following lemma.

Lemma 6.16 (Liebermann and Miller (1963)) Let a;, b; be arbitrary real
numbers (i = 1,...,N) with a;by # 0 and let A > 0 be a real number.
Then > a? < A? if

1> aibil <A b)Y holds for all by, ..., by.
With the help of this lemma we prove
Theorem 6.17 In model (6.104) the following equation holds
P{|2.(3 —b) + u*aw*| < ks\/xl. S 1a, + w?}
- P{u% +. o uk Fut <(n—p)~ 1k2xi_p}

where the u; are i.i.d. distributed N(0,1) and independent of the x2-
distributed variable.

Proof. Since S~ is positive definite, so there exists a nonsingular matrix
Q such that Q'S™1Q =1I. Let

B = QB, b= Qb, .= (Qil)lxw
Then we get

xS~ 9:**5:/5:*

M@

8,0°I),
z(B-b)=7.(3 I;) b independent of s
and with the help of the above lemma
P{|z. (8 —b) £ Gow,| < ks\/2LS 'z, + w2}
P{|Z,(B - b) £ @ow,| < ks\/F, &, + w2}
= P {Z ui + @ < k*(n— p)_lx?%p} .
Then the stochastic variable

(n—p) (Zu —i—u) + 1% » (6.114)

is distributed as Fpi1,,—,(@?) with noncentrality parameter a2. This way
the required constant k = k(q, p) is found following (6.112) as the solution
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to
Fp+1)7" = Fppampufy_g0) = F* (6.115)

where F* is the p-quantile of the noncentral Fp+17n,p(u%1_q)/2) and
U(1—q)/2 18 the (14 ¢)/2-quantile of N(0,1).

If the statistic z is chosen more generally as z = (xfﬁ, swy ), where B is
an unbiased estimator of 3 such that > u? in (6.114) is independent of s,
then the following result holds.

Theorem 6.18 Under model (6.104) and the statistic z = (2.3, sw.) with
s2 from (4.67), the (p,q)-prediction interval based on z is

§(2l B, sw.) = (240 — sag\/(p + DF*, 20 + sag\/(p + 1)F*) (6.116)
where az = U_Qm;V[,x* +w? and F* is given by (6.115)
The expected length is
1(6) = 2E(s)\/(p + l)F*\/J*Qx;VBx* + w2, (6.117)

We see that the R-optimal estimates B of B in the restricted model yield
(p, q)-prediction regions which are optimal in the sense of possessing mini-
mal expected length 1(§). (See Guttmann (1970) for further investigations,
e.g. for the approximation and calculation of k in tables, the derivation of
(p, q)-ellipsoids under utility functions, etc.)

6.7.5 Linear Utility Functions

As we remember, the g-prediction intervals for z* had to be determined
according to (6.94) in such a way that the intervals §(z1),d(22), . . . based on
the independent samples z;, 22, ... contain z* in ¢ percent of the samples.
The statistician’s influence on the expected length of the intervals was
ensured only by the choice of the statistic z, especially by the choice of the
R-optimal estimates. In practice there is often a prior preference for some
regions of . This preference can be handled mathematically by using a
utility function of 4(z) in the following manner.

Let V (4, 2*) be a given utility function of §(z). V (4, 2*) expresses the
utility of (z) in a qualitative or quantitative manner if z* is realized.
Since z and z* are stochastic, the same is true for V(d, z*), which has the
conditional expectation (expected utility of §(z))

V(5,0) = / V(8,2 )pr- (2*|0)dz* = Ez. (V (5, 2)|2). (6.118)

VA

We shall call V(4,0) the advantage of §(z).
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Definition 6.19 A prediction interval 6*(z) from a class of admissible
intervals {6(2)} is called V-optimal if the following relationship holds:

{I(Isl(aﬁ/f/((;, G)pT(z|9)dz:/V(é*,ﬂ)pT(ZW)dz. (6.119)
z z

Let Z* = E' (1-dimensional Euclidian space). Then the prediction
regions for z* are subregions of E', i.e., intervals

8(2z) = (r1(2),m2(2))  with r(2) < ra(z)
for all z € Z. Let the utility function have the general form
w | hi(z*,0) for z* € 0(2)
Vi%,27) = { ha(z*,0) for z* ¢ 6(z) ’
i.e., in the particular case where 6(z) = (r1,72),

ho1(z*,71) (z* <)
V(ry,re,2%) =< hi(z*,ri,r2) (r1 <z*<ra) (6.121)
hgg(z*,rg) (7’2 S Z*) .

(6.120)

We assume that

ho1(2*,71) is monotonically decreasing in (r; — z*),
haa(2*,72) is monotonically decreasing in (z* — rq).

In practice utility functions which are linear in |2* — r;| have a special
interest, for instance, the function

Aiz* =) 2" <rq]
) =z [r1 < 2* < ;(7’1 +72)]
V(ry,re,2) = 2 — 1y [1(ry +12) < 2° < 2] (6.122)
Ara —2%) [z > .

Here ) is a so-called “relative cost factor”. Let v; be the loss in observing
z* ¢ (r1,7r2) and vo the loss in observing z* € (ry,r2). If the statistician
values loss v1 higher than ve he will choose A > 1.

Depending on the given utility function V (4, z*), an arbitrary subregion
of Z* may result as the V-optimal prediction region. In the case 6*(z) = Z*
we get the trivial prediction “z* € Z*” which is always true and therefore
useless and to be avoided. For some types of utility functions which do
not depend explicitly on the region’s volume, it is possible to notice before
optimization whether §*(z) is a proper subregion of Z*. Up to now only
necessary conditions on V' are known for ensuring the finiteness of (r1,r2)
(Toutenburg (1971)).

One very simple utility function yielding 6*(z) = Z* is the so-called
characteristic or indicator function of 4(z)

1 if z* € 6(2)

Vo(0,27) = { 0 otherwise . (6.123)
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As V5(6, 2*) does not depend on the region’s volume we get
V(6,0) = Pr-(5(2)|6)
and
/V((s, Npr(2|0)dz = Prp{(z,2%) : 2" € §(2)}.

Z

The maximum 1 is reached for §*(z) = Z*.

6.7.6 Normally Distributed Populations - Two-Sided
Symmetric Intervals

We assume that (6.95) holds and choose the following type of intervals

§(z) = (r1(2),m2(2)) = (m — ks, m + ks).

With z = (m, s) the function V (ry,rs, 2) from (6.123) is then

Az*—=m+ks) [* <m—ks]
o) m—ks—2z* [m—ks < z* <m]
Vik,2") = z* —m—ks [m < z* < m+ ks]
A(m + ks —2%) [z* > m+ ks]
so that
m—ks
V(k, 0 = X / (2" —m + ks)pp«(2¥|0)dz"*
+ / (m —ks — z")pr«(27|0)dz"
m—ks
m-+ks
+ / (2" —m — ks)pr-(2710)dz"
+A / (m+ ks — 2")pr-(2¥0)dz".
m-+ks
We have
oV (k,0)

P =s[A— (1 —XNPr«(m—ks < z* <m+ ksl|9)].

(6.124)
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Therefore the equation determining the optimal k = k* is of the form

Efk / V(k,0)pr(z|0)dz

z
= / /[)\ — (1 = A)Pp«(m — ks, m + ks|0)]sp1(m)p2(s)dmds
—oo 0

= 0. (6.125)
After transforming according to

mep Sy

a\/h’ _O'\/U+1’

the relation (6.125) becomes (apart from a constant term)

v jflA_(l—A){¢<M\/h+ks\/Ujl>

—o0 0
% <M\/h - ks\/” j 1) H PrL(M)p5(S)dM dS.

Here p1(M) is the N(0,1)-density and 5(S) the [x2 /v + 1]/2-density
(see (6.96)). Since m and s are independent for normal populations, the
same is true for M and S, also.

Suppose now that u ~ N(0, 1) is independent of (M, S). Then we get

—_ w— Mvh vt 1
@(M\/hikS\/ v ) - P(S\/lJrh Sjﬂg\/v(l—i—h))

v+1
Pty <tk .
( = \/v(l + h)
Therefore (6.125) is equivalent to

v+1 1
P ('t”*l' - k\/u(1+h)> TN

From this we derive the optimal k = k* as

M =

. e h)
k \/ vl Lyt1,[2(142)]-1- (6.126)

Hence the V-optimal prediction interval for z* according to (6.122) is

" (2) = (m—k™s,m+ k™s) (6.127)
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6.7.7 Onesided Infinite Intervals

We may require onesided intervals such as d1(z) = (r,00) or da2(z) =
(=00, ). In practice we choose linear utility functions of the following types,
these being similar to (6.122):

*

o Az*=r) [zF <7
v = {005 5]
o z*—r [2* < 7]
Valrz") = {)\(r—z*) [ > 7).

If r = m — k1s or = m + kas then these functions are (cf.(6.124))

o | AEF—=m+kis) [2* < m — k]
Vi(ke,2*) = { (m — ks — =) (2 > m — k) (6.128)
and
o | 2t —m—kas [z* < m+ kas]
V2<k’2>Z ) = { A+ kas — 2%)  [2* > m + kas]. } (6.129)

Optimization according to Definition 6.10 then yields the V-optimal
prediction intervals (being V-optimal according to (6.128) and (6.129)
respectively, see, Toutenburg (1971):

07(z2) = (m—kfs, 00)
and (6.130)
05(z) = (—oo,m+k3s)
with
. v(l+h)
kY =ky = \/ o1 bot1,(142) 1 (6.131)

Using (6.105) we may apply these results to the model (6.104) of normal
regression. We have to choose m = #,b and s from (4.67) and put

v(L+h) _ (n—p)(wi+alS7 e,

v+1 n—p+1
Thus k* in (6.126) and k7, k3 in (6.131) are known.

6.7.8 Utility and Length of Intervals

We explain the problem in a special case. Let 02 known and 6 = ;1 known.
Then choose the statistic z = m ~ N(u,0?n~!) and the prediction interval
for z* as

0(z)=(m—k,m+k).
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The optimization is carried out according to the following linear utility
function which depends on the length of interval explicitly:

zZ—=m+k [z <m-—Fk
Vk,z") =< —2k [m—Fk < z*<m+k| (6.132)
m+k—z" [z*>m+k].
This leads to the expected utility

m—k

V(k, N) = / (Z* —-—m+ k)pT* (Z*|,Lt)dz*

m+k %)
2k / pr+ (") dz" + / (m+k — 2" )pr- (*|p)dz"
m—k m+k
with the derivative
oV (k
ék’”) = 1-3Pp(m—k,m+k|p)

—2k[pr-(m + klp) + pr-(m — k[p)].  (6.133)

l;:k\/ "og—2
n+1

z¥—m
(1 + T*1)1/2

The equation to determine the optimal k such that

If we define

we get

Pro(m —k,m+ k|u) P<‘
o

< k:) =20(k) — 1.

o0

/ D V. wpr(ml)dm = 0

takes the form (with help of (6.133))
0=1-158(k) — ko(k)
(where ¢ is density of the N (0, 1)-distribution). Its solution is roughly

k = 0.255.

This way the prediction interval for z* which is V-optimal according to
(6.132) is of the form

d(m)=(m—k*,m+ k")
with

k* im\/”Jrl ~ 0.255 a\/”+1.
n n
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6.7.9 Utility and coverage

At first we determine the expected coverage ¢ of the interval (6.127) by
comparing the values k* of (6.126) and (6.102). With & < «

v
v+ 1 tv-‘rl,d = tv,a

holds, i.e., especially

v
\/v " 1t1)+1,[2(1+)\)]*1 =ty (1—g—e2)/2- (6.134)

This way the V-optimal prediction interval (6.127) is a (A/(1 + A) — €?)-
(coverage)-interval where €2 has to be determined according to (6.134) from
tables of t,-quantiles.

If a V-optimal prediction interval with given coverage q is required then
the cost factor A in (6.134) has to be calculated and the utility function V/
(6.134) must be fixed. So A can be interpreted as a control parameter for
the construction of prediction intervals with given coverage ¢ and maximal
utility, (i.e., in some cases minimal length, cf. (6.132)).

6.7.10 Mazximal Utility and Optimal Tests

Let B(Zy,...,Zr) be a statistical prediction region for Z*. We define the
indicator function of B as

w_ | 1 forZ*eB
o(B,27) = { 0 otherwise. }

With the help of this the coverage of B results as
Py [B(Z1,...,Z7)] = Ez- ®(B,Z%).

(6.135)

With that (see also Definition 6.8) B(Zi, ..., Zr) is a ¢-prediction region
for Z* if

Ezz- ®(B,Z*) =q (for all 0 € Q). (6.136)

If a utility function V(B,Z*) is given then condition (6.119) for the V-
optimality of B takes the form

max{g}//V(B,Z*)dPTT*(Z, Z*0)
zZ z*
:max{g} Ezz* [(I)(B,Z*)V(B, Z*)], (6137)

where {B} is a class of admissible prediction regions. If the optimization
(6.137) of B is carried out according to the restriction (6.136) of g-coverage
and if V(B, Z*) is chosen to be a probability measure Q% over (B,U) then
the following theorem holds globally:
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Theorem 6.20 The construction of a V -optimal q-prediction region is equiv-
alent to the construction of an optimal (either uniformly most powerful or
minimaz)-test statistic ®(Z, Z*) for the test problem

Hy : (Pg, Pg*) }
e 6.138

Hy: (ng QG) ( )
given the probability of the error of first kind (1 — q) (Guttmann (1970, p.
36)).

We shall now construct V-optimal g¢-prediction regions for normal
populations, using assumptions (6.95), with normally distributed utility
functions. If the statistician is interested in a prediction interval §(z) being
symmetric around p he will choose a utility function of the form

Q% = Q(u,0%) = N(u,a20%)  [0<a<l1]. (6.139)

This function values intervals with mean p higher the smaller the interval
length is. This way we have Z* ~ N(u,a?0?) with a = 1 under Hy and
« < 1 under H;. This leads to the following test problem:

Hy:a=1
Hi:a=a; <1.

Based on the Neyman criterion (Witting and Nolle (1970)) we get the
sufficient statistic

(m, 82, 2%) with m, s* defined in (6.96) .
According to (6.95) and (6.96) we have
2z* —m ~ N(0, (a+ h)o?)

giving the statistic

t= Z*;m ~Va+ht, .
This way we have under Hj that
t~V1+ht,
and under Hy that
t~ oy +hty.

If p(t; (o + h)'/?) denotes the t-density, then the uniformly most powerful

test statistic ®(Z, Z*) = ®(t) is

. ¢ p(ts(ar+h)'/?)
(1) :{ L wame) S ald)

(6.140)
0 otherwise

where the constant «(q) is chosen so that the probability of error of the first
kind is (1 — ¢). Along with p(¢) monotonically decreasing in |¢| the same is
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true for the quotient in (6.140) as a; < 1. Therefore (6.140) is equivalent
to

s 1 it <alg)
() = { 0 otherwise . (6.141)
The probability of the error of first kind is
P(lt| > a(g)la =1) =2P(V1+h t, > a(g)) =1 —q,
(a(q) = k* from (6.102)).

So the g-prediction interval of z* being uniformly most powerful according
to the measure QY from (6.139) is

0(2) = {2+ |t] < a(a)} = (m = sV + hty,1-g)/2,m + 5V1 + by, (1-g) 2-

Thus, the interval length is not influenced by the requirement of V-
optimality according to V = Q% = N(u,a?0?), ay < 1. (See Guttmann
(1970)) for tables of &(q) and tests using multivariate normal distributed
utility functions.)

6.7.11 Prediction Ellipsoids Based on the GLSE

In Sections 2.8 and 3.9, we derived confidence intervals and ellipsoids for
the parameter # and its components.

The related problem in this section consists of the derivation of prediction
regions for the random variable ..

In addition to (6.3), we assume a joint normal distribution, that is,

(€0 6) ~ Noyr ((0,0),02( VVEO VVVVO )) (6.142)

where the joint dispersion matrix is assumed to be regular. This is seen to
be equivalent (cf. Theorem A.74 (ii)(b)) to
W, — WiW =W, > 0. (6.143)
We choose the R 4-optimal homogeneous predictor as
Pz = X0+ WIW Ly — X).
Using (6.142) and (6.30), this predictor is normally distributed:

D3 — Ys ~ N, (0,0°%), (6.144)
with Z = X, — W{W =X from (6.21) and
Yy =287 + W — WW W, . (6.145)

Since p3 is unbiased, we have 623, = M (p3, y«) (cf. (6.45)). Thus it follows
from Theorem A.85 (ii) that

(B3 — y)'Sy (B3 — yu) ~ 0°xi - (6.146)



6.7 Prediction Regions 303

This quadratic form describes a random ellipsoid with center at ps. Its
distribution depends on the unknown parameter o2, which has to be
estimated.

Theorem 6.21 Let s2 = (y — Xb)'W 1 (y — Xb)(T — K)~! be the estimator
of o%. Then

n s (P — yu)'Sy  (Bs — ye) ~ Fur—k - (6.147)

Proof: Consider the standardized vector of disturbances

W-2e
P = < 1 ) . (6.148)
W, %€,

Then, by using (6.142), we obtain

® ~ N,17(0,0%V), (6.149)
with
_1 -3
V= o Ir ) W2 WoW, . (6.150)
W, 2WiW 2 I,
From this we get the representation
Ps—y = [ZSTIX'WTREWIWTR -W2le  (6.151)
= (41,47)2, (6.152)
and with (6.144) we have
A/
Yy = (A1, A)V ( A’l ) . (6.153)
2
The following matrix is seen to be symmetric and idempotent:
/
Vi ( ﬁé )Zb‘l(Al AV (6.154)
By using
V72® ~ N(0,0%I). (6.155)

and (6.151), (6.153), and (6.155), we may apply Theorem A.87 to show
that

(B3 — )"y (B3 — )
= @V ()1 AV e

~ o?x2. (6.156)
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The estimator s = (y — Xb)W 1 (y — Xb)(T — K)~! (cf. (4.66)) may be
rewritten in the following manner:
W=2(y—Xb) = (I-W XS 'X'W™2)W 2e¢
= (I-MW ze. (6.157)
The matrix
M=W:XS'X'W~> (6.158)

is idempotent of rank(M) = tr(M) = K and I — M is idempotent of rank
T — K. Therefore, we obtain

(T - K)s* = E/W_;(]—M)W_ée
= <I>’( I_OM 8 ><I>:<I>’M1<I>
= @V O)VIMV:(V20), (6.159)
where M, = < I BM 8 ) is idempotent of rank T — K, and, hence,

M D ~ o?x% .

As a consequence of these calculations, we have found a representation of
(P3—y«)'S; ' (P3—y.) and of s? as quadratic forms involving the same vector
V~1/2&. Therefore, we may use Theorem A.89 to check the independence
of these quadratic forms. The necessary condition for this to hold is

A

VM V2V ( A )Ebl(Al,Az)vé =0. (6.160)

Therefore, the condition

A/
AAV(Aé):O

would be sufficient for (6.160) to hold. But this condition is fulfilled as

A/
Mv(@)

B < I—M 0 ) I W WoW, 2 ( A, )
— 1
0 0 W;zwéw—% hi A/Q

= (I = M)A, + W WoWs 2 A))
(I—M)W 2 XS 'Z ++W 2 Wy — W2 W) [cf. 6.151)]
= (I-W:XS'X'W 2 )W 2XS"1Z" [cf. (6.158)]
= W XS 'Z -W :XS'Z =0. (6.161)
The F-distribution (6.147) is a consequence of Theorem A.86, and this
completes the proof.
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The result of Theorem 6.21 provides the basis to construct prediction
regions in the sense of the following definition.

Definition 6.22 A compact set B(p(3)) is called a region with expected cov-
erage g (0 < g < 1) for the unknown random wvector y, centered around

p(B) if
E, Py {y. € B(p(B))} = q. (6.162)

From this definition and Theorem 6.21, we immediately obtain the
following result.

Theorem 6.23 The ellipsoid
B(ﬁ?)) = {y* : n71372(ﬁ3 - y*)/zb_l(ﬁ?) - y*) S Fn,T—K,l—a}’ (6163)

is a region with expected coverage (1 — «) for the vector y,.

6.7.12 Comparing the Efficiency of Prediction Ellipsoids

Similar to point estimators and point predictors, we may pose the question
of which prediction region should be regarded as optimal. If the predictor
p(B) is unbiased, then as a measure of optimality we choose a quantity
related to the volume of a prediction ellipsoid.

Let V,, denote the volume of the n-dimensional unit sphere, and let
a’Aa = 1 with A : n x n positive definite be any ellipsoid. Then its volume

is given by

Va=Vu A2, (6.164)
and its squared volume by

Vi=V2A. (6.165)
Applying this rule, we may calculate the squared volume of the ellipsoid
B(ps) (6.163) as follows:

AN = nsFur_ka-oXh,
AT = (ns’Fur-r1-a)" S|

(cf. Theorem A.16 (ii)). Taking expectation with respect to the random
variable (s?)™, we obtain the mean of the squared volume:

V(B(p3)) = V2E(s®)(nFnr—x1-a)" |25 2 + W, — WW W, .
(6.166)

Theorem 6.24 Suppose that there are two unbiased estimators /3’1 and /3’2
for B having dispersion matrices V(031) and V(B2), respectively, and the
corresponding predictors

p(Bi) = XuBi + WoW ™y — X3;), i=1,2.
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Assume further that p(ﬁl) and p(Bg) satisfy the necessary conditions for
F-distribution in the sense of (6.147). Then we have the result

) V(B) - V@Q) > 0
= V(B(p(5)) - V(B(p(2)) = 0. (6.167)
Proof: Let
VZE(s™)(nFyr-Kk1-a)" = cn

denote the constant term of (6.166). Then the means of the squared volume
of the prediction ellipsoids B(p(3;)), ¢ = 1,2, are

V(B(p(6:))) = ealo 22V (6:) 2" + W, — WiW W) .
Assume V (8;) — V(B2) > 0. Then we obtain
S1 o= o2ZV(G)Z + W, — WoW W,
022V (B32)Z + Wy — WIW Wy = B,

Y

that is, X3 = Yo 4+ B, where B is nonnegative definite. Therefore, by
Theorem A.40 we have |X3] < |2q].

Remark: For more detailed discussions of prediction regions, the reader is
referred to Aitchison (1966), Aitchison and Dunsmore (1968), Toutenburg
(1970d, 1971, 1975b), and Guttmann (1970). For literature on some other
aspects of prediction with special reference to growth curve models, the
reader is referred to papers by Rao (1962,1964, 1977, 1984, 1987), and Rao
and Boudreau (1985).

6.8 Simultaneous Prediction of Actual and
Average Values of y

Generally, predictions from a linear regression model are made either for
the actual values of the study variable or for the average values at a time.
However, situations may occur in which one may be required to consider
the predictions of both the actual and average values simultaneously. For
example, consider the installation of an artificial tooth in patients through
a specific device. Here a dentist would like to know the life of a restoration,
on the average. On the other hand, a patient would be more interested
in knowing the actual life of restoration in his/her case. Thus a dentist is
interested in the prediction of average value but he may not completely
ignore the interest of patients in the prediction of actual value. The dentist
may assign higher weight to prediction of average values in comparison to
the prediction of actual values. Similarly, a patient may give more weight
to prediction of actual values in comparison to that of average values.
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This section considers the problem of simultaneous prediction of actual
and average values of the study variable in a linear regression model when a
set of linear restrictions binding the regression coeflicients is available, and
analyzes the performance properties of predictors arising from the methods
of restricted regression and mixed regression in addition to least squares.

6.8.1 Specification of Target Function

Let us postulate the classical linear regression model

y=XpB+e,
E(e) =0, E(e€e') = o*Ir, . (6.168)
X nonstochastic, rank(X) = K.

If B denotes an estimator of 3, then the predictor for the values of study
variables within the sample is generally formulated as 7 = X /3’, which is
used for predicting either the actual values y or the average values E(y) =
X[ at a time.

For situations demanding prediction of both the actual and average val-
ues together, Shalabh (1995) (see also, Toutenburg and Shalabh (1996))
defined the following stochastic target function

T(y)=dy+(1—-NE(y) =71 (6.169)

and used 7 = X B for predicting it where 0 < A < 1 is a nonstochastic scalar
specifying the weight to be assigned to the prediction of actual and average
values of the study variable. The target function in (6.169) is used in case of
within sample prediction. For the case of outside sample prediction under
the set up of (6.3)-(6.4), the target function is defined as

T(y*) = A\ys + (1 - /\) E(y*) = Tx. (6'170)

Remark (i). In cases for which A = 0, we have 7 = E(y) = X and then
optimal prediction coincides with optimal estimation of 3, whereas opti-
mality may be defined, for example, by minimal variance in the class of
linear unbiased estimators or by some mean dispersion error criterion if
biased estimators are considered. The other extreme case, A = 1, leads to
7 = y. Optimal prediction of y is then equivalent to optimal estimation
of X3+ €. If the disturbances are uncorrelated, this coincides again with
optimal estimation of X 3, that is, of § itself. If the disturbances are corre-
lated according to E(e€’) = o>W, then this information leads to solutions
§=X[+e (cf. (6.56) and Goldberger, 1962). Similarly, A = 0 and A = 1 in
(6.170) lead to the prediction of average value 7(y.) = E(y.) and prediction
of actual value 7(y.) = y. in outside sample prediction case.

Remark (ii). The two alternative prediction problems—X 3 superiority
and the y superiority, respectively—are discussed in full detail in Section
6.6. As a central result, we have the fact that the superiority (in the Léwner
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ordering of definite matrices) of one predictor over another predictor can
change if the criterion is changed. This was one of the motivations to define
a target as in (6.169), which combines these two risks.

In the following we consider this problem but with the nonstochastic
scalar A replaced by a nonstochastic matrix A. The target function is
therefore

T(y) =Ay+ (I — A)E(y) = 7,say (6.171)
for the case of within sample prediction and
T(yx) = Ay + (I — A) E(ys) = 7, say (6.172)

for the case of outside sample prediction.
Our derivation of the results makes no assumption about A, but one may
have in mind A as a diagonal matrix with elements 0 < \; < 1,i=1,...,7.

6.8.2 FEzact Linear Restrictions

Let us suppose that we are given a set of J exact linear restrictions binding
the regression coeflicients r = R (see (5.1)).

If these restrictions are ignored, the least squares estimator of 3 is b =
(X'X)~1X'y, which may not necessarily obey r = Rf3. Such is, however,
not the case with the restricted regression estimator given by (see (5.11))

b(R)=b+ (X'X) 'R'[R(X'X)" 'R (r — Rb).

By employing these estimators, we get the following two predictors for
the values of the study variable within the sample:

= Xb, (6.173)
#(R) = Xb(R). (6.174)

In the following, we compare the estimators b and b(R) with respect
to the predictive mean-dispersion error (MDEP) of their corresponding
predictions 7 = Xb and 7(R) = Xb(R) for the target function 7.

From (6.171), and the fact that the ordinary least-squares estimator and
the restricted estimator are both unbiased, we see that

Ex(r) = E(y), (6.175)
Ex(7)=XB = E(), (6.176)
Ex(F(R)) =XB = E(y), (6.177)
but
E(#) = B(#(R)) # 7. (6.178)

Equation (6.178) reflects the stochastic nature of the target function 7, a
problem that differs from the common problem of unbiasedness of a statistic
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for a fixed but unknown (possibly matrix-valued) parameter. Therefore,
both the predictors are only “weakly unbiased” in the sense that

Ex(f—7) = 0, (6.179)
Er(7(R)—7) = 0. (6.180)

6.8.3 MDEP Using Ordinary Least Squares Estimator

To compare alternative predictors, we use the matrix-valued mean-
dispersion error for 7 = X3 as follows:

MDEP,(7) = E(F —7)(7 — 7). (6.181)
First we note that

T = Ay+ ([T —A)E(y)

= XB+Ac, (6.182)
7 = Xb
= XfB+ Pe, (6.183)

with the symmetric and idempotent projection matrix P = X (X'X)~1X".
Hence we get

MDEP, (%) E(P — A)ee' (P — A)

o?(P —A)(P —A), (6.184)

using our previously made assumptions on e.

6.8.4 MDEP Using Restricted Estimator

The problem is now solved by the calculation of

MDEP,(7(R)) = E(7(R) — 7)(#(R) — 1)’ (6.185)
Using the abbreviation
F=XX'X)'R[RX'X)'R)'RX'X)* X’ (6.186)
and
r—Rb=—R(X'X) ' Xe, (6.187)

we get from (5.11), (6.174), (6.182), and (6.183) the following
7(R)—7 = XbR)—T7

= (P—F—AM\e. (6.188)
AsF=F',P=P and PF = FP = I, we have
MDEP,(#(R)) = o*(P—F —A)(P—-F —A)

o?[(P — A)(P —A) — (F — AF — FA'))(6.189)
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6.8.5 MDEP Matriz Comparison

Using results (6.184) and (6.189), the difference of the MDEP-matrices can
be written as

Ap(7;7(R)) = MDEP(7) — MDEP(7(R))
= o%(F —AF - FN)
o2 [(I —A)F(I—A) —AFA'] . (6.190)

Then 7(R) becomes MDEP-superior to 7 if Ax(7;7(R)) > 0.
For Ax(7;7(R)) to be nonnegative definite, it follows from Baksalary,
Schipp and Trenkler (1992) that necessary and sufficient conditions are
(i) R(AF) C (R(I - A)F)
(i) A <1

where A1 denotes the largest characteristic root of the matrix
[(I —A)F(I —A)TAFA .

For the simple special case of A = 61, the conditions reduce to 6 < ; Fur-
ther applications of this target function approach are given in Toutenburg,
Fieger and Heumann (2000).

6.8.6 Stein-Rule Predictor
The Stein-rule estimator of 3 in (cf. (3.236)) is

c y'(I — Px)y

3s = |1 - : b 6.191

Ps T-K+2  yPxy (6.191)
where ¢ > 0 is the non-stochastic characterizing scalar. Employing this, we
get the following predictor for the values of study variable in case of within

sample prediction:

#(S) = Xfs . (6.192)
Under (6.192) we see that 7(5) is “weakly biased” in the sense that
E[7(S) — 7] # (6.193)
and the predictive risk of 7(95) is
PRA(F(9)) = E(#(S) —7)'(7(S) —7)
= tr(MDEP(7(9)))
= PRu\(7)

o (TT;([i 2) [2(1 = MK =2) — | cE (y’;xy)

(6.194)
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where
PRA(7) = tr(MDEP,(#))
o [T+ (1-20)K] . (6.195)
A necessary and sufficient condition for the PRy (7(5)) < PRA(7) is
0<e<21-N(K—2); K>2 A\#1. (6.196)

Note that the range of ¢, specified by (6.196), shrinks as A moves from 0
to 1 and/or when K decreases.
The largest gain in efficiency with respect to 7 is achieved when

c=(1-N\(K—2) (6.197)

which is essentially determined by maximizing the expression for the
difference between PRy (7(5)) and PR (7).
When T > 2K, then

EF-Xp)(F-X8) < EF-y)(F-v) (6.198)
E(#(S) = XB)'(7(9) = XB) < E(#(S) —y)'(7(5) —y) . (6.199)
An unbiased estimator of bias of 7(S) is

7 c y'(I — Px)
E(#(8) —7) = T T-K+2 y'Pyxy

Similarly, the unbiased estimators of PRy (7) and PRy (7(S5)) are

Yxb. (6.200)

== Y —Px)y

PRy (7) = T K NPT+ (1-20)K] (6.201)
and
PRy(7(5)) = T ;(i ;(QA)K] y'(I - Px)y (6.202)
cle—2(1 = N(K = 2)][y'(I - Px)y)’
(T — K +2)? J/ Py , (6.203)
respectively.

Further, 7(S) is better than 7 under the criterion of unbiased estimator
of predictive risk if and only if condition (6.196) holds true.

6.8.7 QOutside Sample Predictions

Consider the models (6.168) along with (6.3)-(6.4) with W, = I, for the
outside sample prediction case.
The predictor based on the OLSE b and Stein-rule estimators b(S) are

o= X.b (6.204)
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and

. ¢ yI=Pxy].
(S) = |1- ., 6.205
7 () T-K+2 vy Pxy T ( )
respectively.

The predictor (6.204) is weakly unbiased whereas the predictor (6.205)

is weakly biased in the sense that

Ex(7x —Tx) =0, (6.206)
and
Ex(74(S) — ) #0, (6.207)
respectively.
The predictive risks of 7, and 7.(S) are
PRA(7.) = E(f —7)(f —7)
= Nn+tr(X' X)X X, (6.208)
and
PRA(7.(9)) = E(#(S) —7.) (7:(5) —7)
— PRa(%)

/
_Ti§+2E{CM§;;?M)ﬁ;—nYX@}
+(T_;+Q>%a(y€%;;w)%%¢&4,

(6.209)
respectively.
Thus
PRA(7:(S)) < PRA(74)
when
0<c<2h—-2); h>2 (6.210)

where h denotes the ratio of the trace of (X'X)"!X/X, and its largest
characteristic root. When no value of ¢ satisfying (6.210) can be found,
then 7,(S) is less efficient than 7. For example, if there is simply one value
to predict so that n = 1 and X, is a row vector, then h = 1 and no value
of ¢ can be chosen. Consequently, 7, will unfailingly perform better than
7(5) in this case.

Note that

E(f — X.u8) (7 — XiB) < E(f — ) (Fs — ys) (6.211)
E(7(5) = XuB) (7:(S) = Xuff) < B(7u(S) = 5:) (7(S) — )
(6.212)
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Further, an unbiased estimator of bias of 7,.(5) is
o c y'(I — Px)
E(7.(S)—71) = —
(7u(8) = 7) T-K+2 4y Pxy
whereas the unbiased estimators of PRy (7.) and PR (7(S5)) are

YX.b (6.213)

— "(I-P
PRA(7) = 7 (T B I?)y \2n + tr(X'X) " X1 X, (6.214)
and
— '(I - Px)yA>n
PRy(7 () = V' . _X[)(y
S 2c y'(I — Px)y
T-K (T-K+2)?2 yPxy
x y'(I — Px)y tr(X'X)"' XX,
2
C(C+4) y/(I_PX)y b/XiX*b,
(T - K +2)? y' Pxy
(6.215)
respectively.

Thus 7.(5) is better than 7, with respect to the criterion of unbiased
estimator of predictive mean squared error if and only if

0<c<a| YIXY L ixx)ixx, -2 (6.216)
b X! X,.b *

provided the expression inside the brackets is positive and the condition

(6.216) is satisfied so long as

0<c<2h-=2); h>2 (6.217)

where h denotes the ratio of the trace of (X’X)"!X/X, and its largest
characteristic root. Note that the condition (6.217) is same as (6.210). See
Shalabh (1995) for further details and for the derivation of the results in
Sections 6.8.6 and 6.8.7.

The simultaneous prediction under stochastic linear restrictions (cf. Sec-
tion 5.10) is discussed in Toutenburg and Shalabh (2000). They have
analyzed the performance of predictors arising from the two families of es-
timators based on mixed regression and Stein-rule estimators in within and
outside sample predictions. Chaturvedi, Wan and Singh (2002) have con-
structed the predictors for the complete target function using the feasible
versions of generalized least squares and generalized Stein-rule estimators
when the covariance matrix of disturbances is unknown. In earlier works,
the performance of predictors is generally analyzed with respect to the tar-
get function. In this paper, the predictors are constructed which can be
used to predict the average and actual values of study variable simultane-
ously and their properties are studied with respect to the target function,
see also Chaturvedi and Singh (2000).
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6.9 Kalman Filter

The Kalman filter (KF) commonly employed by control engineers and
other physical scientists has been successfully used in such diverse areas
as the processing of signals in aerospace tracking and underwater sonar,
and statistical quality control. More recently, it has been used in some
nonengineering applications such as short-term forecasting and analysis of
life lengths from dose-response experiments. Unfortunately, much of the
published work on KF is in engineering literature and uses a language, no-
tation, and style that is not familiar to statisticians. The original papers on
the subject are Kalman (1960) and Kalman and Bucy (1961). We believe
that KF can be discussed under the general theory of linear models and
linear prediction. We first mention the problem and some lemmas used in
the solution of the problem. All the results in this section are discussed in
a paper by Rao (1994).

6.9.1 Dynamical and Observational Equations

Consider a time sequence of p- and g-vector random variables {x(t), y(¢)},

t=1,2,... with the structural equations
x(t) = Fz(t—1)+&(@) (6.218)
y(t) = Ha(t)+n(t) (6.219)

where F' and H are matrices of order p x p and ¢ x p, respectively, and the
following stochastic relationships hold.

1. {£&(t)} and {n(t)} are independent sequences of p and ¢ ran-
dom vectors with zero means and covariance matrices V; and Wi,
respectively.

2. £(t) and z(u) are independent for ¢ > wu, and n(t) and z(u) are
independent for ¢ > wu.

We can observe only y(t), and not z(t) and the problem is to predict x(t)
given y(1),...,y(t). Generally the covariance matrices V; and W; are inde-
pendent of ¢. In the sequel we take V; = V and W, = W, noting that the
theory applies even if V; and W; are time dependent.

6.9.2 Some Theorems
Consider the linear model

r=AB+¢ (6.220)
wherez :px 1, A:px K, 8: K x1, and £ :px 1,

y=BB+7 (6.221)
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where y: g x 1, B: g x K, n:qx1 with

2(5)-(0)o()-(M ) e

Note that we write D(z) = E[(z — E(z))(z — E(z))’] for the variance-
covariance matrix of a vector variable z and cov(z,y) = E [(z — E(2)) (y —

E(y))l] We wish to predict x given y under different assumptions on the
unknown [3.

Assumption A;: § has a prior distribution with E(8) = [y and D(8) =
I. (This is sometimes possible using technological considerations as in
aerospace tracking problems.)

Assumption As: We may choose a noninformative prior for .
Assumption As: We may consider 3 as an unknown but fixed parameter.

Theorem 6.25 (Rao, 1994) Under A;, the minimum mean-dispersion linear
predictor (MDLP) of x given y is

Afo+ Cly — BA,) (6.223)
where C' = (ATB’ + Vi2)(BTB’ + Vag) ™! with the mean dispersion (MD)

Z

AT A"+ V11 +C(BT B +Va2)C' — (AT B’ + Vi) C' — C (BT A’ + V1) (6.224)

The proof follows on standard lines of finding the linear regression of one
vector variable on another, observing that

E(m) = ABo,E(y) = Bfo (6.225)
D(y) = BIUB' + Vi, cov(z,y) = ATB' + Via. (6.226)

The solution for the noninformative prior is obtained by taking the limit
of (6.223) as T~ — 0.

The case of I' = 0 and a known value of § occurs in economic applications.
The solution in such a case is obtained by putting I' = 0 and 8 = Gy (known
value) in (6.223) and (6.224).

If 3 is a fixed unknown parameter or a random variable with an unknown
prior distribution, we may find predictions independent of 3 as in Theorem
6.25.

Theorem 6.26 (Rao, 1994) Let R(A’) C R(B’). Then a linear predictor of
x whose error is independent of the unknown 3 is (6.229) with the MDLP
(6.230) as given below.

Proof. Let L'y be a predictor of z. The condition that the error z — L'y is
independent of 3 implies

A-L'B=0. (6.227)
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Subject to condition (6.227) we minimize the MDLP
D(z — L'y) = D(€ — D'y) = Viy — L'Vay — VioL + L'Vas L.
The minimum is attained when
VaoL — BA = Vy
B'L = A (6.228)
where A is a Lagrangian matrix multiplier. The optimum L is
L= ‘/251(‘/21 + BG)
where
G = (B'Vyp' B)" (A" = B'Vp' V).
The predictor, which we call a constrained linear predictor (CLP), of x
given y is
(Viz + G'B")Vy'y (6.229)
with the MDLP
Vi1 — ViaViy ' Va1 + G' B’V ' BG'. (6.230)

Note that if § is known, then the second terms in (6.228) and (6.229) are
zero, which is the classical case of unconstrained linear prediction.

Theorem 6.27 (Rao 1994) Suppose that the wvector y in (6.221) has the

partitioned form
-(3)- (1)
Y2 By +n2
with R(A") € R(B}) and R(B}) C R(B}). Let Liy, be the CLP of x given
y1 and Ly, be the CLP of ya given y1. Then the CLP of x given y is
Diy1 + K(y2 — L) (6.231)
where
K = cov(z — Liy1,y2 — Lyy1)[D(y2 — Loyyr)) ™"

Proof. Observe that a linear predictor of  on y; and ys is of the form

&= L'y1 + M'(y2 — Lyy1) = Ly + (L — L1)'y1 + M'(y2 — Lyy) (6.232)

where L and M are arbitrary matrices. Note that if the linear predictor
(6.232) is unbiased for §, that is, E(Z — x) = 0, then E(L — L1)'y1 = 0,
since E(z — Liy}) = 0 and E M'(y2 — L4y:) = 0. Further, it is easy to verify
that
cov((L — L1)'y1, — Liy1)
cov((L = L1)'y1, M(y2 — Lyyr)) =
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In such a case

cov(z —z, &2 —x) =M AM + (L — L) C(L — L) — DM’ — M D' (6.233)

where
A = cov(y2 — Lyyr,y2 — Lays)
C = cov(y,y)
D = cov(yr — Liyi,y2 — Loyr)

Now, by minimizing (6.233) with respect to L and M, we have
M =DA ' L=1,
giving the optimum CLP as
Liyi + DA™ (y2 — Lay1) -

6.9.3 Kalman Model
Consider the Kalman model introduced in (6.218) and (6.219),

z(t) = Fz(t—1)4+&@)t=1,2,... (6.234)
y(t) = Haz(t)+n(t). (6.235)
From (6.234), we have
z(1) = Fxz(0)+&(1)
2(2) = Fa(l)+£(2) = F?2(0) +¢(2), €(2) = FE() +£(2)
z(t) : F'z(0) + €(t), (6.236)
where €(t) = F'71¢(1) + ... + £(t). Similarly,
y(t) = HF'2(0) + 6(t), (6.237)
where §(t) = He(t) + n(t). Writing
y(1) HF 5(1)
)= 4(t) = : AW =1
y(t) HF" o(t)

we have the observational equation
Yt)=Zt)z(0)+At)t=1,2,.... (6.238)

Equations (6.236) and (6.238) are of the form (6.220) and (6.221) with z(0)
in the place of 3; consequently, the results of Theorems 6.25, 6.26 and 6.27
can be used to predict z(s) given Y (¢), depending on the assumptions made
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on z(0). We write such a predictor as x(s|t), and its MDLP by P(s|t). We
are seeking Z(t|t) and its MDLP,

P(t|t) = D (x(t) — &(t]t)) . (6.239)

We will now show how &(¢ + 1|t + 1) can be derived knowing #(¢|t) and its
MDLP. From equation (6.234),

B+ 1) = Fi(tt)
D(&(t + 1]t)) FP[)F' +V = P(t+1]t). (6.240)
From the equation (6.235)
gt +1t) = HF2(t|t)
D[g(t+1Jt)] = HP(t+1[)H + W = S(t+1)
cov[z(t + 1)), 9(t +1t)] = P+ 1t)H =C{t+1).
Then
B4+t +1) =&t + 1t) + Kg(t + 1]t) (6.241)
where
K = Ct+D[SEt+ 1))
D[E(t+ 1t +1)] = P(t+1Jt)—Ct+1)[SEt+1)]'Ct+1) .

(6.242)

Following the terminology in the KF theory, we call the second expression
on the right-hand side of (6.241) the Kalman gain in prediction, which
brings about the reduction in the MDLP by the second term in (6.242).
Thus, starting with Z(¢[t), we can derive Z(t + 1]t + 1). We begin with
Z(s|t) making an appropriate assumption on 2(0) and build up successively
Z(s+10t),. .., 2(t|t).

6.10 Exercises

Ezercise 1. Derive optimal homogeneous and heterogeneous predictors for
X and comment on their usefulness.

Ezercise 2. If we use 6.X,b with 0 as a fixed scalar to predict X, 3, find the
value of 8 that ensures minimum risk under quadratic loss function with A
as the loss matrix.

Ezercise 3. Discuss the main results related to y. superiority and X,.0
superiority of classical and optimal predictors when the disturbances in
the model are independently and identically distributed.
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Ezercise 4. In a classical linear regression model y = X 3+ ¢, the predictor
po can be used for y. as well as E(y,) = X,0. Compare the quantities
E(po—y«) (Po—y«) and E(po— X, 5) (Po — X+ 5), and interpret the outcome.

Exercise 5. Let the performance criterion be given as

E [Mys —5) Wy — ) + (1= N(Xuf = p) W (X — )]
(0 < A < 1) for any predictor p. With respect to it, compare the predictors
]50 and ]33.

Exercise 6. Suppose that the predicted values for y are § from model y =
X161+ €1 and g from model y = X161 + X202 + €2. Compare g and g with
respect to the criteria of unbiasedness and dispersion matrix.
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Sensitivity Analysis

7.1 Introduction

This chapter discusses the influence of individual observations on the es-
timated values of parameters and prediction of the dependent variable for
given values of regressor variables. Methods for detecting outliers and devi-
ation from normality of the distribution of errors are given in some detail.
The material of this chapter is drawn mainly from the excellent book by
Chatterjee and Hadi (1988).

7.2 Prediction Matrix

We consider the classical linear model
y=XB+e e~ (0,021)

with the usual assumptions. In particular, we assume that the matrix X
of order T' x K has the full rank K. The quality of the classical ex-post
predictor p = Xby = § of y with by = (X'X)~1 X"y, the OLSE (ordinary
least-squares estimator), is strongly determined by the T' x T-matrix

P=XX'X)"'X"=(p;j), (7.1)

which is symmetric and idempotent of rank(P) = tr(P) = tr(Ix) = K. The
matrix M = I — P is also symmetric and idempotent and has rank(M) =
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T — K. The estimated residuals are defined by
e=(I-Py = y—Xby

= y—g={— Pe. (7.2)

Definition 7.1 (Chatterjee and Hadi, 1988) The matriz P given in (7.1) is

called the prediction matriz, and the matriz I — P is called the residuals
matrix.

Remark: The matrix P is sometimes called the hat matriz because it maps
y onto g.
The (i, 7)*" element of the matrix P is denoted by p;; where

pij =pji =25 (X'X) ey (i,j=1,...,T). (7.3)
The ex-post predictor § = Xby = Py has the dispersion matrix
V() = a*P. (7.4)

Therefore, we obtain (denoting the i** component of § by ¢; and the i*"
component of € by €;)

var(9;) = o*pii, (7.5)
V©) = V(I-P)y)=o*1-P). (7.6)
var(é;)) = o*(1 —pi)
and for i # j
COV(gi, g]) = *U2pij . (78)

The correlation coefficient between €; and é; then becomes
—Pij

V1= piin/1—=pjj

Thus the covariance matrices of the predictor Xby and the estimator of

error € are entirely determined by P. Although the disturbances ¢; of the

model are i.i.d., the estimated residuals €; are not identically distributed
and, moreover, they are correlated. Observe that

(7.9)

pij = corr(é;, €;) =

T
9i =Y _piyi =pivi + > _pijy; (i=1,...,T), (7.10)
j=1 i
implying that

07i 07

=p;  and = Pij - 7.11

ayz Dii 1 ay] Dij ( )
Therefore, p;; can be interpreted as the amount of leverage each value y; has
in determining y; regardless of the realized value y;. The second relation of
(7.11) may be interpreted, analogously, as the influence of y; in determining

Yi-
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Decomposition of P

Assume that X is partitioned as X = (X1, X3) with X7 : T x p and
rank(X;) = p, Xo : T x (K — p) and rank(X2) = K —p. Let P, =
X1(X]X1)71X] be the (idempotent) prediction matrix for X7, and let
W = (I — P1)X> be the projection of the columns of X5 onto the or-
thogonal complement of X;. Then the matrix P, = W(W'W)~'W’ is the
prediction matrix for W, and P can be expressed as (using Theorem A.45)

P=P, + P (7.12)
or

X(X'X)7' X = X1(X1 X)) ' X[+ (T=P) Xo[X5(I - P) Xo] ' X5(T—Py) .

(7.13)
Equation (7.12) shows that the prediction matrix P can be decomposed into
the sum of two (or more) prediction matrices. Applying the decomposition
(7.13) to the linear model including a dummy variable, that is, y = 1a +
X[+ e, we obtain

11’ =, ~
P=" +X(X'X)' X' =P+ P, (7.14)
and
1 ~ o~
Pi = + (X' X) ", (7.15)

where X = (x;; — Z;) is the matrix of the mean-corrected z-values. This is
seen as follows. Application of (7.13) to (1, X) gives

p=10y 7y =10 (7.16)
and
W=I-P)X = X-1 (;1')()
= X — (12,11, ...,1Zx)
= (z1—Z1,...,TKk — TK). (7.17)

The size and the range of the elements of P are measures for the influence
of data on the predicted values ;. Because of the symmetry of P, we have
Dij = Pji, and the idempotence of P implies

n
Pi =Y Py =P+ 0% (7.18)
j=1 j#i

From this equation we obtain the important property

0<pi <1. (7.19)
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Reformulating (7.18):

Pii = pz?i +p?j + Z p?k (j fixed), (7.20)
k#i,j

which implies that p?; < pi; (1 — ps;), and therefore, using (7.19), we obtain
ij
—0.5<p;; <05 (i#7). (7.21)

If X contains a column of constants (1 or cl), then in addition to (7.19)
we obtain

pi > T (for all 7) (7.22)
and
Pl1=1. (7.23)

Relationship (7.22) is a direct consequence of (7.15). Since X'1 = 0 and
hence P21 =0, we get from (7.14)

T
PlL=1_+0=1. (7.24)

The diagonal elements p;; and the off-diagonal elements p;; (i # j) are
interrelated according to properties (i)—(iv) as follows (Chatterjee and Hadli,
1988, p. 19):

(i) If pi; =1 or p;; = 0, then p;; = 0.
Proof: Use (7.18).
(ii) We have
(piipj; — p3;) = 0. (7.25)

Proof: Since P is nonnegative definite, we have 2’ Pz > 0 for all z,
and especially for x;; = (0,...,0,2;,0,2;,0,...,0), where z; and z;
occur at the i'" and j* positions (i # j). This gives

- (e Dii  Dij X S
x5 Py (@i, x;) ( i Dy ) ( 7, ) >0.

Therefore, P;; = < Pii  Pij ) is nonnegative definite, and hence its
Pbji  Djj
determinant is nonnegative:

|Pij| = piipj; —pi; = 0.
(i) We have

(1 —pii)(1 = pj;) —pj; > 0. (7.26)
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Proof: Analogous to (ii), using I — P instead of P leads to (7.26).
(iv) We have

<1. (7.27)

Proof: Let Z = (X,y), Px = X(X'X)"'X’ and Py = Z(Z'2)"'Z'.
Then (7.13) and (7.2) imply

I—Px)yy/(I—-P
P, — pyy X Px)
At

y'(I — Px)y
€€
= Px+o . (7.28)
€€

Hence we find that the i*" diagonal element of Py is equal to p;; +
¢2/é’e. If we now use (7.19), then (7.27) follows.

Interpretation: If a diagonal element p;; is close to either 1 or 0, then the
elements p;; (for all j # i) are close to 0.

The classical predictor of y is given by § = Xby = Py, and its first
component is §1 = Y pi;y;. If, for instance, p11 = 1, then ¢ is fully
determined by the observation y;. On the other hand, if p;; is close to 0,
then y; itself and all the other observations ys, ..., yr have low influence
on :Igl.

Relationship (7.27) indicates that if p;; is large, then the standardized
residual €;/é¢’¢ becomes small.

Conditions for p;; to be Large

If we assume the simple linear model
yt:a+5$t+€t7 tzla"'7T7

then we obtain from (7.15)

1 x; — T)?
=7 + T( ¢ ) L

> =1 (Tt — )

The size of p;; is dependent on the distance |x; —Z|. Therefore, the influence
of any observation (y;,x;) on g; will be increasing with increasing distance

In the case of multiple regression we have a similar relationship. Let \;
denote the eigenvalues and v; (i = 1,..., K) the orthonormal eigenvectors

of the matrix X’X. Furthermore, let 6;; be the angle between the column
vector z; and the eigenvector «; (4,7 = 1,..., K). Then we have

Dii (7.29)

K
pij = llzill 25> A cos by cos by, (7.30)

r=1
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and
= iz Z)\ COSHU . (7.31)

The proof is straightforward by using the spectral decomposition of X’'X =
I'AT and the definition of p;; and p;; (cf. (7.3)), that is,

Dij = /-(X/X)_ll’j = x;FA_IF’xj

Z Ay xi'yrx;'yr

el s 1S A cos B cos B,

where ||z;| = («}2;)2 is the norm of the vector ;.
Therefore, p;; tends to be large if

(i) xix; is large in relation to the square of the vector norm z’z; of the

other vectors z; (i.e., x; is far from the other vectors z;) or

(ii) a; is parallel (or almost parallel) to the eigenvector corresponding to
the smallest eigenvalue. For instance, let A be the smallest eigenvalue
of X’X, and assume z; to be parallel to the corresponding eigenvector
vk - Then we have cos0; = 1, and this is multiplied by )\I_(l, resulting
in a large value of p;; (cf. Cook and Weisberg, 1982, p. 13).

Multiple X-Rows

In the statistical analysis of linear models there are designs (as, e.g., in the
analysis of variance of factorial experiments) that allow a repeated response

y; for the same fixed z-vector. Let us assume that the i'" row (z;1,. .., Tix)
occurs a times in X. Then it holds that
DPii S ail. (732)

This property is a direct consequence of (7.20). Let J = {j : z; = z;}
denote the set of indices of rows identical to the i*" row. This implies
pij = pii for j € J, and hence (7.20) becomes

pii = apj; + Zp?j > apj;,
J¢J
including (7.32).

Example 7.1: We consider the matrix

1
X=11
1

—_ NN
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with K =2 and T' = 3, and calculate

v (35 rol rove1 L9 =5
X'x = <5 9>, X'X|=2, xXX)7=_( 5 4 ).
05 05 0
P = XX'X)'Xx'={( 05 05 0
0 0 1

The first row and the second row of P coincide. Therefore we have p;; < %
Inserting Z = 5 and Zi’:l(xt — )% = § in (7.29) results in
1 (Il — 9_3’)2
pii =, + o\
3 S(x—7?)

that is, p11 = pa2 = 5 + é?g =) and p3s = 3 + 2?3 =1

7.3 The Effect of a Single Observation
on the Estimation of Parameters

In Chapter 3, we investigated the effect of one variable X; (or sets of vari-
ables) on the fit of the model. The effect of including or excluding columns
of X is measured and tested by the statistic F'.

In this section we wish to investigate the effect of rows (y:, z}) instead of
columns z; on the estimation of 3. Usually, not all observations (y:, z}) have
equal influence in a least-squares fit and on the estimator (X'X)~1X'y.
It is important for the data analyst to be able to identify observations
that individually or collectively have excessive influence compared to other
observations. Such rows of the data matrix (y, X) will be called influential
observations.

The measures for the goodness of fit of a model are mainly based on the
residual sum of squares

€e = (y—Xb)(y— X0)
= y'(I-P)y=¢€(I— P)e. (7.33)

This quadratic form and the residual vector é = (I — P)e itself may change
considerably if an observation is excluded or added. Depending on the
change in € or €¢’¢, an observation may be identified as influential or not. In
the literature, a large number of statistical measures have been proposed
for diagnosing influential observations. We describe some of them and fo-
cus attention on the detection of a single influential observation. A more
detailed presentation is given by Chatterjee and Hadi (1988, Chapter 4).
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7.8.1 Measures Based on Residuals

Residuals play an important role in regression diagnostics, since the 7"
residual é; may be regarded as an appropriate guess for the unknown
random error ;.

The relationship é = (I — P)e implies that ¢ would even be a good
estimator for € if (I — P) ~ I, that is, if all p;; are sufficiently small and
if the diagonal elements p;; are of the same size. Furthermore, even if the
random errors ¢; are i.i.d. (i.e., Eee’ = 02I), the identity ¢ = (I — P)e
indicates that the residuals are not independent (unless P is diagonal) and
do not have the same variance (unless the diagonal elements of P are equal).
Consequently, the residuals can be expected to be reasonable substitutes
for the random errors if

(i) the diagonal elements p;; of the matrix P are almost equal, that
is, the rows of X are almost homogeneous, implying homogeneity
of variances of the é;, and

(ii) the off-diagonal elements p;; (i # j) are sufficiently small, implying
uncorrelated residuals.

Hence it is preferable to use transformed residuals for diagnostic purposes.
That is, instead of € we may use a transformed standardized residual
€ = &/o;, where o; is the standard deviation of the it" residual. Sev-
eral standardized residuals with specific diagnostic power are obtained by

different choices of &; (Chatterjee and Hadi, 1988, p. 73).
(i) Normalized Residual. Replacing o; by (¢¢)2 gives
€

Ve

(ii) Standardized Residual. Replacing o; by s = \/¢’¢/(T — K ), we obtain

(i=1,...,T). (7.34)

Q;

bi:? (i=1,..,T). (7.35)

(iii) Internally Studentized Residual. With &; = s\/1 — p;; we obtain

sv/1 — pi;

(iv) Externally Studentized Residual. Let us assume that the i" obser-
vation is omitted. This fact is indicated by writing the index (i) in
brackets. Using this indicator, we may define the estimator of 02 when
the i'" row (y;, %) is omitted as

(i=1,....T). (7.36)

T

s Yo = Pu)ya

S(Z): T_K_—1 , (ZZI,...7T>. (737)
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If we take 6; = s(i)\/ 1 — pyi, the i*" externally Studentized residual is
defined as
¢
ri = ! i=1,...,T). (7.38)
sy V1 — pii ( )

7.8.2  Algebraic Consequences of Omitting an Observation

Let (y(z-), X (Z-)) denote the remaining data matrix when the i*" observation
vector (Yi, Ti1, .. ., Tk ) is omitted.

Using the rowwise representation of the matrix X’ = (x1,...,27), we
obtain
T
X'X = wwy = Xy X + i) (7.39)
t=1

Assume that rank(X(;) = K. Then the inverse of X&-)X(i) may be
calculated using Theorem A.18 (iv) (if #}(X’X)~'z; # 1 holds) as
(X' X)Ll (X' X)L

/ -1 _ / —1
(X(i)X(i)) =X X) + 1— x;(X’X)*lzz:Z-

(7.40)

This implies that the following bilinear forms become functions of the
elements of the matrix P:
PriPik

/ / —1 _
I7(X(1)X(l)) Ty = Prk + 1— Dii

(r ke #1). (7.41)

The r** diagonal element of the prediction matrix
Py = Xy (X{(5 X))~ X (s

then is
Pri

1imi(r¢n. (7.42)

Prr(i) = Prr +

From (7.42), we observe that Prr(s) may be large if either p,.,. or p;; is large
and/or if p,; is large. Let us look at the case where the i*" row of X occurs
twice. If the r*" row and the i*" row are identical, then (7.42) reduces to
Pii

L —pii
If the i*" row is identical to the r*" row, then (cf. (7.32)) we get p;; < 0.5.
If pi; (= prr) is near 0.5, this implies that p,,(;) (= pii(ry) Will be close to
1 and the influence of the i*" observation on ¢, will be undetected. This is
called the masking effect.

When the i** observation is omitted, then in the reduced data set the
OLSE for 8 may be written as

B(i) = (Xéi)X(i))_lei)y(i) . (7.44)

Prr(i) = (743)
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Therefore, the " residual is of the form

Gy = vi—TBu) =yi— 2 (X (X)) X (¥
X'X —1 i "NX'X —1
=y ey T TR ey
— Dii
i Tib 5y
= yi—abtpay— D ¢ P
I—pi  1—pi
; 2
. PiilYi PiiYi
= Y —Yi T DiilYi — +
L—pii  1—pi
_ Y=Y _ & (7_45)

L—pi  1—pi’

Hence, the difference between the OLSEs in the full and the reduced data
sets, respectively, is seen to be

(X/X)ill’i €;

1 — pii

which can be easily deduced by combining equations (7.44) and (7.40).
Based on formula (7.46) we may investigate the interrelationships among
the four types of residuals defined before. Equations (7.34) and (7.35) pro-

vide us with the relationship between the i*" standardized residual b; and
the it" normalized residual a;:

bi=aVT - K. (7.47)

b— By = , (7.46)

In the same manner it is proved that the i** internally Studentized residual
r; is proportional to b;, and hence to a;, in the following manner:

b; T-K
- _a, _ (7.48)
V1—pi 1 —pi

7.3.3  Detection of Outliers

To find the relationships between the i internally and externally Student-
ized residuals, we need to write (T — K )s? = y/(I — P)y as a function of S%i),
that is, as (T — K — 1)5%0 = Y(;y({ = P(i))y(;)- This is done by noting that
omitting the i** observation is equivalent to fitting the mean-shift outlier
model

y=XB+ed+e, (7.49)
where e; (see Definition A.8) is the i*" unit vector; that is, e;» =(0,...,0,1,
0,...,0). The argument is as follows. Suppose that either y; or =5 deviates

systematically by ¢ from the model y; = /3 + ¢;. Then the i'" observation
(yi, }3) would have a different intercept than the remaining observations
and (y;, z;03) would hence be an outlier. To check this fact, we test the
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hypothesis
Hy: =0 (ie., E(y) = Xp)
against the alternative
Hy:5#0 (ie, E(y) = X3+ eid)
using the likelihood-ratio test statistic

_ (SSE(Ho) — SSE(H.))/1
Fi= SSE(H\)/(T— K —1) ' (7.50)

where SSFE(Hy) is the residual sum of squares in the model y = X3+ ¢
containing all the T observations:
SSE(Hy) =vy'(I — P)y = (T — K)s*.

SSE(Hy) is the residual sum of squares in the model y = X3+ €;6 + e.
Applying relationship (7.13), we obtain

(I — P)esel(I — P)

(X.e)l(X.e) (Xe)] ! (Xoe) =P+, 170

(7.51)

The left-hand side may be interpreted as the prediction matrix P(; when
the i*" observation is omitted. Therefore, we may conclude that

SSE(H1) = (T —K —1)s{y =y (I — Puy)ye)
I — P)eel(I—P)
— / I _ P— ( 1%
! ( (I —Ple )Y
~2
€-
= SSE(Hy) — ’ 7.52
(Ho) =, o (7.52)

holds, where we have made use of the following relationships: (I — P)y = ¢
and e.é = ¢ and, moreover, e;le; = 1 and e} Pe; = pj;.
Therefore, the test statistic (7.50) may be written as

é2

F, = i = (r})?, 7.53
(1- pii)sé) (ri) ( )
where 7 is the i*" externally Studentized residual.
Theorem 7.2 (Beckman and Trussel, 1974) Assume the design matriz X is
of full column rank K.

(i) Ifrank(X(;) = K ande ~ Np(0,0°1), then the externally Studentized
residuals 7 (i=1,... ,T) are tr_ g _1-distributed.
(ii) Ifrank(X(;)) = K — 1, then the residual v is not defined.

Assume rank(X(;)) = K. Then Theorem 7.2 (i) implies that the test
statistic (r})? = F; from (7.53) is distributed as central F} r—x_1 under
Hy and noncentral Fy r—g—1(0%(1 — p;;)o?) under Hi, respectively. The



332 7. Sensitivity Analysis

noncentrality parameter decreases (tending to zero) as p;; increases. That
is, the detection of outliers becomes difficult when p;; is large.

Relationships between 7} and r;

Equations (7.52) and (7.36) imply that

2 (TfK)527 é2
T roK-1 (T—K-1)(1-py)

T—-K—7r?

2 [
= 7.54
8 (TKl) (7:54)

and, hence,
. T—-K-1

Inspecting the Four Types of Residuals

The normalized, standardized, and internally and externally Studentized
residuals are transformations of the OLS residuals €; according to €;/o;,
where o; is estimated by the corresponding statistics defined in (7.34) to
(7.37), respectively. The normalized as well as the standardized residuals
a; and b;, respectively, are easy to calculate but they do not measure the
variability of the variances of the €;. Therefore, in the case of large dif-
ferences in the diagonal elements p;; of P or, equivalently (cf. (7.7)), of
the variances of €;, application of the Studentized residuals r; or r} is well
recommended. The externally Studentized residuals r} are advantageous in
the following sense:

(i) (r})? may be interpreted as the F-statistic for testing the significance
of the unit vector e; in the mean-shift outlier model (7.49).

(ii) The internally Studentized residual r; follows a beta distribution (cf.
Chatterjee and Hadi, 1988, p. 76) whose quantiles are not included in
standard textbooks.

(iii) If r? — T — K then r;? — oo (cf. (7.55)). Hence, compared to r;, the
residual 7} is more sensitive to outliers.

Ezxample 7.2: We go back to Section 3.11.3 and consider the following data
set including the response vector y and the variable X, (which was detected
to be the most important variable compared to X7, X2, and X3):

Y /7 18 47 125 40 37 20 24 35 59 50
Xy -\ -10 19 100 17 13 10 5 22 35 20 )°
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TABLE 7.1. Internally and externally Studentized residuals

i 1 —pi Yi € ri o P =F
1 0.76 11.55 6.45 1.15 1.18
2 0.90 41.29 5.71  0.76 0.74
3 0.14 124.38 0.62 0.06 0.05
4 0.90 39.24 0.76 0.01 0.01
) 0.89 35.14 1.86 0.08 0.07
6 0.88  32.06 -12.06 3.48 5.38
7 0.86 2693 293 0.21 0.19
8 0.90 4437 937 2.05 2.41
9 0.88  57.71 1.29 0.04 0.03
10 0.90 42.32 7.68 1.38 1.46

Including the dummy variable 1, the matrix X = (1,Xy) gives (T =
10, K = 2)

_— 10 231 P
X'X = (231 13153 ) | X'X| = 78169
1 13153 —231
/ —1 _
xx0— = 78169( —-231 10 )

The diagonal elements of P = X (X'X)~1X’ are

p11 = 0.24, pee = 0.12,
p22 = 0.10, p77 = 0.14,
p33 = 0.86, pss = 0.10,
pag = 0.10, Pog = 0.12,
pss =0.11,  p1o10 =0.11,

where > " p;; =2 =K =tr P and p;; > 110 (cf. (7.22)). The value p33 differs
considerably from the other p;;. To calculate the test statistic F; (7.53), we
have to find the residuals & = y; — §; = y; — x}bo, where 4 = (21.80;1.03)
(cf. Section 3.11.3, first step of the procedure). The results are summarized
in Table 7.1.

The residuals 72 and r;? are calculated according to (7.36) and (7.55),
respectively. The standard deviation was found to be s = 6.9.

From Table B.2 (Appendix B) we have the quantile F; 7095 = 5.59,
implying that the null hypothesis Hy: “i*" observation (y;, 1, 24;) is not an
outlier” is not rejected for all ¢ = 1,...,10. The third observation may
be identified as a high-leverage point having remarkable influence on the
regression line. Taking Z, = 23.1 and s%(z4) = 868.544 from Section 3.11.3
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A )/ A
A 4
® L] ® L]
o o ° o o .
. . ° . . .
L] L]
FIGURE 7.1. High-leverage point A FIGURE 7.2. Outlier A

and applying formula (7.29), we obtain

1 (100 — 23.1)2 1 76.92
P33 = + 10 _ =
10 i—1 (_th — 33)2 10  9-868.544

= 0.1040.76 = 0.86.

Therefore, the large value of pss = 0.86 is mainly caused by the large
distance between x43 and the mean value 7, = 23.1.

Figures 7.1 and 7.2 show typical situations for points that are very far
from the others. Outliers correspond to extremely large residuals, but high-
leverage points correspond to extremely small residuals in each case when
compared with other residuals.

7.4 Diagnostic Plots for Testing the Model
Assumptions

Many graphical methods make use of the residuals to detect deviations from
the stated assumptions. From experience one may prefer graphical methods
over numerical tests based on residuals. The most common residual plots
are

(i) empirical distribution of the residuals, stem-and-leaf diagrams, Box-
Whisker plots;

(ii) normal probability plots;
(iii) residuals versus fitted values or residuals versus z; plots (see

Figures 7.3 and 7.4).

These plots are useful in detecting deviations from assumptions made on
the linear model.

The externally Studentized residuals also may be used to detect viola-
tion of normality. If normality is present, then approximately 68% of the
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FiGURE 7.3. Plot of the residuals é; FIGURE 7.4. No violation of linearity
versus the fitted values ¢: (suggests
deviation from linearity)

FI1GURE 7.5. Signals for heteroscedasticity

residuals r} will be in the interval [—1,1]. As a rule of thumb, one may
identify the i*" observation as an outlier if |r}| > 3.
If the assumptions of the model are correctly specified, then we have

cov(é,9') =E ((I — P)ee’P) =0. (7.56)

Therefore, plotting & versus §; (Figures 7.3 and 7.4) exhibits a random
scatter of points. A situation as in Figure 7.4 is called a null plot. A plot
as in Figure 7.5 indicates heteroscedasticity of the covariance matrix.

7.5 Measures Based on the Confidence Ellipsoid

Under the assumption of normally distributed disturbances, that is, € ~
N(0,0%I), we have by = (X' X)"' X'y ~ N(B,02(X'X)~!) and

(8 = bo) (X' X)(B = bo)

s ~ Frr k. (7.57)
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Then the inequality

(8 = bo)" (X" X)(B = bo)
Ks?
defines a 100(1 — )% confidence ellipsoid for 8 centered at by. The in-
fluence of the i'" observation (y;,}) can be measured by the change of
various parameters of the ellipsoid when the i*" observation is omitted.
Strong influence of the " observation would be equivalent to significant
change of the corresponding measure.

<Frr-Kil-o (7.58)

Cook’s Distance

Cook (1977) suggested the index
(b= B X' X (b= b))

G = K2 (7.59)
- 9@0) G- 9w) .
— s (i=1,...,T) (7.60)

to measure the influence of the it" observation on the center ot: the con-
fidence ellipsoid or, equivalently, on the estimated coefficients ((;) (7.44)

or the predictors ;) = Xﬁ(i). The measure C; can be thought of as the

scaled distance between b and ;) or § and 9;), respectively. Using (7.46),
we immediately obtain the following relationship:
1 pi
Ci = b 7“2

. 7.61
K1—-pi v (7.61)

where 7; is the it internally Studentized residual. C; becomes large if p;;
and/or r? are large. Furthermore C; is proportional to r2. Applying (7.53)
and (7.55), we get

r2(T — K —1)

~Fir_ g1
Tfori2 ’ ’

indicating that C; is not exactly F-distributed. To inspect the relative
size of C; for all the observations, Cook (1977), by analogy of (7.58) and
(7.59), suggests comparing C; with the Fix 7_ g-percentiles. The greater the
percentile corresponding to C;, the more influential is the i*" observation.

Let for example K = 2 and T = 32, that is, (T — K) = 30. The 95% and
the 99% quantiles of F; 3¢ are 3.32 and 5.59, respectively. When C; = 3.32,
B(i) lies on the surface of the 95% confidence ellipsoid. If C; = 5.59 for j # i,
then B(j) lies on the surface of the 99% confidence ellipsoid, and hence the
jt* observation would be more influential than the i** observation.
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Welsch-Kuh's Distance

The influence of the i*" observation on the predicted value §; can be mea-
sured by the scaled difference (§; — #;(s))—by the change in predicting y;
when the i*" observation is omitted. The scaling factor is the standard
deviation of §; (cf. (7.5)):

|9 — Z?i(i)| _ |27 (b — B(i)”
o\/Pii o/ Pii

Welsch and Kuh (1977) suggest the use of s;) (7.37) as an estimate of o
in (7.63). Using (7.46) and (7.38), (7.63) can be written as

| (X X) " |
WKl — Pii
S(iy\/Dii

- 'TW i (7.63)

. (7.62)

L—pi
WK, is called the Welsch-Kuh statistic. When 7} ~ tp_g_1 (see Theo-
rem 7.2), we can judge the size of WK, by comparing it to the quantiles
of the tp_k_1-distribution. For sufficiently large sample sizes, one may
use 21/K/(T — K) as a cutoff point for WK;, signaling an influential i*"
observation.

Remark: The literature contains various modifications of Cook’s distance
(cf. Chatterjee and Hadi, 1988, pp. 122-135).

Measures Based on the Volume of Confidence Ellipsoids

Let 2’Axz < 1 define an ellipsoid and assume A to be a symmetric
(positive-definite or nonnegative-definite) matrix. From spectral decompo-
sition (Theorem A.30), we have A = TAI”, TT = I. The volume of the
ellipsoid 2’ Az = (2’ T)A(I"z) = 1 is then seen to be

K
V=ck [[N?=cxVIA,
=1

that is, inversely proportional to the root of |A|. Applying these arguments
to (7.58), we may conclude that the volume of the confidence ellipsoid
(7.58) is inversely proportional to |X’X]|. Large values of |X’'X| indicate
an informative design. If we take the confidence ellipsoid when the "
observation is omitted, namely,

(B = Bw) (X(1X) (B = B)
K

then its volume is inversely proportional to | X {i)X (iy|- Therefore, omitting

<Frkr-K-11-a (7.64)

an influential (informative) observation would decrease | X(;) X ;) | relative to
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|X’X|. On the other hand, omitting an observation having a large residual
will decrease the residual sum of squares S%i) relative to s2. These two ideas
can be combined in one measure.

Andrews-Pregibon Statistic

Andrews and Pregibon (1978) have compared the volume of the ellipsoids
(7.58) and (7.64) according to the ratio
T— K —1)s2 X\ X,
( ) (z)‘ (i)“*( )\ (7.65)
(T — K)s?| X' X|

Let us find an equivalent representation. Define Z = (X, y) and consider
the partitioned matrix

X'Xx X
7'7 = < /X y,;/ ) . (7.66)
Since rank(X’'X) = K, we get (cf. Theorem A.16 (vii))
72 = XXy -y X(X'X) Xy
= [X'X|('(I = P)y)
= |X'X|(T - K)s*. (7.67)
Analogously, defining Z(;) = (X(;), y()), we get
20y 2| = | X{5 X@)|(T — K = 1)s{;. (7.68)
Therefore the ratio (7.65) becomes
| ZyZ )
|(Z), Z (7.69)

Omitting an observation that is far from the center of data will result in
a large reduction in the determinant and consequently a large increase in
volume. Hence, small values of (7.69) correspond to this fact. For the sake
of convenience, we define

‘Zzi)Z(i)‘

AP =1— ,
12" Z|

(7.70)

so that large values will indicate influential observations. AP; is called the
Andrews-Pregibon statistic.

Using Z(; Z(;) = Z'Z — 2z with z; = (7, y;) and Theorem A.16 (x), we
obtain
Z'Z|(1 = 2U(Z2'Z) " z)
\Z/Z\(l — Pzii)
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implying that
AP = pii, (7.71)

where p.;; is the it* diagonal element of the prediction matrix Py =
Z(Z'Z)~1Z'. From (7.28) we get

€2
Dzii = Pii + é,lé . (7.72)

Thus AP; does not distinguish between high-leverage points in the X-space
and outliers in the Z-space. Since 0 < p,;; < 1 (cf. (7.19)), we get

0< AP, <1. (7.73)

If we apply the definition (7.36) of the internally Studentized residuals r;
and use s = &¢/(T — K), (7.73) implies

2
1
AP =pii+ (1 —pi) . 74
put (=i " (.1
or
2

(1-AP) = (1 —py) (1 TTEK). (7.75)

The first quantity of (7.75) identifies high-leverage points and the second
identifies outliers. Small values of (1—AP;) indicate influential points (high-
leverage points or outliers), whereas independent examination of the single
factors in (7.75) is necessary to identify the nature of influence.

Variance Ratio

As an alternative to the Andrews-Pregibon statistic and the other meas-
ures, one can identify the influence of theAith observation by comparing the
estimated dispersion matrices of by and ;)

V(bo) = s*(X'X)™" and  V(B)) = sy (X(n X))~

by using measures based on the determinant or the trace of these matrices.
If (X Ei)Xi) and (X'X) are positive definite, one may apply the following
variance ratio suggested by Belsley et al. (1980):

152, (X X ()

[s*(X"X) ]

) xx|
: . (7.77)
(52> XX

VR; (7.76)
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TABLE 7.2. Cook’s C;; Welsch-Kuh, W K;; Andrews-Pregibon, A P;; variance ratio
V R;, for the data set of Table 7.1

1 C; WK; AP, VR,
1 0182 0.610 0.349 1.260
2 0.043 0.289 0.188 1.191
3 0166 0.541 0.858 8.967
4 0.001 0.037 0.106 1.455
5 0.005 0.096 0.122 1.443
6 0241 0.864 0.504 0.475
7 0.017 0.177 0.164 1.443
8§ 0.114 0.518 0.331 0.803
9 0.003 0.068 0.123 1.466
10 0.078 0.405 0.256 0.995

Applying Theorem A.16 (x), we obtain

= |X'X|(1 - 2H(X'X) " ay)

With this relationship and using (7.54), we may conclude that

T-K-—r2\" 1
VRZ-<T_K_1> L (7.78)

Therefore, V R; will exceed 1 when 7? is small (no outliers) and p;; is large
(high-leverage point), and it will be smaller than 1 whenever r? is large
and p;; is small. But if both 72 and p;; are large (or small), then V R; tends
toward 1. When all observations have equal influence on the dispersion
matrix, V R; is approximately equal to 1. Deviation from unity then will
signal that the i*" observation has more influence than the others. Belsley
et al. (1980) propose the approximate cut-off “quantile”

3K

VR =1z . (7.79)

Ezample 7.8 (Ezample 7.2 continued): We calculate the measures defined
before for the data of Example 7.2 (cf. Table 7.1). Examining Table 7.2,
we see that Cook’s C; has identified the sixth data point to be the most
influential one. The cutoff quantile 2\/ K/T — K =1 for the Welsch-Kuh
distance is not exceeded, but the sixth data point has the largest indication,
again.

In calculating the Andrews-Pregibon statistic AP; (cf. (7.71) and (7.72)),
we insert ¢'¢ = (T — K)s* = 8- (6.9)% = 380.88. The smallest value (1 —
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AP;) = 0.14 corresponds to the third observation, and we obtain

8
= 0.14- (1 —0.000387),

(1—AP;) =014 = (1—pgs) <1r§)

indicating that (ys,x3) is a high-leverage point, as we have noted already.
The sixth observation has an AP; value next to that of the third observa-
tion. An inspection of the factors of (1 — AFs) indicates that (yg, 26) tends
to be an outlier:

(1 — APs) = 0.496 = 0.88 - (1 — 0.437).

These conclusions hold for the variance ratio also. Condition (7.79), namely,
VR, —1| > 160, is fulfilled for the third observation, indicating significance
in the sense of (7.79).

Remark: In the literature one may find many variants and generaliza-
tions of the measures discussed here. A suitable recommendation is the
monograph of Chatterjee and Hadi (1988).

7.6 Partial Regression Plots

Plotting the residuals against a fixed independent variable can be used to
check the assumption that this regression has a linear effect on y. If the
residual plot shows the inadequacy of a linear relation between y and some
fixed X;, it does not display the true (nonlinear) relation between y and X;.
Partial regression plots are refined residual plots to represent the correct
relation for a regressor in a multiple model under consideration. Suppose
that we want to investigate the nature of the marginal effect of a variable
X, say, on y in case the other independent variables under consideration
are already included in the model. Thus partial regression plots may provide
information about the marginal importance of the variable X} that may
be added to the regression model.

Let us assume that one variable X7 is included and that we wish to add a
second variable X5 to the model (cf. Neter, Wassermann and Kutner, 1990,
p. 387). Regressing y on X7, we obtain the fitted values

§i(X1) = Bo + z1ify = 21551 (7.80)
where
B = (Bo, 1) = (X{X1) "' Xy (7.81)
and X; = (1,21).
Hence, we may define the residuals
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Regressing X5 on X1, we obtain the fitted values
Boi(X1) = #1003 (7.83)
with b} = (X} X1)"'X/|xzy and the residuals

ei(X2|X1) = @2 — 22:(X1). (7.84)
Analogously, in the full model y = Gy + X161 + X202 + €, we have
e (Y| X1, X2) =y — 9:(X1, Xa), (7.85)
where
§i(X1, X2) = X1b1 + Xoby (7.86)
and by and by are as defined in (3.105) (replace X; by X;). Then we have
e(Y|X1,X2) = e(Y|X1) — bae(Xa|X1) . (7.87)
The proof is straightforward. Writing (7.87) explicitly gives
y—Xib— Xoby = [y— Xi(X1X1) "' X1y
—[X2 - X1(X1X1) 7 X]bs
= Mi(y— Xabo) (7.88)

with the symmetric idempotent matrix
M, =1-X,(X| X)) 'X;. (7.89)
Consequently, (7.88) may be rewritten as
X1 (X!IX) 71X (y — Xaby — by) = 0. (7.90)

Using the second relation in (3.106), we see that (7.90) holds, and hence
(7.87) is proved.

The partial regression plot is obtained by plotting the residuals e;(Y|X7)
against the residuals e;(X3|X7). Figures 7.6 and 7.7 present some stan-
dard partial regression plots. If the vertical deviations of the plotted points

around the line e(Y]|X;) = 0 are squared and summed, we obtain the
residual sum of squares
RSS%, = (y - X1(X{X1>71X{y)/(y - 5(1(5({)?1)*15({1/)
= y/Mly
/
= [e(y|X1)] [B(Y\Xl)]- (7.91)

The vertical deviations of the plotted points in Figure 7.6 taken with
respect to the line through the origin with slope b; are the estimated resid-
uals e(Y| X1, X32). Using relation (3.159), we get from (7.86) the extra sum
of squares relationship

SSreg(X2|X1) = RSSg, — RSSk, y, - (7.92)



7.7 Regression Diagnostics for Removing an Observation with Graphics 343

e(Y]Xy)

A °

FIGURE 7.6. Partial regression plot (of e(X2|X1) versus e(Y|X1)) indicating no
additional influence of X2 compared to the model y = Bo + X101 + €

e(Y]X1) .

A [

FIGURE 7.7. Partial regression plot (of e(X2|X1) versus. e(Y|X1)) indicating
additional linear influence of X5

This relation is the basis for the interpretation of the partial regression
plot: If the scatter of the points around the line with slope b2 is much
less than the scatter around the horizontal line, then adding an additional
independent variable X5 to the regression model will lead to a substantial
reduction of the error sum of squares and, hence, will substantially increase
the fit of the model.

7.7 Regression Diagnostics for Removing an
Observation with Graphics

Graphical techniques are an essential part of statistical methodology. One
of the important graphics in regression analysis is the residual plot. In
regression analysis the plotting of residuals versus the independent variable
or predicted values has been recommended by Draper and Smith (1998)
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and Cox and Snell (1968). These plots help to detect outliers, to assess the
presence of heterogeneity of variance, and to check model adequacy. Larsen
and McCleary (1972) introduced partial residual plots, which can detect
the importance of each independent variable and assess some nonlinearity
or necessary transformation of variables.

For the purpose of regression diagnostics Cook and Weisberg (1989) in-
troduced dynamic statistical graphics. They considered interpretation of
two proposed types of dynamic displays, rotation and animation, in regres-
sion diagnostics. Some of the issues that they addressed by using dynamic
graphics include adding predictors to a model, assessing the need to trans-
form, and checking for interactions and normality. They used animation to
show dynamic effects of adding a variable to a model and provided methods
for simultaneously adding variables to a model.

Assume the classical linear, normal model:

y = XB+e
X181+ Xofs4+¢, €~ N(0,0°1). (7.93)

X consists of X; and X5 where X is a T x (K — 1)-matrix, and X5 is a
T x 1-matrix, that is, X = (X7, X2). The basic idea of Cook and Weisberg
(1989) is to begin with the model y = X161 + € and then smoothly add
X, ending with a fit of the full model y = X161 + X205 + €, where
is a (K — 1)-vector and (2 is an unknown scalar. Since the animated plot
that they proposed involves only fitted values and residuals, they worked
in terms of a modified version of the full model (7.93) given by

y = ZB" +e
X107 4+ Xof5 + € (7.94)
where Xy = Q1X2/||Q1X2]| is the part of X5 orthogonal to X7, normalized
to unit length, @, = I — P, P, = X3(X|X1)7'X!, Z = (X1, X»), and
B = (8155

Next, for each 0 < A < 1, they estimate 8* by

2 ! I-A I - !
=272+ ) e Z'y (7.95)
where e is a K-vector of zeros except for single 1 corresponding to Xo.
Since
1-x N\ X)X, 0 -
72'7Z + ee’ = 1 5o _
< A 0 XiXo4+ 1
B < xXix; o\ "
- 1 ’
0’ X
we obtain

=

By = ((X{X1~)_1X{y>
AX5y '
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So as A tends to 0, (7.95) corresponds to the regression of y on X; alone.
And if A = 1, then (7.95) corresponds to the ordinary least-squares regres-
sion of y on X; and X5. Thus as A increases from 0 to 1, /3’)\ represents
a continuous change of estimators that add X5 to the model, and an an-
imated plot of é(\) versus §()\), where é(A\) = y — §(\) and §(\) = ZpBh,
gives a dynamic view of the effects of adding X to the model that al-
ready includes X;. This idea corresponds to the weighted mixed regression
estimator (8.47).

Using Cook and Weisberg’s idea of animation, Park, Kim and Touten-
burg (1992) proposed an animating graphical method to display the effects
of removing an outlier from a model for regression diagnostic purpose.

We want to view dynamic effects of removing the i*" observation from the
model (7.93). First, we consider the mean shift model y = X 5+;e;+€ (see
(7.49)) where e; is the vector of zeros except for single a 1 corresponding
to the i'" observation. We can work in terms of a modified version of the
mean shift model given by

y = Zp" +e
= XfB+~iéete (7.96)
where é; = Qe;/||Qze;|| is the orthogonal part of e; to X normalized to
unit length, Q = I — P, P = X(X'X)"'X', Z = (X, &), and §* = (f)
And then for each 0 < A < 1, we estimate 5* by

) i I=2A /_1 i
Oy= |27+ ) €€ Z'y, (7.97)

where e is the (K + 1)-vector of zeros except for single a 1 for the (K + 1)t
element. Now we can think of some properties of 8. First, without loss
of generality, we take X and y of the forms X = (XZ(,)) and y = (y;)),
where z is the i row vector of X, X(;) is the matrix X without the ith
row, and y;) is the vector y without y;. That is, place the i*" observation

to the bottom and so e; and e become vectors of zeros except for the last
1. Then since

1-x N\t x'x o\! X'X)"' 0
(ZIZ+ /\ 66’) = ( Ol >1\ — ( 0/) )\
and
X'y
s2=(5)
Y

- ()

we obtain

¥
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and
G\ = ZBy=X(X'X)" X'y + Nee'y.

Hence at A = 0, §(A\) = (X'X) ™' X'y is the predicted vector of observed
values for the full model by the method of ordinary least squares. And at
A =1, we can get the following lemma, where 3;) = (X(’i)X(i))_lX(i)y(i).

o [ X@Ba
1) =
9(1) ( " >

Proof: Using Theorem A.18 (iv),
(X/X)_l = (X(/z)X(z) + xixg)_l
T+t 7

Lemma 7.3

= (XpXa) ™' -
where
ti = x;(X(/i)X(i))_lxi .
We have
P = X(X'X)'Xx'

X(i) ’ ~1 (X(/i)X(i))71xix;<XEi)X(i)>71 /
N < j > <(X(i)X(i)) - L+t X

and
Py=X(X'X)"'X'y
_ ([ X@Ba) = 1, (Ko (X X)) ™ By — Xy (X(y X)) ") |
1+1m (23 By + tiiyi)

Since
(I-Pei= | (Xw (sz-)X(i))ll’i)

14t 1

and
=Pl =
1+t
we get
Gy = (an(X{i)X(i))lIixéﬁgi) - X (Xéi)X(i))lxiyi> |
1+t —x; B0y + v

Therefore,

X B
X(X'X)" Xy + &6y = ( (”ﬁ“)) :
Yi
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Thus as A increases from 0 to 1, an animated plot of é(\) versus \ gives
a dynamic view of the effects of removing the i*" observation from model
(7.93).

The following lemma shows that the residuals é(\) and fitted values §()\)
can be computed from the residuals ¢, fitted values § = §(0) from the full
model, and the fitted values §(1) from the model that does not contain the

h observation.

Lemma 7.4
(1) 9(A) = Ag(1) + (1 - /\)@)(0)
(i) éA) =e=AH(1) —9(0))
Proof: Using the fact
X'X X'ej) 1
et X ele;
(X'X)'+(X'X)"'X'e;HelHe! X (X'X)™! —(X'X)"'X'e;H
—He!X(X'X)™! H

where
H = (ce;—e/X(X'X) ' Xey)™?
= (ej(I = P)e;)™"
1
1Qeil[?”

we can show that P(X,e;), the projection matrix onto the column space
of (X, e;), becomes

X'X Xe \ /X
Poe) = o0 e (A Sy ()
I—P I— P
_ pf Jeie; (2 )
|| Qe
= P+éé,
Therefore
g = XX'X)'X'y+ desely

9(0) + AMP(X, i) = Py
A(O) A(g(1) = 9(0))
= Ag(1) + (1= N)g(0)
and property (ii) can be proved by the fact that
€A = y—9)
= v 9(0) = A(g(1) — 9(0))
= = A1) - 9(0)).
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Because of the simplicity of Lemma 7.4, an animated plot of €(\) versus
§(A\) as A is varied between 0 and 1 can be easily computed.

The appropriate number of frames (values of A) for an animated residual
plot depends on the speed with which the computer screen can be refreshed
and thus on the hardware being used. With too many frames, changes often
become too small to be noticed, and as consequence the overall trend can
be missed. With too few frames, smoothness and the behavior of individual
points cannot be detected.

When there are too many observations, and it is difficult to check all an-
imated plots, it is advisable to select several suspicious observations based
on nonanimated diagnostic measures such as Studentized residuals, Cook’s
distance, and so on.

From animated residual plots for individual observations, ¢ = 1,2,...,n,
it would be possible to diagnose which observation is most influential in
changing the residuals €, and the fitted values of y, §()\), as A changes
from 0 to 1. Thus, it may be possible to formulate a measure to reflect
which observation is most influential, and which kind of influential points
can be diagnosed in addition to those that can already be diagnosed by
well-known diagnostics. However, our primary intent is only to provide a
graphical tool to display and see the effects of continuously removing a
single observation from a model. For this reason, we do not develop a new
diagnostic measure that could give a criterion when an animated plot of
removing an observation is significant or not. Hence, development of a new
measure based on such animated plots remains open to further research.

Example 7.4 (Phosphorus Data): In this example, we illustrate the use of
€(A) versus g(\) as an aid to understanding the dynamic effects of removing
an observation from a model. Our illustration is based on the phosphorus
data reported in Snedecor and Cochran (1967, p. 384). An investigation of
the source from which corn plants obtain their phosphorus was carried out.
Concentrations of phosphorus in parts per millions in each of 18 soils was
measured. The variables are

X1 = concentrations of inorganic phosphorus in the soil,
Xo
Y

concentrations of organic phosphorus in the soil, and

phosphorus content of corn grown in the soil at 20°C.

The data set together with the ordinary residuals e;, the diagonal terms
hi; of hat matrix H = X(X’'X)~'X’, the Studentized residuals r;, and
Cook’s distances C; are shown in Table 7.3 under the linear model assump-
tion. We developed computer software, that plots the animated residuals
and some related regression results. The plot for the 17" observation shows
the most significant changes in residuals among 18 plots. In fact, the 17"
observation has the largest target residual e;, Studentized residuals r;;, and
Cook’s distances C;, as shown in Table 7.3.
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Soil X1 Xg Yy €; hii T Cl
1 04 53 64 2.44  0.26 0.14 0.002243
04 23 60 1.04 0.19 0.06 0.000243
3.1 19 71 7.556 0.23 0.42 0.016711
06 34 61 0.73 0.13 0.04 0.000071
4.7 24 54 -12.74 0.16 -0.67 0.028762
1.7 65 7 12.07 0.46 0.79 0.178790
94 44 81 4.11 0.06 0.21  0.000965
101 31 93 15.99 0.10 0.81 0.023851
9 11.6 29 93 13.47 0.12  0.70 0.022543
10 12,6 58 51 -32.83 0.15 -1.72 0.178095
11 109 37 7% -297 0.06 -0.15 0.000503
12 23.1 46 96 -5.58 0.13 -0.29 0.004179
13 231 50 77 2493 0.13 -1.29 0.080664
14 216 44 93 -5.72 0.12 -0.29 0.003768
15 231 56 95 745 0.15 -0.39 0.008668
16 19 36 54 =877 0.11 -045 0.008624
17 26.8 58 168 58.76 0.20  3.18 0.837675
18 299 51 99 -15.18 0.24 -0.84 0.075463

0 O Ui W N

TABLE 7.3. Data, ordinary residuals e;, diagonal terms h;; of hat matrix
H = X(X’X)le', studentized residuals r;, and Cook’s distances C; from
Example 7.4

Figure 7.8 shows four frames of an animated plot of é(X) versus g(X) for
removing the 17t" observation. The first frame (a) is for A = 0 and thus
corresponds to the usual plot of residuals versus fitted values from the re-
gression of y on X = (X1, X3), and we can see in (a) the 17!" observation
is located on the upper right corner. The second (b), third (c), and fourth
(d) frames correspond to A = ;, g, and 1, respectively. So the fourth frame
(d) is the usual plot of the residuals versus the fitted values from the re-
gression of y(17y on X(;7) where the subscript represents omission of the
corresponding observation. We can see that as A increases from 0 to 1,
the 17t observation moves to the right and down, becoming the rightmost
point in (b), (c), and (d). Considering the plotting form, the residual plot
in (a) has an undesirable form because it does not have a random form in a
band between —60 and +60, but in (d) its form has randomness in a band
between —20 and +20.
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FIGURE 7.8. Four frames A =0 (a), A=} (b), A= 3 (c) and A =1 (d) (left to
right, top down) of an animated plot of €(\) versus g()) for data in Example 7.4
when removing the 17th observation (marked by dotted lines).

7.8 Model Selection Criteria

Consider a set of regression models with a study variable y and K explana-
tory variables Xi,..., Xk that can be fitted to a given set of data. The
question then arises how to select a good model that has good agreement
with the observed data. This also pertains to how to select the number of
explanatory variables in the model which yield a ‘good’ model. A simple
approach for model selection is to choose a model with smallest resid-
ual sum of squares (RSS). Another criterion is based on the coefficient
of determination R? and adjusted R? which suggest to select the model
with the higher coefficient of determination. Some other popular criteria of
model selection are Akaikes Information Criterion (AIC, Akaike (1973)),
the Bayesian Information Criterion (BIC, Schwarz (1978)) and Mallows C,,
(Mallows (1973)) which we introduce in the following subsections.
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7.8.1 Akaikes Information Criterion

One approach to select a good model from a set of candidate models is to
use Akaikes Information Criterion (AIC) due to Akaike (1973). Its concept
is based on the relationship between information theory and likelihood
theory.

Kullback and Leibler (1951) presented an approach to quantify the
information and defined the Kullback-Leibler distance function as

1t1.9) = [ g (! )as

g(x)

- / f(z) - og(f(x))dz — / f(x) log(g(x))dzx  (7.98)

which can be considered as a measure of distance between the two functions
f and g. These functions can be two different models from the selection
point of view in the context of linear regression analysis. Let f denote the
underlying but unknown true model and g(z|f) denote any approximation
to it which depends on the unknown parameters to be estimated. Then the
Kullback-Leibler distance function is

I(f,g(zl0) = / F() - og(f(x))de — / £(z) - og(g(z]6))dx
— Efllog(f(z >>] Ey[log(g(z]6))] (7.99)

The model g,(z|f) is said to be better than gy(x|6) in the sense of
Kullback-Leibler distance if I(f, gq(z|0)) < I(f,gs(z|f)). In such a case
the distance between model g,(x|f) and f is smaller than the distance be-
tween gp(x|6) and f. Therefore the aim is to search a model g(x|@) which
minimizes the Kullback-Leibler distance I(f, g(x|0)). Using (7.99), we note
that

fvga $|9)) < [ f7gb $|9))
& Eyflog(f(x))] — Ef[log(ga(x10))] < Efllog(f(z))] — Ef[log(gs(x|0))]
& —Eyflog(ga(z0)) < —Eg[log(gs(x0))]. (7.100)

Thus (7.100) indicates that the term Ef[log(f(x))] can be treated as a con-
stant for the comparison between two models and therefore E ;[log(g(x|0))]

becomes the function of interest. Let 6(y) denote an estimator of  based
on observations y. Since 6 is usually unknown and has to be estimated from
the data, so one can consider on minimizing the expected Kullback—Leibler

distance E, [I(f,g(|é(y)))} instead of (7.99). One good approach in such

cases is to use the maximum likelihood estimate of 6.
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So, using (7.100),

B, [17.9060))] = [ f)los(fa))da

= C-E,E, |logly(aldy))]  (7.101)

where C is a constant term. Akaike found a relationship between the second
term of (7.101) and the log-likelihood function. He showed, that

By B, [loglg(wl0(y))]] ~ L(Bly) - K (7.102)

where L(f]y) denotes the maximized log-likelihood for the model g and K is
the the number of estimable parameters in the approximating model. The
readers are referred to Burnham and Anderson (2002) for the derivation of
(7.102). The AIC can further be expressed as

AIC = —2L(ly) + 2K . (7.103)

Burnham and Anderson (2002) state that Akaike multiplied the bias—
corrected log-likelihood by —2 for the reasons like e.g., that it is well known
that -2 times the logarithm of the ratio of two maximized likelihood values is
asymptotically chi-squared under certain conditions and assumptions. Two
points frequently arise and we note this here. Firstly, the model associated
with the minimum AIC remains unchanged if the bias corrected likelihood
(i.e., log L— K) is multiplied by —0.17, —34, or —51.3, or any other negative
number. Thus the minimization is not changed by the multiplication of both
the terms by a negative constant; Akaike merely chooses —2. Secondly, some
investigators have not realized the formal link between Kullback-Leibler
information and AIC and believed that the number 2 in the second term in
AIC was somehow arbitrary and other numbers should also be considered.
This error has led to considerable confusion in the technical literature;
clearly, K is the asymptotic bias correction and is not arbitrary. Akaike
chooses to work with —2log L rather than log L; thus the term 42K is
theoretically correct for large sample size. As long as both the terms (the
log-likelihood and the bias correction) are multiplied by the same negative
constant, the minimization of AIC in (7.103) gives the same result and
nothing is arbitrary.

The model with smallest AIC, which in turn is closest to the unknown
true model, is said to be the best model under AIC criterion. In case of a
linear regression model, AIC can be written as:

AICLy =T -(RSS) + 2K — T - In(T). (7.104)

The second terms in (7.103) and (7.104) are often termed as penalty term.
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7.8.2  Bayesian Information Criterion

Another criterion for model selection is the Bayesian information criterion
(BIC) developed by Schwarz (1978). Let M = {M,..., Mk} be the set
M of a finite number of models. The model which maximizes the posterior
probability

f(yIM;) p(M;)
f(y)

is said to be optimal under the Bayesian approach. Here p(M;) denotes

the apriori probability of the model M; and f(y|M;) is the probability

distribution of y given M;. Assuming that all models have the same apriori

probability, so maximizing P(M;|y) o f(y|M;) yields the best model. It

can be shown (Schwarz (1978)) that

P(M;y) = i=1,...,K (7.105)

A K
In f(y|My) ~ In L(0]y) — 5 -InZ. (7.106)
The Bayesian information criterion (BIC) is
BIC = —2L(0ly) + Inn - K (7.107)

which has a form similar to AIC. In case of a linear regression model, the
Bayesian information criterion can also be written as

BICpy =T -In(RSS) + In(T) K —n - In(T). (7.108)

Note that corresponding to AIC, the second term in (7.107) and (7.108)
are called as penalty term. The BIC is more likely to choose a parsimonious
model due to this penalty term.

7.8.3 Mallows C,

Another method of model selection based on Mallows C), aims in determin-
ing a good model which fits to the observed data well. Assume that the
linear regression model

y = X B ) 4 (K B~ N(0,0%1) (7.109)

is the true regression model with K explanatory variables. Consider a sub-
model of (7.109) with p < K explanatory variables

y= X 3w | ) ¢® ~ N(0,021) (7.110)

as the model of interest. Assume that ¢5) and ¢® are independent. The
least squares principle applied to (7.110) yields the OLSE of ) as

AP = (x @) x®)=1 x @)y (7.111)
The corresponding fitted value is

g(p) _ X(p)/é’(p) _ p(p)y (7.112)
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where
p@) = x @) (x®) x@))-1x @)

is the corresponding hat matrix. The mean squared prediction error
(MSPE) of the submodel (7.110) is defined as

T
MSPE, = B[} ~u")’]
B[Sl - o ]

= S [Ba 30 - e’

=1

~

+3 VP ) (7.113)
where z} is the t*" row vector of X. Since
E(x(p)ﬁ(p)) - E(p(p)y) = pw) x (K)g(K) (7.114)
o (7.113) can be expressed further as

MSPE, = XT:[—(I—PF)) (K)} +ZV

t=1
- (X(K)ﬁ(K)y(]_p(p)) (]_p(p))<X(K ﬁ(K)>

T
+3 V(@ ). (7.115)
t=1
Note that
(I —PP)y ~ N((I - PP)XxE)IgIE) 521 - pP)) (7.116)

and therefore the first term of equation (7.115) can be written as

T

[Z(yt - :t}(p))ﬂ — o?tr(l — PP)). (7.117)

t=1

The second term in (7.115) is

SVEP BP) = a(VE®P)) = po’ (7.118)

because

g = x@ e o N(p@) x K gE) 52 p@)y (7.119)
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Using (7.117) and (7.118), an estimate of the mean squared prediction error
is
- T
MSPE, = > (y: — §")* — o*(n — 2p)

t=1

The model selection criterion C), is defined as
T
Z y(p)
c, = = —T+2p
= L T+ (7.120)
where 02 is estimated by 62 and is based on the full model. A criterion to

choose a good model is to choose a model with minimum C,, as this would
correspond to the model with minimum MSPE.

7.8.4 FEzrample

Consider the following set of data with 30 observations where

y = Expenses on cultural activities per year (in Euro)

x1 = Age (in years)

x2 = Gender (female=1, male=0)
ID y r1 x2 ID gy 1  Ta
1 170 62 0 16 130 43 1
2 140 60 1 17 150 53 0
3 140 60 0 18 130 30 1
4 160 55 1 19 110 24 O
5 140 42 0 20 180 59 O
6 120 26 0 21 120 21 O
7T 140 56 0 22 110 25 O
8 120 28 1 23 110 55 1
9 180 25 1 24 160 57 O
10 110 30 1 25 120 22 1
11 150 30 1 26 130 46 1
12 150 62 0 27 180 59 O
13 170 49 1 28 110 28 1
14 125 26 O 29 120 38 O
15 180 64 O 30 110 26 O

Five different linear regression models are fitted and compared by R? &>
AIC, BIC and C}, The models of interest were:
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Regression Model
) y=0+e
) y=00+ iz +e
) y=00+ e +e
)y =B+ Brx1+ Paxa + €
Mb5)  y = fo+ Bix1 + Paxa + [3xixa + €

The following results are obtained for different model selection criteria:

Model AIC BIC Cyp R?ldj
(M1) 279.6527  282.4551 23.3164

(M2) 266.2639 270.4675 4.7242  0.3799
(M3) 281.1725 285.3761 24.5016  0.0000
(M4) 268.2636 273.8683  6.7238  0.3569
(M5) 265.2553 272.2613 4.0000 0.4349

Looking at these results one can see that AIC, C}, and Rgdj favor model

(5) with ‘Age’, ‘Gender’ and the interaction term as explanatory variables,
while BIC chooses the more parsimonious model (2) with only ‘Age’ as
regressor.

7.9 FExercises

Ezercise 1. Examine the impact of an influential observation on the
coefficient of determination.

Ezercise 2. Obtain an expression for the change in residual sum of squares
when one observation is deleted. Can it be used for studying the change in
residual sum of squares when one observation is added to the data set?

Ezercise 3. If we estimate 0 by the mean of vectors B(i), what are
its properties? Compare these properties with those of the least-squares
estimator.

Ezxercise 4. Analyze the effect of including an irrelevant variable in the
model on the least-squares estimation of regression coefficients and its effi-
ciency properties. How does the inference change when a dominant variable
is dropped?

Ezxercise 5. For examining whether an observation belongs to the model
ye=xB+e;t=1,2,...,n—1, it is proposed to test the null hypothesis
E(yn) = )0 against the alternative E(y,) # ], 8. Obtain the likelihood
ratio test.



8
Analysis of Incomplete Data Sets

Standard statistical procedures assume the availability of complete data
sets. In frequent cases, however, not all values are available, and some
responses may be missing due to various reasons. Rubin (1976, 1987) and
Little and Rubin (2002) have discussed some concepts for handling missing
data based on decision theory and models for mechanisms of nonresponse.

Standard statistical methods have been developed to analyze rectangular
data sets D of the form

diy - e dym

dri - - dpm

where the rows of the matrix D represent units (cases, observations) and
the columns represent variables observed on each unit. In practice, some of
the observations d;; are missing. This fact is indicated by the symbol “x.’

Examples:

e Respondents do not answer all items of a questionnaire. Answers can
be missing by chance (a question was overlooked) or not by chance
(individuals are not willing to give detailed information concerning
sensitive items, such as drinking behavior, income, etc.).
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I

II

111

——eLvent

Startlpoint Endpovint

FIGURE 8.1. Censored individuals (I: dropout, II: censored by the endpoint) and
an individual with response (event) (III)

e In clinical long-term studies some individuals do not participate over
the whole period and drop out. The different situations are indicated
in Figure 8.1. In the case of dropout, it is difficult to characterize the
stochastic nature of the event.

e Physical experiments in industrial production (quality control) some-
times end with possible destruction of the object being investigated.
Further measurements for destructed objects cannot be obtained.

e Censored regression, see Section 3.18.

8.1 Statistical Methods with Missing Data

There are several general approaches to handling the missing-data problem
in statistical analysis. We briefly describe the idea behind these approaches
in the following sections.

8.1.1 Complete Case Analysis

The simplest approach is to discard all incomplete cases. The analysis is
performed using only the complete cases, i.e., those cases for which all ¢
observations in a row of the matrix D are available. The advantage of this
approach is simplicity, because standard statistical analyses (and statistical
software packages) can be applied to the complete part of the data without
modification.

Using complete case analysis tends to become inefficient if the percentage
of cases with missing values is large. The selection of complete cases can
lead to selectivity biases in estimates if selection is heterogeneous with
respect to covariates.

8.1.2 Awailable Case Analysis

Another approach to missing values, that is similar to complete case analy-
sis in some sense is the so-called available case analysis. Again, the analysis
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is restricted to complete cases. The difference is the definition of “com-
plete.” For complete case analysis, only cases having observations for all
variables are used. Available case analysis uses all cases that are complete
with respect to the variables of the current step in the analysis. If the cor-
relation of Dy and D- is of interest, cases with missing values in variable
D3 can still be used.

8.1.83 Filling in the Missing Values

Imputation (“filling in”) is a general and flexible alternative to the com-
plete case analysis. The missing values in the data matrix D are replaced
by guesses or correlation-based predictors transforming D to a com-
plete matrix. The completed data set then can be analyzed by standard
procedures.

However, this method can lead to biases in statistical analyses, as the
imputed values in general are different from the true but missing values. We
shall discuss this problem in detail in the case of regression (see Section 8.6).

Some of the current practices in imputation are:

Hot-deck imputation. The imputed value for each missing value is selected
(drawn) from a distribution, which is estimated from the complete
cases in most applications.

Cold deck-imputation. A missing value is replaced by a constant value from
external sources, such as an earlier realization of the survey.

Mean imputation. Based on the sample of the responding units, means are
substituted for the missing values.

Regression (correlation) imputation. Based on the correlative structure of
the subset of complete data, missing values are replaced by predicted
values from a regression of the missing item on items observed for the
unit.

Multiple imputation. k > 2 values are imputed for a missing value, giving
k completed data sets (cf. Rubin, 1987). The k complete data sets
are analyzed, yielding k estimates, which are combined to a final
estimate.

8.1.4 Model-Based Procedures

Model-based procedures are based on a model for the data and the
missing mechanism. The maximum-likelihood methods, as described in Sec-
tion 8.7.3, factorize the likelihood of the data and the missing mechanism
according to missing patterns. Bayesian methods, which operate on the
observed data posterior of the unknown parameters (conditioned on the
observed quantities), are described in detail in Schafer (1997).
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8.2 Missing-Data Mechanisms

Knowledge of the mechanism for nonresponse is a central element in choos-
ing an appropriate statistical analysis. The nature of the missing data
mechanism can be described in terms of the distribution f(R|D) of a
missing indicator R conditional on the data D.

8.2.1 Missing Indicator Matrix

Rubin (1976) introduced the matrix R consisting of indicator variables r;;,
which has the same dimension as the data matrix D. The elements r;; have
values r;; = 1 if d;; is observed (reported), and r;; = 0 if d;; is missing.

8.2.2 Missing Completely at Random
Missing values are said to be missing completely at random (MCAR), if
f(RID) = f(R) VD. (8.1)

The data D cannot be used to specify the distribution of R; the values are
missing completely at random.

8.2.3 Missing at Random
Missing values are said to be missing at random (MAR), if
f(R|D) = f(R|Dobs) VDhnis - (8.2)

The dependence of the distribution of R on the data D can be specified
using the observed data D,ps alone. Conditional on the observed values,
the unobserved values D,;s are missing at random.

8.2.4 Nomnignorable Nonresponse

The conditional distribution f(R|D) cannot be simplified as above, that
is, even after conditioning on the observed data, the distribution of R
still depends on the unobserved data Dyis. In this case the missing data
mechanism cannot be ignored (see Section 8.7.3).

8.3 Missing Pattern

A pattern of missing values in the data matrix D is called monotone if rows
and columns can be rearranged such that the following condition holds. For
all j =1,...,m —1: D;4; is observed for all cases, where D; is observed
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D, Dy ... Dy,

FIGURE 8.2. Monotone Missing Pattern

D, Dy ... Dy D, Dy ... Dy,

FIGURE 8.3. Special Missing Pattern FIGURE 8.4. General Missing Pattern

(Figure 8.2). Univariate missingness, that is, missing values in only one
variable D;, is a special case.

Figure 8.3 shows a pattern in which two variables D; and D;/ are never
observed together; a situation that might show up when the data of two
studies are merged. Figure 8.4 shows a general pattern, in which no specific
structure can be described.

8.4 Missing Data in the Response

In controlled experiments, such as clinical trials, the design matrix X is
fixed and the response is observed for factor levels of X. In this situation
it is realistic to assume that missing values occur in the response y and
not in the design matrix X resulting in unbalanced response. Even if we
can assume that MCAR holds, sometimes it may be more advantageous
to fill up the vector y than to confine the analysis to the complete cases.
This is the fact, for example, in factorial (cross-classified) designs with few
replications. For the following let us assume that the occurrence of missing
y values does not depend on the values of ¥, that is, MAR holds.

Let y be the response variable and X: T x K be the design matrix, and
assume the linear model y = X3 + ¢, ¢ ~ N(0,02I). The OLSE of 3 for
complete data is given by b = (X'X)~' X'y, and the unbiased estimator of
o2 is given by 52 = (y— Xb)'(y — Xb)(T—K)~' = S (g — 9:)*/(T — K).
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8.4.1 Least-Squares Analysis for Filled-up Data— Yates
Procedure

The following method was proposed by Yates (1933). Assume that ¢, =
T — t. responses in y are missing. Reorganize the data matrices according

to
Yobs _ X €c
(h)- (5 )= (%) ®
The indices ¢ and * indicate the complete and partially incomplete parts of
the model, respectively. In the current case, X, is fully observed; the index

* is used to denote the connection to the unobserved responses ymis.
The complete-case estimator of (3 is given by

bC = (XéX ) 1AX'/yobs (84)

using the t. x K-matrix X. and the observed responses yons only. The
classical predictor of the (T — t.)-vector ym;s is given by

Umis = Xxbc . (8.5)
It is easily seen that inserting this estimator into model (8.3) for ymis and

estimating (3 in the filled-up model is equivalent to minimizing the following
function with respect to 3 (cf. (3.6)):
)7}

50 = {(z:;:>(§c>ﬂ}{<z:z:>(§
SR oo

tC
t=1 t=te+1

(e}

*
*

The first sum is minimized by b. given in (8.4). Replacing 3 in the second
sum by b is equating this sum to zero (cf. (8.5)). Therefore, b, is seen to
be the OLSE of § in the filled-up model.

Estimating o

If the data are complete, then s? = Zthl(yt —91)%/(T — K) is the corre-
sponding estimator of 0. If T —t,, cases are incomplete, that is, observations
Ymis are missing in (8.3), then the variance o2 can be estimated using the
complete case estimator

52 = Zi;l(yt - ilt)2
¢ (te — K)
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On the other hand, if the missing data are filled up according to the
method of Yates, then we automatically get the estimator

tc T
0Fates = (T _1 K) {Z(yt )+ Y (- @t)z}

t=1 t=to+1
_ Zz;ﬂyt - ?Jt)2 (8 7)
(T-K) 7 '

which makes use of ¢, observations but has T'— K instead of t. — K degrees
of freedom. As

ote =K _ 5

~2 &

Ovates — a—c T - K <

c

we have to make an adjustment by multiplying by (T" — K)/(t. — K)
before using it in tests of significance. It corresponds to the conditional
mean imputation as in first-order regression (which is be described in Sec-
tion 8.8.3). Its main aim is to fill up the data to ensure application of
standard procedures existing for balanced designs.

8.4.2  Analysis of Covariance—Bartlett’s Method

Bartlett (1937) suggested an improvement of Yates’s ANOVA, which is
known under the name Bartlett’s ANCOVA (analysis of covariance). This
procedure is as follows:

(i) The missing values in ym;s are replaced by an arbitrary estimator §mis
(a guess).

(ii) Define an indicator matrix Z : T x (T'—t.) as covariable according to

00 0 -~ 0
00 0 0
10 0 0

Z=0 1 o0 0
00 0 - 1

The t. null vectors indicate the observed cases and the (T — t.)-vectors €]
indicate the missing values. The covariable Z is incorporated into the linear
model by introducing the (T — t.)-vector v of additional parameters:

Yobs _ € — ﬂ €
(gmis)xmzw (X,Z)<,y)+ . (8.8)
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The OLSE of the parameter vector (8',7')" is found by minimizing the
error sum of squares:

tC T
SBY) =D w—28-07)+ > (—xB—e)’.  (89)
t=1 t=t.+1

The first term is minimal for § = b, (8.4), whereas the second term becomes
minimal (equating to zero) for 4 = §mis — X«bc. Therefore the solution to
ming ., S(f5,7) is given by

be
< @mis *X*bc ) ’ (810)

Choosing the guess §mis = X«be as in Yates’s method, we get 4 = 0. With
both methods we have B = b., the complete-case OLSE. Introducing the
additional parameter v (which is without any statistical interest) has one
advantage: The degrees of freedom in estimating o in model (8.8) are now
T minus the number of estimated parameters, that is, T — K — (T —t.) =
t. — K. Therefore we get a correct (unbiased) estimator 62 = 62

c*

8.5 Shrinkage Estimation by Yates Procedure

8.5.1 Shrinkage Estimators

The procedure of Yates essentially involves first estimating the parameters
of the model with the help of the complete observations alone and obtaining
the predicted values for the missing observations. These predicted values
are then substituted in order to get a repaired or completed data set, which
is finally used for the estimation of parameters. This strategy is adopted
now using shrinkage estimators.

Now there are two popular ways for obtaining predicted values of the
study variable. One is the least-squares method, which gives §mis = Xibe
as predictions for the missing observations on the study variable, and the
other is the Stein-rule method, providing the following predictions:

kR,
Amis = 1—- X*bc
Y < (tC - K+ 2>b/cXéchc)
kéLé
- <“XuKl%m@>&“ (B.11

where §. = Xcbe and Re = (ye — Xebe) (Yo — Xcbe) = €L€, is the residual
sum of squares and k is a positive nonstochastic scalar.
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If we replace ymis in (8.3) by §mis and then apply the least-squares
method, the following estimator of (3 is obtained

fo= (XiXe+ XIX0) ™ (X e + X mis) (8.12)
kR » .
= bem o _ i oy xrxap, ([T KX T b
c c“*c“rclc

which is of shrinkage type (see Section 3.14.3).

8.5.2  Efficitency Properties

It can be easily seen that 3 (8.12) is consistent but biased. The exact
expressions for its bias vector and mean squared error matrix can be
straightforwardly obtained, for example, from Judge and Bock (1978).
However, they turn out to be intricate enough and may not lead to some
clear inferences regarding the gain/loss in efficiency of B with respect to
b.. We therefore consider their asymptotic approximations with the first
specification that t. increases but ¢, stays fixed.

In order to analyze the asymptotic property of B when t. increases but t,
stays fixed, we assume that V. = t.(X/.X.)™! tends to a finite nonsingular
matrix as t. tends to infinity.

Theorem 8.1 The asymptotic approzimations for the bias vector ofﬁ (8.12)
up to order O(t;1) and the mean squared error matrixz up to order O(t?)
are given by

. 2
Bias(3) = —tﬂ(,jvk_lﬁﬁ (8.13)
5 2 20k 44k
M) = z Ve t%ﬁ’?/;lﬁ (VC <2ﬁ';clﬁ> W) - (814)

From (8.13) we observe that the bias vector has sign opposite to .
Further, the magnitude of the bias declines as k tends to be small and/or
t. grows large.

Comparing V(b.) = (02 /t.)V. and (8.14), we notice that the expression
[V (be) —M(/3)] cannot be positive definite for positive values of k. Similarly,
the expression [M(3) — V(b)] cannot be positive definite except in the
trivial case of K = 1. We thus find that none of the two estimators b. and
B dominates over the other with respect to the criterion of mean dispersion
error matrix, at least to the order of our approximation.

Next, let us compare b. and B with respect to a weaker criterion of risk.
If we choose the MDE-III criterion, then B is superior to b. if

k<2(K —2) (8.15)

provided that K exceeds 2.
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Let us now consider a second specification of more practical interest when
both t. and ¢, increase. Let us define t as t. for ¢, less than ¢, and as t.
for t. greater than t, so that ¢ — oo is equivalent to t. — oo and ¢, — oo.

Assuming the asymptotic cooperativeness of explanatory variables, that
is, Vo = to(X!X.)7! and Vi, = t.(X.X,)"! tend to finite nonsingular
matrices as t. and t, grow large, we have the following results for B .
Theorem 8.2 For the estimator B, the asymptotic approximations for the

bias vector to order O(t~1) and the mean squared error matriz to order
O(t2) are given by

Bias(3) = _t.ﬁ?\i]ilﬁGﬁ (8.16)
N O.ZC ‘
M@p) =, Ve (8.17)
202k 1 / ok o
T epvog (GVC - ﬂ’Vc_lﬂ(Gﬂﬂ + 686G + 2055 G ))
where

-1
te
G=V, (VC + ; V*> . (8.18)

Choosing the performance criterion to be the risk under weighted squared
error loss function specified by weight matrix @ of order O(1), we find from
(8.17) that (3 is superior to b, when

VB 20'G'QB
k<2 ¢ tr QGV, — 8.19
<2( gigia0s O Serany S
provided that the quantity on the right-hand side of the inequality is

positive.
1 1
Let § be the largest characteristic root of QV, or Q2V,.Q2 in the metric
1 I
of QV, or Q2V.Q)2. Now we observe that

T
>
trQGV, > (t* +5tc) tr QV;

'G'QG te 2
B'G'QB < ( Ty )
BG'QGBR — \t. + 6t

and hence we see that condition (8.19) is satisfied as long as

Ste te -1 te 2
E<2(1 T-2 T 21
() ree( D) | (l) o e

s + Ot
which is easy to check in any given application owing to the absence of .
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Similar to (8.21), one can derive various sufficient versions of the
condition (8.19).

For the proof of the theorem and for further results, the reader is referred
to Toutenburg, Srivastava and Fieger (1997) and Toutenburg, Srivastava
and Heumann (2007).

8.6 Missing Values in the X-Matrix

In econometric models, other than in experimental designs in biology or
pharmacy, the matrix X does not have a fixed design but contains ob-
servations of exogeneous variables, which may be random, including the
possibility that some data are missing. In general, we may assume the
following structure of data:

Yobs Xobs
Ymis = Xobs ﬁ‘i‘e, €~ (070'21).
Yobs Xmis

Estimation of yu;s corresponds to the prediction problem, which is dis-
cussed in Chapter 6 in full detail. The classical prediction of y,is using
Xobs 18 equivalent to the method of Yates.

8.6.1 General Model

Based on the above arguments, we may drop the cases in (Ymis, Xobs) and
now confine ourselves to the structure

XOS
Yobs = < eris )ﬁ+€

We change the notation as follows:

()= (%) (2) (=) oen ez
The submodel

Yo = X+ € (8.23)

represents the completely observed data, where we have y. : t. x 1,
X : te x K and assume rank(X.) = K. Let us further assume that X
is nonstochastic (if X is stochastic, unconditional expectations have to be
replaced by conditional expectations).

The remaining part of (8.22), that is,

Yo = XuB + €, (8.24)

is of dimension T — t. = t,. The vector y, is completely observed. The
notation X, shall underline that X, is partially incomplete (whereas X,is
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stands for a completely missing matrix). Combining both submodels (8.23)
and (8.24) in model (8.22) corresponds to investigating the mixed model
(5.150). Therefore, it seems to be a natural idea to use the mixed model
estimators for handling nonresponse in X, by imputation methods.

The optimal, but due to the unknown elements in X,, nonoperational
estimator is given by the mixed estimator of § in the model (8.22) according
to Theorem 5.17 as

BX) = (XeXe+ XIX)TH(Xeye + Xy
= be+STXI(I;, + XWSTEXD) T ye — Xibe),  (8.25)
where b. = (X/X.) ' X/y. is the OLSE of 3 in the complete-case model
(8.23) and S, = X/ X..
The estimator 3(X,) is unbiased for § and has the dispersion matrix
(cf. (5.158))
V (B(X.)) = 0*(Sc + S.) 7', (8.26)

where S, = X/ X, is used for abbreviation.

8.6.2 Missing Values and Loss in Efficiency

We now discuss the consequences of confining the analysis to the complete-
case model (8.23), assuming that the selection of complete cases is free of
selectivity bias. Our measure to compare 3. and 5(X,) is the scalar risk

R(3, 5, 5c) = tr{Sc V(A)},
which coincides with the MDE-III risk (cf. (5.71)). From Theorem A.18 (iii)
we have the identity
(Se+ XX ) t=8"1 - S XI(I, + X.S7' X))t x,. St
Applying this, we get the risk of B(X*) as

JiZR(B(X*)aﬁaSc) = tr{SC(SC+S*)71}
= K-—t{(I,, + BB)"'B'B}, (8.27)

where B = S{l/QX;.

The t, X t,-matrix B’'B is nonnegative definite of rank(B’'B) = J*. If
rank(X,) = t. < K holds, then J* = t, and B’B > 0 follow.

Let Ay > ... > Xy, > 0 denote the eigenvalues of B'B, A =
diag(A1,..., A, ), and let P be the matrix of orthogonal eigenvectors. Then
we have B'B = PAP’ (cf. Theorem A.30) and

tr{(l,, + BB)"'B'B} = tr{P(I,, + A\)"'P'PAP’}
t
N
1 _ 7
w{(f +0)TAY =) oy, 829

i=1
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Assuming MCAR and stochastic X, the MDE-III risk of the complete-case
estimator b, is

0 2R(b, 3,5.) = tr{S.S. '} = K. (8.29)

Using the MDE-III criterion for the comparison of b, and B(X*), we may
conclude that
Y

o2 [R(bc,ﬁ, Se) — R(B(X.), 8, Sc)] => 1an 20
i=1 ¢

holds, and, hence, B(X*) in any case is superior to b.. This result is ex-
pected. To have more insight into this relationship, let us apply another
criterion by comparing the size of the risks instead of their differences.

Definition 8.3 The relative efficiency of an estimator B1 compared to
another estimator (o is defined by the ratio
_ R(BQ7 57 A)

eff (1, B2, A) = R BA) (8.30)
1,My

Bl is said to be less efficient than Bg if
eff(f1, B2, A) < 1.
Using (8.27)(8.29), the efficiency of b, compared to 5(X,) is

t
A 1 < N
x)yP0c) = L — S . .
eff(be, B(X.), o) = 1= ;:1 N (8.31)

The relative efficiency of the estimator b, compared to the mixed estimator
in the full model (8.22) falls in the interval

te A
<1, (8.32)

te A1 N
1- < ff va X* y» Mc S 1- =
max{(), }_e (be, B(X4), Se) K14,

K 1+XM

Examples:

(i) Let X, = Xq, so that the matrix X, is used twice. Then B'B =
X.S:1X! is idempotent of rank K. Therefore, we have \; = 1 for
i=1,..,K; A\ =0 else (cf. Theorem A.61 (i)) and

off (be, B(X.), Se) = ;

(ii) ¢« = 1 (one row of X is incomplete). Then X, = z/, becomes a K-
vector and B'B = /S 'x, a scalar. Let u; > ... > uxg > 0 be
the eigenvalues of S. and let T' = (y1,...,7vk) be the matrix of the
corresponding orthogonal eigenvectors.

Therefore, we may write

/3(93*) = (Sc + ;z:*;z:;)_l(XéyC + ZuYs) -
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Using Theorem A.44, we have

K

-1 7 ;7 o—1 _ -1/, ./ 2 -1 7
Py Ty S S Ty = E K (@)” < g T,
i=1

and according to (8.31), eff(be, 3(x.), Sc) becomes

1 2.8 tw,

K1 + ! ST,

K —1/.. 2
_ 1 1 2o iy (i) <1

_ o <
K1+ Z]‘:1 1y l(miﬁj)z

eff(be, B(x4), Se) =

The interval (8.32) has the form

T,

K(ppg')(pr + 2z,

-1,
H1p g T T

1—
K(p1 + zlxy)

< eff(be, B(zs),8) < 1—

The relative efficiency of b. compared to 5(z.) is dependent on the
norm (2 z,) of the vector z, as well as on the eigenvalues of the
matrix S¢, that is, on their condition number p/px and the span
M1 — M-

Let 2. = gv; (j=1,...,K) and p = (p1,...,uK)’, where g is a
scalar and ; is the ;" orthonormal eigenvector of S, corresponding
to the eigenvalue pj;. Then for these vectors x,. = gv;, which are
parallel to the eigenvectors of S, the quadratic risk of the estimators

B(gv;) (4 =1,...,K) becomes

o R(B(g7)), B, Se) = sp{Tul’ (Cul’ +g*v;7}) "'} = K-1+ /jf 2
J

Inspecting this equation, we note that eff (b, 6(9%‘) has its maximum
for j =1 (i.e., if . is parallel to the eigenvector corresponding to
the maximal eigenvalue p1). Therefore, the loss in efficiency by leav-
ing out one incomplete row is minimal for z, = g7y; and maximal
for 2, = gyi. This fact corresponds to the result of Silvey (1969),
who proved that the goodness of fit of the OLSE may be improved
optimally if additional observations are taken in the direction that is
the most imprecise. But this is just the direction of the eigenvector
vk, corresponding to the minimal eigenvalue px of Se.
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8.7 Methods for Incomplete X-Matrices

8.7.1 Complete Case Analysis

The technically easiest method is to confine the analysis to the completely
observed submodel (8.23); the partially incomplete cases are not used at
all. The corresponding estimator of 3 is b. = S ' X/y., with covariance
matrix V(b.) = 025!, This estimator is unbiased as long as missingness
is independent of y, that is, if

FylR, X) = f(y, RIX)

fap) = F01%) (339

holds, and the model is correctly specified. Here R is the missing indicator
matrix introduced in Section 8.2.1.

8.7.2  Awailable Case Analysis

Suppose that the regressors Xi,..., Xk (or Xa,...,Xg if X1 = 1) are
stochastic. Then the (X7,..., Xk, y) have a joint distribution with mean
w=(p1,..., K, fty) and covariance matrix

Yye Oy
Then 3 can be estimated by solving the normal equations

where X, is the K x K-sample covariance matrix. The solutions are

B=3y3
with
K
Bo = fiy — Zﬁjﬂja
j=1
the term for the intercept or constant variable X7 = (1,...,1)".

The (i,5)*" element of S, is computed from the pairwise observed ele-
ments of the variables z; and x;. Similarly, f]yl makes use of the pairwise
observed elements of z; and y. Based on simulation studies, Haitovsky
(1968) has investigated the performance of this method and has concluded
that in many situations the complete-case estimator b. is superior to the
estimator /3’ from this method.
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8.7.8 Mazimum-Likelihood Methods

Having a monotone pattern (cf. Figure 8.2), the common distribution of
the data D (given some parameter ¢) can be factorized as follows:

T
Hf(di17di2>~-~>diK|¢>
i=1
T t2 tK
=[] f@ley) [] f(dizldir, ¢2) - ]| f(dixcldi, ... di 1, 6x)
i=1 i=1 i=1
where to,...,tx are the number of observations for variables 2,..., K,
respectively.

Consider a model y = X3 + ¢, where the joint distribution of y and
X is a multivariate normal distribution with mean p and covariance ma-
trix X. Without missing values, ML estimates of p and 3 are used as in
Section 8.7.2 to obtain the estimates of the regression parameters.

For the case of X = (Xy,...,Xk) with missing values in X; only, the
joint distribution of y and X; conditional on the remaining Xs can be
factored as

fly, X1l X2, ..., Xk, 0) = f(y|Xa, ..., XKk, 01) [(X1| X2, ..., XKk, y,02) .

The corresponding likelihood of ¢; and ¢5 can be maximized separately,
as ¢1 and ¢- are distinct sets of parameters. The results are two complete
data problems, which can be solved using standard techniques. The results
can be combined to obtain estimates of the regression of interest (cf. Little,
1992):

3 K = Bryl2,....K,y0yy|2,....K
Yy seeey - ~ 22 N
O11)2,..., Ky T 51y|2,...,K,yUyy|2,---,K

B 5yj|2,...,KU11|2,...,K,y - 51y|2,...,K,yﬁu\2,...,K,y0yy|2,...,K
yill,.... K — T - =9 .
o112, Ky T 51y|2,...,K,yUyy|2,---,K

where parameters with a tilde (7) belong to ¢ (the regression of X; on
Xo,..., Xk, y, from the ¢, complete cases) and parameters with a hat (7)
belong to ¢1 (the regression of y on Xs,..., Xk, estimated from all T
cases).

In this case the assumption of joint normality has to hold only for (y, X1);
covariates Xo, ..., Xx may also be categorical variables. General patterns
of missing data require iterative approaches such as the EM algorithm by
Dempster et al. (1977). A detailed discussion of likelihood-based approaches
can be found in Little and Rubin (2002).
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8.8 Imputation Methods for Incomplete
X-Matrices

This section gives an overview of methods that impute values for miss-
ing observations. Most of the methods presented here are based on the
assumption that the variables in X are continuous.

The conditions under which the respective procedures yield consistent
estimates of the regression parameters are discussed in Section 8.9.

8.8.1 Maximum-Likelthood Estimates of Missing Values

Suppose that the errors are normally distributed (i.e., € ~ N(0,02I7))
and, moreover, assume a monotone pattern of missing values. Then the
likelihood can be factorized with one component for the observed data and
one for the missing data (cf. Little and Rubin, 2002). We confine ourselves
to the simplest case of a completely nonobserved matrix X,. Therefore,
X, may be interpreted as an unknown parameter to be estimated. The
loglikelihood of model (8.22) may be written as

InL(B,0% X,) = —Z In(27) — Zln(ag)
1 ’ ye — X
7202(%*){0579**)(*5) ( v — X3 >

Differentiating with respect to 3,02, and X, gives

8;; = 2(172 {Xe(ye — Xcf) + X1y — Xu0)} =0,
831;12L = 2(1,2 { —n+ 012 (e = XeB)' (e — Xeh)
L= X0 e~ XaB)} =0
= - Xa =0,
Solving for 3 and o2,
B=be = S;'Xlye, (8.35)
5 = nll(yc — Xebe)'(ye — Xebe) (8.36)

results in ML estimators that are based on the data of the complete-case
submodel (8.23). The ML estimate X, is the solution of the equation

v = Xube . (8.37)
In the one-regressor model (i.e., K = 1) the solution is unique:
~ Yx
Ty =
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where b. = (2Lxc) "@Lye (cf. Kmenta, 1971). For K > 1 there exists a
t. x (K — 1)-fold set of solutions X,. If any solution X, is substituted for
X, in the mixed model, that is,

c Xe €c
()= (x)oe ()
then we are led to the following identity:
B(X*) = (Sec+ XLX*)_l(XéyC + Xi@*)
(Se + XL X.) 7N (SeB+ Xleo + XL X, B+ X[ XS Xee)
= B+ (Se+ XLX.)H(Se + X1 X,) ST Xee
= B+S7'Xle.
= be. (8.38)

This corresponds to the results of Section 8.4.1. Therefore, filling up missing
values X by their ML estimators X, and calculating the mixed estimator
O(X,) gives B(X.) = be.

On the other hand, if we don’t have a monotone pattern, the ML equa-
tions have to be solved by iterative procedures as, for example, the
EM algorithm (Dempster et al., 1977) or other procedures (cf. Oberhofer
and Kmenta, 1974).

8.8.2  Zero-Order Regression

The zero-order regression (ZOR) method is due to Wilks (1938) and is also
called the method of sample means. A missing value z;; of the jth regressor
X is replaced by the sample mean of the observed values of X; computed
from the complete cases or the available cases.

Let

®; = {i:x;;missing}, j=1,...,K (8.39)

denote the index sets of the missing values of X, and let M; be the number
of elements in ®;. Then for j fixed, any missing value z;; in X, is replaced
by

. _ 1
Tij = Tj = T _ Mj gz(p Lij 5 (840)
YEL

using all available cases, or

using the complete cases only.
If the sample mean can be expected to be a good estimator for the un-
known mean fi; of the 4" column, then this method may be recommended.
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If, on the other hand, the data in the j** column have a trend or follow a
growth curve, then Z; is not a good estimator and its use can cause some
bias. If all the missing values in the matrix X, are replaced by their corre-
sponding column means Z; (j = 1,..., K), this results in a filled-up matrix
X1y, say, and in an operationalized version of the mixed model (8.22), that

is,
Ye X €
= + .
(y* ) (X(n )ﬁ (6(1) )
Inspecting the vector of errors €(1), namely,
€1) = (X* — X(l))ﬁ + €y,
we have

6(1) ~ {(X* - X(l))ﬂonIt*}v

where again t, =T — t..

In general, replacing missing values results in a biased mixed estimator
unless X.— X (1) = 0 holds. If X is a matrix of stochastic regressor variables,
then one may expect that at least E(X. — X(1)) = 0 holds.

8.8.83 First-Order Regression

The notation “first-order regression (FOR) is used for a set of methods that
make use of the correlative structure of the covariate matrix X. Based on
the index sets @; of (8.39), the dependence of any column X; (j =1,..., K,
j fixed) with the remaining columns is modeled by additional regressions,
that is,

K K

IU:90]+Z£E“9U+UU’ Z¢(I):U(I>]:tc+1,,T, (841)
=1 J=1
I#j

with parameters estimated from the complete cases only. Alternatively, the
parameters could be estimated from all cases i ¢ ®;, but then the auxiliary
regressions would again involve incomplete data.

The missing values z;; of X, are estimated and replaced by

K
i’ij = éoj + Z Zilélj . (842)

=1
I#j
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Ezample 8.1 (Disjoint sets ®; of indices): Let X, be an t. x K-matrix and
X, the following 2 x K-matrix:

_ * Tte+1,2 Tg4+1,3 - Ti+1,K
X, =
Tt.+2,1 * Tt.+2,3 Tt 42K

where “x’ indicates missing values. The corresponding index sets are
Oy ={tc+ 1}, P2={tc +2},P3=---=0x =0,
o=, &)= {te+1,tc+2}.

Then we have the following two additional regressions:

Ty = 901+2Ii1911 +ui, i=1,... 1,
1=2
K
T = o2+ xi1612 + Z-’EilelQ +up, i=1,... L.
1=3

The parameters in the above two equations are estimated by their corre-
sponding OLSEs 91 and 92, respectively, and z1; and xo; are estimated by
their respective classical predictors, that is,

K

Zyo41,1 = Oo1 + E Ty.41,.00
1=2

and

Ty 42,2 = é02 + Z xtc+2,lél2 .
75
This procedure gives the filled-up matrix

- Tto41,1 Tee4+1,2 Tpo41,3 0 Tp41,K ) Do
* — A - (2) -
Tto+2,1 Tt.42,2 Tt.4+23 *°° Tt 42K

Thus, the operationalized mixed model is

Ye Xc €c
= +
<y) (X@))ﬁ (6(2) )
with the vector of errors €(y):

€y = (Xu—X@)B+e
- (xtc+1,1—fctc+1,1 0 0 --- O>ﬂ+e

0 Tt42,2 — Te422 0 - 0

(Tte+1,1 — To41,1) 4
(Ttot2,2 — Tt.42,2) P2 €tet2
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Ezxample 8.2 (Nondisjoint sets of indices ®;): Let t, =1 and

/
Ty = (*, *, Tto+1,3y- - - ,xtc+17K) .

Then we have & = &5 = {t. + 1},®3 = --- = &g = (. We calculate
the estimators 6; and 6 analogously to the previous example. To calculate
Zt.41,1, we need &y 41,2 and vice versa. Many suggestions have been made
to overcome this problem in the case of nondisjoint sets of indices. Afifi
and Elashoff (1967) proposed specific means (cf. Buck, 1960, also). Dage-
nais (1973) described a generalized least-squares procedure using first-order
approximations to impute for missing values in X,. Alternatively, one takes
that additional regression model having the largest coefficient of determi-
nation. All other missing values are replaced by column means. This way,
one can combine ZOR and FOR procedures.

This procedure can be extended, in that the values of the response
variable y are also used in the estimation of the missing values in X,.
Toutenburg, Srivastava, Shalabh and Heumann (2005) have presented some
results on the asymptotic properties of this procedure. Generally biased
estimators result in additionally using y in the auxiliary regressions.

8.8.4 Multiple Imputation

Single imputations for missing values as described in Sections 8.8.2 and
8.8.3 underestimate the standard errors, because imputation errors are not
taken into account. Multiple imputation was proposed by Rubin and is
described in full detail in Rubin (1987).

The idea is to impute more than one value, drawn from the predictive
distribution, for each missing observation. The I imputations result in [
complete data problems with estimates éi, that can be combined to the
final estimates by

1 J
0=, Z 0; .
i=1
The corresponding variance can be estimated by
a2 2 Ly »
=85+ |1+ 7)o

where 52, is the average variance within the I repeated imputation steps
(s2 =1/IY8?), and 57 = S (0; — 6)%/(I — 1) is the variance between the
imputation steps (which takes care of the imputation error).

The draws are from the predictive distribution of the missing values con-
ditioned on the observed data and the responses y. For example, consider
X = (X1, X2) with missing values in X7. Imputations for missing X; values
are then drawn from the conditional distribution of X; given X5 and y.
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8.8.5 Weighted Mized Regression

Imputation for missing values in X, in any case gives a filled-up matrix
XRr, say, where Xg equals X(;) for ZOR, X5y for FOR, and X, for ML
estimation. The operationalized mixed model may be written as

()= )e () 49

GR:(X*fXR)ﬂ#*G*.

with

Let

then in general we may expect that § # 0. The least-squares estimator of
0 in the model (8.43) is given by the mixed estimator

B(XR) = (Sc + Sr) ™" (Xiye + Xiys) (8.44)
which is a solution to the minimization problem
mﬁinS(ﬁ) = mﬁin{(yc — XoB) (Yo — XeB) + (y« — XrB) (v — XrO)},
where
Sp=XpXg.
The mixed estimator has
E (B(XR)) = B+ (Sc + Sr) ' Xpd (8.45)

and hence 3(Xg) is biased if & # 0.

The decision to apply either complete-case analysis or to work with some
imputed values depends on the comparison of the unbiased estimator b,
and the biased mixed estimator for B(X r). If one of the mean dispersion
error criteria is used, then the results of Section 5.10.3 give the appropriate
conditions.

The scalar MDE-II and MDE-III criteria (cf. Section 5.5) were intro-
duced to weaken the conditions for superiority of a biased estimator over
an unbiased estimator. We now propose an alternative method that, anal-
ogous to weaker MDE superiority, shall weaken the superiority conditions
for the biased mixed estimator. The idea is to give the completely observed
submodel (8.23) a higher weight than the filled-up submodel y. = Xrf+€g.

To give the observed ‘sample’ matrix X. a different weight than
the nonobserved matrix Xp in estimating 3, Toutenburg (1989b) and
Toutenburg and Schaffrin (1989) suggested solving

gﬁ@—X&ﬂ%—&m+MW—XWW%—Xwn, (8.46)
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where A is a scalar factor. Differentiating (8.46) with respect to 8 and
equating to zero gives the normal equation

(Sc +ASR)B — (Xlye + AXRy«) =0.
The solution defined by
b(\) = (Sc + ASR) (X ye + AX Ry.) - (8.47)

may be called the weighted mixed-regression estimator (WMRE). This
estimator may be interpreted as the familiar mixed estimator in the model

(\/liy) (XXR)/B *(m )

If Z=Z(\) = (Sc + ASg), and § = (X, — X)B, we have

b(A) = ZHX.XB+ Xlec + AXRX.B+ AXpex)
= B+ N T'XRp(Xe — XR)B+ Z M Xee + AXjes), (8.48)

from which it follows that the WMRE is biased:
Bias (b(\)) = AZ 7' X6 (8.49)
and has the covariance matrix

V (b(N) =0*Z7 1 (Sc + N2Sg)Z 7. (8.50)

Note: Instead of weighting the approximation matrix Xz by a uniform
factor v/, one may give each of the ¢, rows of Xp a different weight \/ Aj
and solve

) 2\2
min { (v ~ XeB) (4 — Xof) +§jA e}
or, equivalently,

min { (ve — XeB)' (ve — Xe) + (4 — XnB)'Aly. — XnB)}.

where A = diag(\1, ..., A, ). The solution of this optimization problem is
seen to be of the form

WO ) = (S +zA D) (Xt 4 30 Naf)
=1

or, equivalently,

b(A) = (Se + XpAXR) ™ (X(ye + XpAy.),
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which may be interpreted as the familiar mixed estimator in the model
X
\/)\1y(1) \/)\ Th (1) \/)\ U(l)
+

\/)\t y(t ) \/)\t* "(tx) \/)\t* (t+)

or, equivalently written,

<v%@)(¢f§ﬁ> (¢§w)

where VA = diag(yv/Ay, . .. VAL

Minimizing the MDEP

In this section, we concentrate on the first problem of a uniform weight A.
A reliable criterion to choose A is to minimize the mean dispersion error of
prediction (MDEP) with respect to A. Let

g=a8+é, e~ (0,07,

be a nonobserved (future) realization of the regression model that is to be
predicted by

p=ab0).
The MDEP of p is
Ep-9)? = E(%(0)-5) -9’
~ (#Bias (b()\)))2 + &V (\)E+0>.  (851)
Using (8.49) and (8.50), we obtain

Ep-9)° = g\
= M@ Z 'XR08'XrZ'7)
+ 027 Z7 NS + N2SR)Z '3 + 0% (8.52)
Using the relations
OtrAZ—! _ OtrAZ=19z71!
o ozt an
Otr AZ!
= A/
0Z-1 ’
0z~ 1 o0z
— _Z—l Z—l
o\ o\
(cf. Theorems A.94, A.95 (i), and A.96, respectively) gives

0 -1 _ 1 41 —10Z
8)\trAZ =—trZ " AZ o\
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Now for Z = Z(\) we get
0z
oA
Differentiating g(\) in (8.52) with respect to A and equating to zero then
gives
19g(N)
2 O\

=Skr.

M Z1XR0)2 = N2 Z7 ' SRZ 7 X668 XpZ 1%

+ 0 \#' Z7 SR 27 % — 0?F Z7 SR ZT (S + N2SR)Z 7 %
= 0,
from which we get the relation

1

)\ == )
L+0-2p1(\)pz ' (N)

0<A<1, (8.53)

where

p1(A) T 727182 X 08 XrZ

p2(N) = FZ7'Spz7'S.Zz7'%.
Thus, the optimal A minimizing the MDEP (8.52) of p = #'b()) is the
solution to relation (8.53). Noting that Z = Z(\) is a function of ), also,
solving (8.53) for A results in a procedure of iterating the A-values, whereas
o2 and § are estimated by some suitable procedure. This general problem
needs further investigation.

The problem becomes somewhat simpler in the case where only one row
of the regressor matrix is incompletely observed, that is, t, = 1 in (8.24):

Ye = Tuf 4+ €xy €~ (0,02).

Then we have Sp = zra'y, 0 = (2}, — 2z)0 (a scalar) and

p(N) = (FZ71S.Z 7 wg) (2 Z 7 8)62,
pa(N) = (FZ7'ap)(2RZ71S. 27 E).
So A becomes
1
= o2 (8.54)

Interpretation of the Result

(i) We note that 0 < XA < 1, so that A is, indeed, a weight given to the
incompletely observed model.

(ii) A = 1 holds for 07262 = 0. If o2 is finite, then the incompletely
observed but (by the replacement of x, by xr) “repaired” model is
given the same weight as the completely observed model when § = 0.
Now, 6 = (2}, — 2%3)8 = 0 implies that the unknown expectation
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Ey, = 2§ of the dependent variable y, is estimated exactly by /50
(for all §). Thus § = 0 is fulfilled when x, = xg, that is, when the
missing values in z, are re-estimated exactly (without error) by xg.
This seems to be an interesting result to be taken into account in the
general mixed regression framework in the sense that additional linear
stochastic restrictions of type r = R+ v, should not be incorporated
without using a prior weight A (and A < 1 in general).

Furthermore, it may be conjectured that the weighted mixed regres-
sion becomes equivalent (in a sense to be specified) to the familiar
(unweighted) mixed regression, when the former is related to a strong
MDE criterion and the latter is related to a weaker MDE criterion.
Now, A = 1 may be caused by 0? — oc also. Since ¢? is the variance
common to both y. and y.,0? — oo leads to unreliable (imprecise)
estimators in the complete model y. = X.3 + €. as well as in the
enlarged mixed model (8.43).

(iii) In general, an increase in ¢ decreases the weight A of the additional
stochastic relation y, = 230+ v,. If 6 — oo, then

A0 and  limb() = be. (8.55)

8.8.6 The Two-Stage WMRE

To bring the mixed estimator b(\) with A from (8.109) in an operational
form, 0% and ¢ have to be estimated by 62 and ¢, resulting in A = 1/(1 +
657262%) and b(\). By using the consistent estimators
. 1
6% = te — K(ZJC - chc)/(yc - chc>
and

Szy*fx'RbC,

we investigate the properties of the resulting two-stage WMRE b(\). This
will depend on the statistical properties (e.g., mean and variance) of \ itself.
The bootstrap method is one of the nonparametric methods in estimating
variance and bias of a statistic of interest. By following the presentation of
Efron (1979) for the one-sample situation, the starting point is the sample
of size m based on the complete model

Yoi = ThiB+ €ciy €~ F, (i=1,...,m).
The random sample is
€= (€c1y-vy€em) -
In the notation of Efron, the parameter of interest is

1

WZAZ o2 - ay?
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and its estimator is
< 1
t == .
(<) L+672(ys — z%zbc)z
Now the sample probability distribution F may be defined by putting mass
1/m at each residual

R , )
€ci = Yei — Toibe, (=1,...,m)

(for m = t, this yields € = 0; if m < t. the estimated residuals have to be
centered around mean 0).

With (b, a ) fixed, draw a random sample of size m from F and call this
the bootstrap sample:

YBoot — XBootbc + 6: 5 E: ~ F (7/ = 1, ey m) . (856)

Each realization of (8.56) yields a realization of a bootstrap estimator B*
of [

/B* = Inﬁin(yBoot - XBootﬂ)/(yBoot - XBoot/B) . (857)

Repeating this procedure N times independently results in a random boot-
strap sample /6’*}, ..., B*N, which can be used to construct a bootstrap
sample \*1, ..., AN of the weight :

1

5\*’0: .9 , oA 5 'U:17...,N.
1+ 65y (ys — 23,8)?
Here
62 = 1 (oot — Xrsoorw™) (UBootso — Xsooroi™)
*V m— K oot,v oot,v oot,v oot,v
is the bootstrap estimator of ¢2, and Thy, (v =1,...,N) is the vector
replacement for . owing to dependence on the matrix Xpoot,, Which comes

from X, by the v*" bootstrap step. Now the random sample 5\*1, ceey ANV

can be used to estimate the bootstrap distribution of t(e.) = .

A problem of interest is to compare the bootstrap distributions of A
or b(;\) for the different missing-values methods, keeping in mind that
A = A(zg) and A = A(zg) are dependent on the chosen method for finding
xr. This investigation has to be based on a Monte Carlo experiment for
specific patterns. Toutenburg, Heumann, Fieger and Park (1995) have pre-
sented some results, which indicate that (1) using weights A yields (MDE)
better estimates and (2) the weights A are biased, which means that further
improvements can be achieved by using some sort of bias correction.
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8.9 Assumptions about the Missing Mechanism

Complete case analysis requires that missingness is independent of the
response y. Least-squares estimation using imputed values yields valid es-
timates if missingness depends on the fully observed covariates, and the
assumption that missing covariates have a linear relationship on the ob-
served covariates holds, that is, the auxiliary regression models are correctly
specified. The maximum-likelihood methods require the MAR assumption
to hold, which includes the case that missingness depends on the (fully
observed) response y.

8.10 Regression Diagnostics to Identify
Non-MCAR Processes

In the preceding sections we have discussed various methods to handle
incomplete X-matrices. In general they are based on assumptions on the
missing data mechanism. The most restrictive one is the assumption based
on the requirement that missingness is independent of the data (observed
and nonobserved). Less restrictive is the MAR assumption that allows
missingness to be dependent of the observed data.

In the following, we discuss the MCAR assumption in more detail and
especially under the aspect of how to test this assumption. The idea pre-
sented here was first discussed by Simonoff (1988), who used diagnostic
measures known from the sensitivity analysis. These measures are adopted
to the context of missing values. This enables us to identify some well-
defined non-MCAR processes that cannot be detected by standard tests,
such as the comparison of the means of the complete and the incomplete
data sets.

8.10.1 Comparison of the Means

Cohen and Cohen (1983) proposed to compare the sample mean g, of the
observations y; of the complete-case model and the sample mean g, of the
model with partially nonobserved data.

For the case in which missing values x, in the matrix X, are of type
MCAR, then the partition of y in y. and y, is random, indicating that
there might be no significant difference between the corresponding sample
means.

If their difference would significantly differ from zero, this might be in-
terpreted as a contradiction to a MCAR assumption. Hence, the hypothesis
Hy: MCAR would be rejected.
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8.10.2 Comparing the Variance-Covariance Matrices

The idea to compare the variance-covariance matrices of the parameter esti-
mates B for the various methods that react on missing X-values is based on
the work of Evans, Cooley and Piserchia (1979). They propose, to compare
V(be) and V(f3) where 3 is the estimator of § in the repaired model. Severe
differences are interpreted again as a signal against the MCAR-assumption.

8.10.3 Diagnostic Measures from Sensitivity Analysis

In the context of sensitivity analysis we have discussed measures that may
detect the influence of the i** observation by comparing some scalar statis-
tic based either on the full data set or on the data set reduced by the
it" observation (called the “leave-one-out strategy). Adapting this idea for
the purpose of detecting “influential” missingness means to redefine these
measures such that the complete-case model and the filled-up models are
compared to each other.

Let /3’3 denote the estimator of 3 for the linear model y = < ))((; ) + €,
where Xg is the matrix X, filled up by some method.
Cook’s Distance: Adapting Cook’s distance C; (cf. (7.59)) gives
(Br — B) (X'X)(Br — be)
Ks?

where the estimation s? is based on the completed data.

D= >0 (8.58)

Change of the Residual Sum of Squares: Adapting a measure for the change
in the residual sum of squares to our problem results in

(RSSr — RSS.)/ng
RSS./(T —n, — K +1)

Large values of DRSS will indicate departure from the MCAR, assumption.

DRSS = € [0,00] . (8.59)

Change of the Determinant: Adaption of the kernel of the Andrews-
Pregibon statistic AP; (cf. (7.70)) to our problem gives the change of
determinant DXX as

| XX
| X' X|
where small values of DXX will indicate departure from the MCAR
assumption.

DXX = e [0,1]. (8.60)

8.10.4 Distribution of the Measures and Test Procedure

To construct a test procedure for testing Hy: MCAR against Hp: Non-
MCAR we need the null distributions of the three measures. These
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distributions are dependent on the matrix X of regressors, on the vari-
ance o2 and on the parameter 3. In this way, no closed-form solution is
available and we have to estimate these null distributions by Monte Carlo
simulations with the following steps:

At first, missing values in X, are filled up by suitable MCAR substitutes.
Then with the estimations BC and s? and with the matrix X, updated data
yi=X R + € (superscript s stands for simulation) are calculated where
€ ~ N(0, s%I) are pseudorandom numbers. Finally, a MCAR mechanism is
selecting cells from the matrix X as missing. This way we get a data set
with missing values that are due to a MCAR mechanism, independent of
whether the real missing values in X, were MCAR. Based on these data,
the diagnostic measures are calculated. This process is repeated N times
using an updated €® in each step, so that the null distribution fy of the
diagnostic measure of interest may be estimated.

Test Procedure: With the estimated null distribution we get a critical value
that is the N(1 — a)*-order statistic for D and DRSS or the Nat"-order
statistic for DX X, respectively. Hp: MCAR is rejected if D (or DRSS)
> fo,n(1—a) Or if DXX < fo na, respectively.

8.11 Treatment of Nonignorable Nonresponse

We use the matrix of indicator variables introduced in Section 8.2.1 for
the treatment of nonignorable nonresponse. Depending on whether values
are missing only in Y, only in X or in both X and Y, we can adopt
the notation for this matrix. For example, when values are missing only
in Y and completely observed in X, then we define a binary variable R;
(‘responded’):
R — { 1, if Y; is observed
‘ 0, if Y; is missing .
In such a case, R is a vector of length T where T is the number of
observations.

8.11.1 Joint Distribution of (X,Y') with Missing Values Only
mY
We consider the case of a random variable Y and an additional random

variable or random vector X. There are two possibilities to factorize the
joint distribution of X, Y and R. The factorization

f(X,Y,R) = f(R]Y,X)f(X,Y) (8.61)
is called the selection model, and the factorization

F(X,Y,R) = f(Y, X|R) f(R) (8.62)
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is called the pattern—mizture model. The distributions f(R|Y, X) and f(R)
are the discrete (conditional) Bernoulli distributions, i.e.,

fry=P(R=r); r=0,1,

where

and

flrle,y) = P(R=7r|X =2,Y =y); r=0,1

The selection model characterizes that the probability to observe the re-
sponse Y of an individual may vary from one individual to another. In this
sense, there is a similarity with observational studies where individuals are
selected in a sample with different probabilities and where the character-
istics of an individual can only be observed if the individual is selected
in the sample. The interpretation of pattern—mixture models is similar to
mixed models. The distribution of the data can be modeled as conditional
on the observed pattern of the missing data. The mixing distribution are
the observed probabilities of each pattern and so the marginal distribution
of the data is a mixture of the conditional distributions. In the earlier ex-
ample, where only one variable has missing values, we get a mixture of two
components: f(Y, X|R = 1) with probability P(R =1) and f(Y, X|R = 0)
with probability 1 — P(R = 1).

Now we look at the implications arising from the two factorizations when
the missing-data mechanism is MCAR, MAR or nonignorable (NI).

In case of MCAR,

f(RIY, X) = f(R). (8.63)
The selection model (8.61) simplifies to
J(X,Y,R) = f(R)f(X,Y). (8.64)
For the pattern—mixture model,
Y, X|R) = f(X,Y) .
This can be shown using the Bayes theorem and (8.64):

vty = T SEAST — pxy),

Thus selection model and pattern—mixture model in case of MCAR lead to
same factorization

f(X,Y,R) = f(R)f(X,Y) . (8.65)
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If the distributions in (8.65) are parametric and indexed by independent
parameters ¥ € ¥, § € © and (0,7n) € © x U, i.e.,

f(R) = [p(R)
f(XaY) = fO(XaY)
JXY,R) = fou(X,Y,R) = fo(X,Y)fy(R)

then we get the result that for the estimation of parameter 6, it is sufficient
to maximize the corresponding factor in the likelihood which depends on
the individual contributions fo(X;,Y:), t=1,...,T.

Now we consider the MAR case. According to the definition of MAR,

f(R)Y,X)=f(R|X). (8.66)
For the selection model,
f(X,Y,R) = f(RIX)f(X,)Y) (8.67)
and for the pattern—mixture model
f(RIX)
f(R)
Again this can be shown using the Bayes theorem and (8.67):

fvxim) - TORYR) _ FRIX)FY)
’ f(R) f(R)

Although one can establish a mathematical identity relation of the two
factorizations, they are different from the statistical point of view. The
pattern—mixture model specifies f(Y, X|R) and f(R), whereas the selec-
tion model specifies f(X,Y) and f(R|X,Y). Therefore, depending on the
statistical models and parametrization used for each of these distributions,
the joint distribution f(Y, X, R) can be different in both the approaches.

We get the result that in case of MAR, both factorizations lead to
different statistical models. The same result is obtained for nonignorable
nonresponse also.

fY, X[R) = f(X,Y)

8.11.2 Conditional Distribution of Y Given X with Missing
Values Only in'Y

Up to now, X and Y have been used and treated in a symmetrical way. Now
we want to consider the case where Y is a response, X a covariate vector and
missing values only appear in Y. Our interest lies in the regression modeling
of Y given X. Therefore we are not interested in the joint distribution
f(Y, X) but only in the conditional distribution f(Y]X). We do not make
any assumptions about the marginal distribution of X.

The selection model conditional on X is

fY,RIX) = f(R]Y, X)f(Y]X) (8.68)
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and the pattern—mixture model conditional on X is
f(Y,RIX) = f(Y[|X,R)f(R|X). (8.69)

In case of MCAR, we get statistically equivalent models for both the
factorizations because

f(R]Y,X) = f(R|X) = f(R) (8.70)

and

s my = L ) ) FO1%) = £ 1),

(8.71)
This also holds in case of MAR because
[RIX)Y) = [(R|X)
FY,RIX) = f(RX)f(Y|X) selection model
fY,RIX) = f(RX)f(Y|X,R) pattern mixture model
and thus
fY1X) = f(YIX,R), (8.72)
if f(R|X) is specified identically in both the approaches.
Remark: Tt follows from (8.72) that
EY|X =2,R=1)=E(Y|X =2,R=0), (8.73)

i.e., the conditional expectation of Y does not depend on whether Y is ob-
served or not. This condition is violated when the missing—data mechanism
is nonignorable.

8.11.8 Conditional Distribution of Y Given X with Missing
Values Only in X

Consider a regression model with missing values in X. In general, our inter-
est lies in the conditional distribution f(Y'|X). It is shown in Section 8.7.1
that the complete case analysis in linear regression is consistent as long
as the missing probabilities do not depend on the response Y. If such an
assumption is violated or if we are interested in a more efficient estimate,
then CCA or if CCA can not be applied because there are missing values
in each row of the data matrix D, then other approaches are needed. We
define the missing indicator matrix Rx for X, showing whether an ele-
ment in X is observed or missing. One approach is to model the marginal
distribution of X parametrically, although, no special interest lies in that
distribution in regression. A possible factorization is

f(Y, X, Rx) = f(Rx|Y, X) f(Y|X)f(X) (8.74)
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where f(X) = f¢(X) and £ is a parameter vector, which models the joint
distribution of the covariates. The joint distribution can be formulated in
many ways depending on the measurement scale. Consider, e.g., a binary
covariate X; and a continuous covariate X5. Then one option is to model
the jOth distribution of X = (Xl,XQ) by f(Xl,XQ) = f(XQ‘Xl)f(X1>7
where, e.g., f(X2|X1 = x1), 21 = 0,1, is the density of a conditional nor-
mally distributed random variable with mean dependent on x; and f(X7)
has a Bernoulli distribution with parameter 7 = P(X; = 1). The joint
distribution is a mixture of two normal distributions with mixing probabil-
ities m and 1 — 7. Another option is to model (X1, X2) = f(X1]|X2)f(X2),
where, e.g., f(X1|X2) is a logistic regression model for P(X; = 1|X2) and
f(X2) has a normal distribution. The joint distribution is in general neither
normal nor a mixture of normal distributions. Thus the two factorizations
are not statistically equivalent models.

8.11.4 Other Approaches

Shared parameter models are another approach, which are useful models
with random effects. Consider the case of missing values in Y (and, for
simplicity, no missing values in X'). Then, dropping the conditioning on X,
the model is

fY,RIE) = FYIE)f(RIE) , (8.75)

where ¢ is a random effect. The important assumption is that f(R|Y,§) =
f(RJE), i.e., conditional on the random effect £, Y and R are independent.
This is clearly a strong assumption which usually cannot be verified. If we
partition Y in observed and missing parts as Y = (Yops, Yinis), then this
assumption leads to the observed data likelihood

Lops = / F(Yonal€) F(RIEVF(€)dE | (8.76)

where f(€) is the assumed distribution of the random effects. The result is
obtained by

f(Yob& R)

[ [ 10RO ©dedne
J{ [ 10i61mns} mierserie

= [ ralormo s (8.77)
using £(V1€) = FVobol€) f Yinisl Vors: ),

/f(Yobs‘g)f(Ymis‘Yobsa g)dymzs = f(Yobs‘g) / f(Ymis‘Yobsv f)dymzs
(8.78)

and ff(Ymis|Yobsa§)dymis =1.
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8.12 Further Literature

Missing covariates in generalized linear models are considered e.g. by
Ibrahim (1990), Ibrahim and Weisberg (1992) and Ibrahim, Lipsitz and
Chen (1999). Ibrahim et al. (1999) use the factorization (8.74). Special
problems in connection with linear models are considered in Schaffrin and
Toutenburg (1990), Toutenburg et al. (1995), Toutenburg and Srivastava
(1999), Toutenburg et al. (2000), Toutenburg and Shalabh (2000), Touten-
burg and Fieger (2001), Toutenburg and Shalabh (2001b), Toutenburg and
Srivastava (2001) and Toutenburg and Srivastava (2002).

8.13 Exercises

Ezxercise 1. Consider the model specified by y. = X.0 + €. and ynis =
X3+ €. If every element of yn,;s is replaced by the mean of the elements
of y., find the least-squares estimator of 3 from the repaired model and
discuss its properties.

Exercise 2. Consider the model y. = X.0 + €. and ynis = X8 + €. If
0X,.b. with 0 < § < 1 is used in the repaired model and 3 is estimated by
the least-squares method, show that the estimator of 3 is biased. Also find
its dispersion matrix.

Exzxercise 3. Given the model y. = z.0 + €. and y, = xynisf + €x, suppose
that we regress x. on y. and use the estimated equation to find the imputed
values for z.,;s. Obtain the least-squares estimator of the scalar 3 from the
repaired model.

Exzxercise 4. For the model y. = X8+ Zcy+€c and ys = X8+ Zey + €4,
examine whether the least-squares estimator of 3 from the complete model
is equal to the least-squares estimator from the filled-in model using a first
order regression method.

Exercise 5. Suppose that 3 is known in the preceding exercise. How will
you estimate ~ then?

Ezxercise 6. Consider the model y. = Z.0 + az. + €. and y, = Z,0 +
QTmis + €. If the regressor associated with a is assumed to be stochastic
and the regression of z. on Z. is used to find the predicted values for
missing observations, what are the properties of these imputed values?

Exercise 7. For the set-up in the preceding exercise, obtain the least-
squares estimator & of a from the repaired model. How does it differ from
@, the least-squares estimator of a using the complete observations alone?
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Ezercise 8. Offer your remarks on the estimation of a and 3 in a bivariate
model ymis = al + Bz, + €, and Y = al + Prmis + €44, where 1 denotes
a column vector (of appropriate length) with all elements unity.
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Robust Regression

9.1 Overview

Consider the multivariate linear model
Yi=Xp+E;, i=1,...,n, (9.1)

where Y; : p x 1 is the observation on the ¢** individual, X; : ¢ x p is
the design matrix with known elements, 3 : ¢ x 1 is a vector of unknown
regression coefficients, and F; : p x 1 is the unobservable random error
that is usually assumed to be suitably centered and to have a p-variate
distribution. A central problem in linear models is estimating the regression
vector 3. Note that model (9.1) reduces to the univariate regression model
when p = 1, which we can write as

yi=ziB+e, i=1,...,n, (9.2)

where x; is now a g-vector. Model (9.1) becomes the classical multivariate
regression, also called MANOVA model, when X; : g X p is of the special
form

Xi= . . ) (9.3)

where z; : m x 1 and ¢ = mp. Our discussion of the general model will
cover both classical cases considered in the literature.
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When E; has a p-variate normal distribution, the least-squares method
provides the most efficient estimators of the unknown parameters. In addi-
tion, we have an elegant theory for inference on the unknown parameters.
However, recent investigations have shown that the LS method is sensitive
to departures from the basic normality of the distribution of errors and to
the presence of outliers even if normality holds.

The general method, called the M-estimation, was introduced by Huber
(1964) to achieve robustness in data analysis. This has generated consider-
able research in recent times. It may be pointed out that a special case of
M-estimation based on the Lj-norm—estimation by minimizing the sum
of absolute deviations rather than the sum of squares, called the least ab-
solute deviation (LAD) method—was developed and was the subject of
active discussion. The earliest uses of the LAD method may be found in
the seventeenth- and eighteenth-century works of Galilie (1632), Boscovich
(1757), and Laplace (1793). However, because of computational difficul-
ties in obtaining LAD estimates and lack of exact sampling theory based
on such estimates, the LAD method lay in the background and the LS
method became popular. The two basic papers, one by Charnes, Cooper
and Ferguson (1955) reducing the LAD method of estimation to a linear
programming problem, and another by Bassett and Koenker (1978) devel-
oping the asymptotic theory of LAD estimates, have cleared some of the
difficulties and opened up the possibilities of replacing the LS theory by
more robust techniques using the Li-norm or more general discrepancy
functions in practical applications. An excellent exposition about robust
estimation van be found in Rao (2000).

In this chapter, we review some of the recent contributions to the theory
of robust estimation and inference in linear models. In the following section,
we consider the problem of consistency of the LAD and, in general, of M-
estimators. Furthermore we review some contributions to the asymptotic
normality and tests of significance for the univariate and multivariate LAD
and M-estimators.

9.2 Least Absolute Deviation Estimators —
Univariate Case

Counsider model (9.2). Let B, be any solution to the minimization problem
n

D lyi = @il = mindly: — 3] (94)
i=1 i=1

Bn is called the LAD estimator of the vector parameter 3. Some general
properties of the LAD estimators can be found in Rao (1988). An iterative

algorithm for the numerical solution of problem (9.4) is given in Birkes and
Dodge (1993, Chapter 4).
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In almost all related papers, the weak consistency of the LAD estimators
is established under the same conditions that guarantee its asymptotic
normality, although intuitively it should be true under weaker conditions
than those required for the latter. So in the present section we mainly
discuss the strong consistency, except for some remarks in discussing the
significance of the conditions for weak consistency.

Bloomfield and Steiger (1983) give a proof of the strong consistency
of Bn, where {z;} is a sequence of i.i.d. observations of a random vector
x. Dupakovd (1987) and Dupakovd and Wets (1988) consider the strong
consistency of LAD estimators under linear constraints, when the z;’s are
random.

It is easy to see that the strong consistency under the random case is
a simple consequence of that for the nonrandom case. In the following we
present several recent results in the set-up of nonrandom z;. Write

Sp = ZI’I;’ pn = the smallest eigenvalue of S,, , (9.5)
i=1

dn = max{l, [z, .. [lzall}, (9-6)

where ||a|| denotes the Euclidean norm of the vector a. Wu (1988) proves
the following theorem.

Theorem 9.1 Suppose that the following conditions are satisfied:

- P
(i) (di log ) 00 . (9.7)

(ii) There exists a constant k > 1 such that

dy
k-1 0. (9.8)
(iii) €1,€2,... are independent random variables, and med(e;) = 0, i =
1,2,..., where med(-) denotes the median.

(iv) There exist constants c1 > 0,c2 > 0 such that
P{-h<e <0} > c2h (9.9)
P{O <6< h} > coh (910)

for all i = 1,2,... and h € (0,¢1). Then we have (cf. Definition
A.101 (i)

lim 3, =By a.s., (9.11)

(a.s. almost surely) where By is the true value of 3. Further, under
the additional condition that for some constant M > 0

Pn

P2 > Mn  for large n, (9.12)
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Bn converges to By at an exponential rate in the following sense: For
arbitrarily given € > 0, there exists a constant ¢ > 0 independent of n
such that

P{|Bn — Bol| > €} < O(e™). (9.13)

The above result was sharpened in Wu (1989) to apply to the case in
which conditions (9.7) and (9.8) are replaced by

A2logn — 0 (9.14)
and (9.12) by
nAZ < M, (9.15)
where
A2 = r&ag({x;Sglxi}. (9.16)

Now consider the inhomogeneous linear model
yi:ao-i-.’l?;ﬁo—f—q, 1=1,2,...,n. (917)

Theoretically speaking, the inhomogeneous model is merely a special case of
the homogeneous model (9.2) in which the first element of each z; is equal to
1. So the strong consistency of the LAD estimators for an inhomogeneous
model should follow from Theorem 9.1. However, although Theorem 9.2
looks like Theorem 9.1, we have not yet proved that it is a consequence of
Theorem 9.1.

Theorem 9.2 Suppose we have model (9.17), and the conditions of Theorem
9.1 are satisfied, except that here we define Sy, as >, (x; — ZTp)(xi — Tn)’
where T, =1/ny " | x;. Then

lim & =ay as, lim B=0 as (9.18)

n—oo n—oo

Also, under the additional assumption (9.12) for arbitrarily given € > 0,
we can find a constant ¢ > 0 independent of n such that

P{[|6n — aol[* + [|Bn — Bol|* > €2} < O(e™"). (9.19)

As in Theorem 9.1, Theorem 9.2 can be improved to the case in which
conditions (9.7), (9.8), and (9.12) are replaced by (9.14) and (9.15) with
A,, redefined as

R
I

max{(z; — ,)' S, (x; — Tn)}, (9.20)

i<n

_ n 1 n
_ e N2 Y - - 21
Sh Z(mz In )@ — Tn)y,  Tp " ;mz (9.21)

i=1
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Remark: Conditions (9.9) and (9.10) stipulate that the random errors
should not be “too thinly” distributed around their median zero. It is likely
that they are not necessary and that further improvement is conceivable,
yet they cannot be totally eliminated.

Example 9.1: Take the simplest case in which we know that oy = 0 and all
x; are zero. In this case the minimum Li-norm principle gives

& =med(y1,-..,Yn) (9.22)
as an estimate of ag. Suppose that €, €2,... are mutually independent;
then ¢; has the following density function:

< < = e
fl(m) — i2 ’ 0 = |'I| =1, ? 1327 ) (923)
0, otherwise.
Then
P{->1}f1 1 i =1,2 (9.24)
a=lp=, (2i2)” 1=1,2,.... .

Denote by &, the number of ¢;’s for which /n < i < n and ¢; > 1. An
application of the central limit theorem shows that for some ¢ € (0, é) we
have

n
> .
P{§n>2}_6 (9.25)
for n sufficiently large. This implies that
Pla=1} >4 (9.26)

for n sufficiently large, and hence &, is a consistent estimate of «p.

Remark: In the case of LS estimation, the condition for consistency is

lim S, ' =0 (9.27)
n—oo
whereas that for the LAD estimates is much stronger. However, (9.27) does
not guarantee the strong consistency for LAD estimates, even if the error
sequence consists of i.i.d. random variables.

Example 9.2: This example shows that even when e€;,€9,... are i.i.d.,
consistency may not hold in case d,, tends to infinity too fast.

Suppose that in model (9.2) the true parameter Gy = 0, the random errors
are ii.d. with a common distribution P{e; = 10*} = P{¢; = —10F} =
1/[k(k+ 1)),k =6,7,..., and ¢; is uniformly distributed over (-3, ;) with
density 1. Let x; = 10%, i = 1,2, ... . We can prove that Bn is not strongly

consistent.

When the errors are i.i.d., we do not know whether (9.27) implies the
weak consistency of the LAD estimates. However, if we do not assume that
the errors are i.i.d., then we have the following counterexample.
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Ezample 9.3: Suppose that in model (9.2), the random errors €1, €a,...
are independent, P{e; = 10’} = P{e; = —10°} = |, and ¢; is uniformly
distributed over the interval (— é, é) with density 1. For convenience assume
that the true parameter value By = 0. Let x; = 10*,7 =1,2,... . Then the
weak consistency does not hold.

9.3 M-Estimates: Univariate Case

Let p be a suitably chosen function on R. Consider the minimization
problem

D plyi = wifn) = min 3 ply; - 2i5). (9.28)
i=1 i=1
Following Huber (1964), B, is called the M-estimate of .

If p is continuously differentiable everywhere, then 3, is one of the
solutions to the following equation:

inp’(yi —x,8) =0 (9.29)
i=1

When p’ is not continuous or p’ equals the derivative of p except at
finite or countably infinitely many points, the following two cases may be
met. First, (9.29) may not have any solution at all, even with a probability
arbitrarily close to 1. In such a situation, the solution of (9.28) cannot be
characterized by that of (9.29). Second, even if (9.29) has solutions, 3, may
not belong to the set of solutions of (9.28). Such a situation leading to a
wrong solution of (9.28) frequently happens when p is not convex. This
may result in serious errors in practical applications. So in this chapter
we always consider the M-estimates to be the solution of (9.28), instead of
being that of (9.29).

Chen and Wu (1988) established the following results. First consider the
case where x1, s, ... are i.i.d. random vectors.

Theorem 9.3 Suppose that (z},v1), (x5, y2),... are i.i.d. observations of a
random vector (x',y), and the following conditions are satisfied:

(i) The function p is continuous everywhere on R, nondecreasing on
[0,00), nonincreasing on (—oo, 0], and p(0) = 0.

(i) Either p(co) = p(—o0) = o0 and
Pla+2'3=0} <1 where (a,8")# (0,0, (9.30)

or p(o0) = p(—o0) € (0,00) and
P{a+a2'8=0} =0 where (o,3)#(0,0). (9.31)
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(ili) For every (a, 3') € RPTL we have
Qor ) = B ply — o — a6) < oo, (9.32)
and Q attains its minimum uniquely at (oo, 8))). Then
Gn — a0, Pn— B0, a.s. asn— o0o. (9.33)

When p is a convex function, condition (9.32) can be somewhat weak-
ened.

Theorem 9.4 If p is a convex function, then (9.33) is still true when condi-
tion (i) of Theorem 9.3 is satisfied, condition (i) is deleted, and condition
(i) is replaced by condition (iii’):

(iii’) For every (o, ') € RPTL,
Q (0 ) = Blply — 0~ B) — ply — a0 — ')} (9.34)

exists and is finite, and

Q*(O‘a/BI) > O,fOT any (aa/Bl) 7é (OLOa/Bé)) . (935)

The following theorem gives an exponential convergence rate of the
estimate (&, O),)-

Theorem 9.5 Suppose that the conditions of Theorem 9.3 are met, and in
addition the moment-generating function of p(y — a — ') exists in some
neighborhood of 0. Then for arbitrarily given € > 0, there exists a constant
¢ > 0 independent of n such that

P{lay — gl > e} = O0(e™™),  P{||Bn — Boll = e} =O0(e™™). (9.36)

This conclusion remains valid if the conditions of Theorem 9.4 are met
and the moment-generating function of p(y — o — 2'8) — p(y — ap — 2/ Bo)
exists in some neighborhood of 0.

Next we consider the case where x1, s, ... are nonrandom g-vectors.

Theorem 9.6 Suppose that in model (9.17) x1,z2,... are nonrandom
q-vectors and the following conditions are satisfied:

(i) Condition (i) of Theorem 9.3 is true and p(co) = p(—o0) = co.
(ii) {x;} is bounded, and if A\, denotes the smallest eigenvalue of the

matriz Y1 (¥; — &n)(@; — Tn)', where T, = L Y1 @i, then

An
lim inf " " > 0. (9.37)
n—oo n
(iii) {e;} is a sequence of i.i.d. random errors.

(iv) Foranyt € R,Ep(e;+t) < oo, E{p(e1+1t)—p(e1)} > 0 for anyt # 0,
and there exists a constant ¢; > 0 such that

E{p(e1 +1) — p(e1)} > ert? (9.38)
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for |t| sufficiently small.

Then (9.33) is true. This conclusion remains valid if (i) and (ii) in

Theorem 9.6 are replaced by (i) and (ii’):

(i’) Condition (i) of Theorem 9.3 is true,
0 < p(o0) = p(—0) < 0. (9.39)

(i)

1 <1< 8l <
lim lim Supﬁ{l <isnlatzif| < e} =

e—0n—oo n

0, (a, 8') # (0,0").
(9.40)

where §B denotes the number of elements in a set B. Note that condition
(9.40) corresponds to condition (9.31) of Theorem 9.3.

Also, when p is convex, the condition E p(e; + t) < 0o can be weakened

t0 E |p(es + ) — ple)] < .

Now we make some comments concerning the conditions assumed in these

theorems:

1.

Condition (iii) of Theorem 9.3, which stipulates that @Q attains its
minimum uniquely at the point (ag,3)), is closely related to the in-
terpretation of regression. The essence is that the selection of p must be
compatible with the type of regression considered. For example, when
ag + 2’ By is the conditional median of Y given X = z (median regres-
sion), we may choose p(u) = |ul. Likewise, when ag+2'5y = E(Y|X = z)
(the usual mean regression), we may choose p(u) = |u|?. This explains
the reason why we say at the beginning of this chapter that the errors
are suitably centered. An important case is that of the conditional dis-
tribution of Y given X = z being symmetric and unimodal with the
center at ag + z'fy. In this case, p can be chosen as any function sat-
isfying condition (i), and such that p(t) > 0 when t # 0. This gives us
some freedom in the choice of p with the aim of obtaining more robust
estimates.

Condition (9.38) of Theorem 9.6 reveals a difference between the two
cases of {z;} mentioned earlier. In the case that {z;} is a sequence of
nonrandom vectors, we can no longer assume that only 0 is the unique
minimization point of E p(€; +u), as shown in the counterexample given

in Bai, Chen, Wu and Zhao (1987) for p(u) = |ul.
Condition (9.38) holds automatically when p(u) = u? and E(e;) = 0.

When p(u) = |u|, it holds when €; has median 0 and a density that is
bounded away from 0 in some neighborhood of 0. When p is even and ¢€; is
symmetric and unimodal with center 0, (9.38) holds if one of the following
two conditions is satisfied:

(i) 1nf{(p<?52:2<17“)“>> :e§u1<uz<oo}>0f0ranye>0.
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(if) There exist positive constants a < b and ¢, such that

p(uz) — p(ur) > e |f(u2) — f(u1)] >ec

U2 — U1 U2 — U1

for any a < u; < ug < b, where f is the density of €;.

9.4 Asymptotic Distributions of LAD Estimators

9.4.1 Univariate Case

The asymptotic distribution of LAD estimates was first given by Bassett
and Koenker (1978) and later by Amemiya (1982) and Bloomfield and
Steiger (1983, p. 62). Bloomfield and Steiger (1983) also pointed out that
the limiting distribution of the LAD estimate of 8 (except the constant
term, but the model may have a constant term) follows from a result on
a class of R-estimates due to Jaeckel (1972), who proved the asymptotic
equivalence between his estimates and those introduced and studied by
Jureckova (1971). Heiler and Willers (1988) removed some complicated
conditions on the z;-vectors made by Jureckova (1971) and hence greatly
improved Jaeckel’s result. However, it should be noted that all the above
results about the limiting distribution of LAD estimates are special cases of
those of Ruppert and Carroll (1980), who derived the limiting distribution
of quantile estimates in linear models.

Bai et al. (1987) derived the limiting distribution of the LAD estimates
under mild conditions. The results are given below.

Theorem 9.7 Suppose that in model (9.2), €1,...,€, are ii.d. with a
common distribution function F, and the following two conditions are
satisfied:

(i) There is a constant A > 0 such that f(u) = F'(u) exists when |u| <

A, f is continuous and strictly positive at zero, and F(0) = %

(ii) The matriz Sy, = z1a) + ... + xnx), is nonsingular for some n and

lim max x}S, g, =0.
n—oo 1<i<n

Then
2£(0)S7 (B — B) = N(0,1,), (9.41)
where Bn is the LAD estimator of 3.

The distribution (9.41) is derived by using the Bahadur-type represen-
tation

2f(0 ) Z signe;)Sy, xl =0,(1), (9.42)
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which is valid under the conditions of Theorem 9.7.
Bai et al. (1987) established the following theorem when ¢; are not i.i.d.

Theorem 9.8 Suppose that in model (9.2), €1,...,¢e, are independent; the
distribution function F; of €; is differentiable over the interval (—A,A);
F;(0) = %,i =1,2,...; and A > 0 does not depend on i. Write f;(x) =
F!(x). Suppose that {fi(x)} is equicontinuous at x =0,

0 < inf f;(0) < sup fi(0) < o0,

Sp = 1@y + ... + 2}, is nonsingular for some n, and

lim max ng;lxi =0.
n—oo 1<i<n

Then as n — o0,

25, 2 > £l (B — ) L N(0,1,).

9.4.2  Multivariate Case

Consider model (9.1). Define 8, = Bn(y1,-..,yn) as the LD (least-
distances) estimate of 3 if it minimizes

> llyi — Bl (9.43)
i=1
where || - || denotes the Euclidean norm.
For the special case where X; = ... = X, = I, the LD estimate of 3

reduces to the spatial median defined by Haldane (1948) and studied by
Brown (1983), Gower (1974), and others. Recently, the limiting distribution
of the general case was obtained by Bai, Chen, Miao and Rao (1988), whose
results are given below.

We make the following assumptions about model (9.1):

(i) The random errors Eq, Fs, ... are i.i.d. with a common distribution
function F' having a bounded density on the set {u : ||u|| < §} for
some 0 > 0 and P{c'E; = 0} < 1 for every ¢ # 0.

(i) [ullul"*dF(u) = 0.

(iii) There exists an integer ng such that the matrix (Xi,...,X,,) has
rank gq.

(iv) Define the matrices

A:/HUH*l(fp*UU’HUH*Q)dF(U)» (9.44)

B= /uu/||u||_2dF(u). (9.45)



9.5 General M-Estimates 403

Condition (i) ensures that A and B exist and are positive definite when
p > 2, so that by condition (iii), the matrices

S, = ZXiBX{ and T, = ZXiAX{ (9.46)
i=1 i=1
are positive definite when n > ng. We assume that

n—oo

lim d,, =0 where dy = max 1512 X4 (9.47)
Theorem 9.9 Ifp > 2 and conditions (i)—(iv) above are met, then asn — oo
we have

In the limiting distribution, the unknown matrices A and B are involved.
Bai et al. (1988) also proposed the following estimates of A and B:

. I o
A nZIIEm'II HIp = lEnill ~%éni€n) (9.48)
i=1
. 1 &
B Ani 72Ani Gt ) 949
o 2 el s (949)
where é,; = Y; — X{Bmi =1,2,...,n, and proved the following theorem.

Theorem 9.10 Under the conditions of Theorem 9.9, A and B are weakly
consistent estimates of A and B, respectively.

Remark: The asymptotic distribution in Theorem 9.9 holds when S and
T are computed by substituting A and B for the unknown matrices A and
B.

9.5 General M-Estimates

A number of papers in the literature have been devoted to M-estimation.
Basically speaking, there are two kinds of M-estimation:

1. Simple form:

min}  p(Yi — X;). (9.50)

=1

2. General form:

mini |:p (Y _JX£5> —&-loga} . (9.51)
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When p is differentiable, the solutions of the two forms can be obtained
by solving

SOXAY - Xl = 0, (9.52)

i=1

Zn:Xi\I/ (Y"_UXZ(B) = 0, (9.53)
S ( X’ﬁ) _— (9.54)

=1

where U is the derivative (or gradient) of p and

X(t) = tW(t) —

Huber (1964) proposed the M-estimation methodology, which includes
the usual likelihood estimation as a special case. Maronna and Yohai (1981)
generalized Huber’s equation as

ZX¢< X’ﬁ)
éx(‘ igxgﬂD = 0, (9.56)

without reference to any minimization problem such as (9.51).

In view of Bickel (1975), once the M-estimate satisfies the above
equations, it can be regarded as Bickel’s one-step estimate and hence
its asymptotic normality follows by showing that it is a square-root-n
consistent estimate.

However, in many practical situations of M-estimation the derivative of
p is not continuous. Hence, according to Bai et al. (1987), as mentioned in
Section 9.2, equations (9.52) or (9.53) and (9.54) may have no solutions with
a large probability. Therefore the M-estimate cannot be regarded as Bickel’s
one-step estimate. More important, even though the above equations have
solutions, the set of their solutions may not contain the M-estimate of the
original form (9.50) or (9.51).

A more general form than the classical M-estimation, called quadratic
dispersion or discrepancy, is discussed by Basawa and Koul (1988). Under
a series of broad assumptions, they established the asymptotic proper-
ties of estimates based on quadratic dispersion, and indicated how these
assumptions can be established in some specific applications.

Here we confine ourselves to the case of (9.50). For the univariate
case, Bai, Rao and Wu (1989) prove some general basic results under the
following assumptions:

(U.1) p(z) is convex.

0, (9.55)
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(U.2) The common distribution function F' of ¢; has no atoms on D.

This last condition is imposed to provide unique values for certain function-
als of ¥, which appear in our discussion, and it automatically holds when p
is differentiable. (For instance, if p(x) = |z|P,p > 1, the condition does not
impose any restriction on F.) We conjecture that this condition is crucial
for asymptotic normality but not necessary for consistency of M-estimates.

(U.3) With ¥ as the derivative (or gradient) of p
E[U(e; 4+ a)] = da+o(a) asa — 0, (9.57)
where A > 0 is a constant.

When (U.2) is true, it is easy to see that if (U.3) holds for one choice of
¥, then it holds for all choices of ¥ with the same constant A. Conversely,
it is not difficult to give an example showing that the constant A in (U.3)
depends on the choice of ¥ when (U.2) fails. This shows the essence of
assumption (U.2).

(U.4)
g(a) = E[¥(e; 4+ a) — ¥(e;))? (9.58)

exists for all small a, and g is continuous at a = 0.

(U.5)
E[¥?(e)] = 0 € (0,00). (9.59)
(U.6) S, =x12) + ...+ zp2), is nonsingular for n > ng (some value of n)
and
d?> = max xS 'z; =0 asn — co. (9.60)
1<i<n

Theorem 9.11 Under assumptions (U.1)-(U.5), for any ¢ > 0,

sup ’ > [olys — 248) — plys — 2)
1S8/2(B—Bo)|<c ' i=1

+ (8 — Bo) ¥ (y: — xi0)]
- /2\(/6’ — o) Sn(B — /6’0)’ — 0 in probability, (9.61)

where By is the true value for model (9.2), Sy, = Y i, xia} is assumed to
be positive definite (for all n > ng), and X is as defined in (9.57).

Theorem 9.12 Under assumptions (U.1)-(U.6),

Bn — Bo in probability .
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Theorem 9.13 Under assumptions (U.1)-(U.6), we have for any ¢ >0

n

sw |0 [y - 218) - (s — 260)] Sk
IS%/%(B—Bo)|<c ' i=1

+ASE(B - Bo)| =0 in probability, (9.62)

where X is defined in (9.57).

Theorem 9.14 Under assumptions (U1)-(Us),
3 /A L —2 9
Sz (Brn — Bo) = N(0,A"%0%1,), (9.63)
where 0% is as defined in (9.59).

For the multivariate case, in the same paper, the following results are
established.

The assumptions used in the multivariate case are summarized below,
where W represents any (vector) gradient function of p.

(M.1) pis convex, p(0) =0, p(u) > 0 for any p-vector u # 0.

(M.2) F(D) = 0, where F is the distribution function of E; and D is the
set of points at which F' is not differentiable.

(M.3) E[V(E1+a)] = Aa+o(a) as a — 0, A > 0. (Note that if (M3) holds
for one choice of ¥, then it holds for all choices of ¥ with the same
matrix A).

(M.4) g(a) =E||¥(E1+a)—¥(E1)||*> < oo for small a, and g is continuous
at a = 0, where || - || denotes the Euclidean norm.

(M.5) B = cov[¢)(E1)] > 0.
(MG) d% = Mmax1<i<n |XZ/S;1XZ| — 0

where S, = X1X{ + ... + X, X, is supposed to be positive definite for
n > no (some value).

Theorems analogous to those in the univariate case can be extended to
the multivariate case as follows. We use the additional notation

T = i X,BX!, K= iXZ-AXi’ (9.64)
1=1 =1

where the matrices A and B are as defined in assumptions (M.3) and (M.5),
respectively.
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Theorem 9.15 Under assumptions (M.1)-(M.5), we have for each ¢ > 0

n

sup [p(Yi = X{B) — p(Yi — X;)

T/2(B—Po)|<c'i—1
+ (6 — Bo) Xa ¥ (Y; — X 60)]

- ;(ﬁ — o) K(6 — 50)‘ — 0 in probability.

Theorem 9.16 Under assumptions (M.1)-(M.6), we have for any ¢, — oo,

P{|T5 (Bn —Bo)| > cn} -0 = Bn — By in probability .
Theorem 9.17 Under assumptions (M.1)-(M.6), we have for each ¢ > 0

swp | ST - XIB) — (Y~ X))
IT™ /% (8—fPo)|<c =1

FTRR(G - ﬁo)‘ 0 in probability.
Theorem 9.18 Under assumptions (M.1)-(M.6),

T~ 2K (B, — fo) = N(0,1,).

9.6 Tests of Significance

The test of significance of LAD estimates (univariate case) and for LD
estimates (multivariate case) were considered in Bai et al. (1987) and Bai
et al. (1988), respectively. Because both of the above results are special
cases of those considered in Bai et al. (1989) in this section, we present
results only for the latter.

For the univariate case, we consider a test of the hypothesis Hy: H3 = r
where H is a m X g-matrix of rank m. Let /3’n denote the solution of

n

min > p(yi — ) (9.65)

HB=r
p=ria

and Bn the solution for the unrestricted minimum.
Theorem 9.19 Under assumptions (U.1)-(U.6), we have
(i)
2)

02 ¢
i=1

[p(yi — 2 B2) — pyi — 2B0)] 2 X2, (9.66)

where X2, represents the chi-square distribution on m degrees of
freedom.
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(i)
A? A / —1 g5\ —1 A L 2
2 (HB, —1r) (HS,"H' )" (HBp, — 1) = X, - (9.67)

The asymptotic distribution (9.66) involves the nuisance parameters A
and o2, which may be unknown. In such a case we suggest the following
procedure. Consider an extended linear model

yi=TB+Ziv+e, i=1,...,n, (9.68)
where the Z; are s-vectors satisfying the conditions
72’X=0, ZZ=1,, d,= max |Zi| — 0 (9.69)

with Z = (Z1,...,Z,) and X = (x1,...,2,)". Let (55,7%) be a solution
of

min i — 2B — Z). 9.70
nin ) plys — a6 = Zj7) (9.70)
By Theorem 9.19, under model (9.2),

o2 Z = &) = plyi — w85 — Zivs)] B X3 (9.71)

whether or not the hypothesis H is true. Then we have the following
theorem.

Theorem 9.20 For model (9.2), under assumptions (U.1)-(U.6),
§ Z?:dp(yi - x26n> - p(yi - xiénﬂ i)
a3 (i — wiBn) — plyi — 23635 — Zi77)]

where F(m, s) denotes the F-distribution on m and s degrees of freedom.

F(m,s), (9.72)

Now we consider the multivariate case. Let B be a solution of the
minimization problem

min {Zpy X3 } (9.73)

Then we have the following theorem.

Theorem 9.21 Under assumptions (M.1)-(M.6),

i [p(Yi=X{Ba) ~p(Yi= X f)| *;’Q'iXZ—\IJ(E
=1

2
) ’ — 0 in probability
i=1

where Q) is a ¢ X m-matriz such that

Q/KQ = Im>
OKG = 0, (9.74)
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with G as a q X (¢ —m)-matriz determined by
GTG = I, m,

G'H = 0. (9.75)

(Note that @ and G may not be uniquely determined by (9.74) and

(9.75), but the product Q"T~1Q is the same for all choices of Q. In fact,
QQ = K-\H(H'K~'H) "H'K~)

Remark: If m = q, we take G = 0 and Q = K‘é, whereas if m = 0, we
take H =0,Q =0, and G = T-:. With such choices, Theorem 9.21 is still
true.

Remark: The test statistic

n

> p(Y; = X{Bn) = > p(Yi = XBa) (9.76)
i=1 i=1
has the same asymptotic distribution as 271|Q" Y"1 | X;U(E;)|?, which, in
general is a mixture of chi-squares.
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Models for Categorical Response
Variables

10.1 Generalized Linear Models

10.1.1 Extension of the Regression Model

Generalized linear models are a generalization of the classical linear mod-
els of the regression analysis and analysis of variance, which model the
relationship between the expectation of a response variable and unknown
predictor variables according to

E(yi) = zabi+...+xpb
zi3. (10.1)

The parameters are estimated according to the principle of least squares
and are optimal according to minimum dispersion theory, or in case of a
normal distribution, are optimal according to the ML theory (cf. Chapter
3).

Assuming an additive random error ¢;, the density function can be
written as

where n; = 3 is the linear predictor. Hence, for continuous normally
distributed data, we have the following distribution and mean structure:

yi ~ N(piso?), E(yi) =pi, pe=m=xif3. (10.3)
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In analyzing categorical response variables, three major distributions may
arise: the binomial, multinomial, and Poisson distributions, which belong
to the natural exponential family (along with the normal distribution).

In analogy to the normal distribution, the effect of covariates on the
expectation of the response variables may be modeled by linear predictors
for these distributions as well.

Binomial Distribution

Assume that I predictors n; = 26 (i = 1,...,I) and N; realizations y;;,
j =1,...,N;, respectively, are given, and furthermore, assume that the
response has a binomial distribution

Let g(m;) = logit(m;) be the chosen link function between p; and 7;:

logit(m;) = ln( i )

lfﬂi
N;m; oy
= In (Ni —Niﬂ'i> =uz;0. (10.4)

With the inverse function g~!(z}3) we then have

!
N;m; = py = N, exp(0)

"1 +exp(2if) g7 (m) (10.5)

Poisson Distribution
Let y; (¢ =1,...,1) have a Poisson distribution with E(y;) = p;
e_ui Mih

for y; =0,1,2,.... (10.6)

The link function can then be chosen as In(yu;) = x}0.

Contingency Tables

The cell frequencies y;; of an I x J contingency table of two categorical
variables can have a Poisson, multinomial, or binomial distribution (de-
pending on the sampling design). By choosing appropriate design vectors
Z;5, the expected cell frequencies can be described by a loglinear model

I(mi;) = p+oi +057 + (aB)"
= a, (10.7)

)

and hence we have

pij = mij = exp(z;;3) = exp(ni;) - (10.8)
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In contrast to the classical model of the regression analysis, where E(y) is
linear in the parameter vector (3, so that ;. = n = 2’ holds, the generalized
models are of the following form:

p=g''p), (10.9)

where g~ is the inverse function of the link function. Furthermore, the
additivity of the random error is no longer a necessary assumption, so that
in general

1

f(y) = f(y.2'B) (10.10)

is assumed, instead of (10.2).

10.1.2  Structure of the Generalized Linear Model

The generalized linear model (GLM) (cf. Nelder and Wedderburn, 1972) is
defined as follows. A GLM consists of three components:

e the random component, which specifies the probability distribution
of the response variable,

e the systematic component, which specifies a linear function of the
explanatory variables,

e the link function, which describes a functional relationship be-
tween the systematic component and the expectation of the random
component.

The three components are specified as follows:

1. The random component Y consists of N independent observations
v = (y1,¥2,...,yn) of a distribution belonging to the natural exponen-
tial family (cf. Agresti, 1990, p. 80). Hence, each observation y; has—in
the simplest case of a one-parametric exponential family—the following
probability density function:

f (i, 0:) = a(0:)b(yi) exp (y: Q (0:)) - (10.11)

Remark: The parameter ; can vary over i = 1,2,..., N, depending on the
value of the explanatory variable, which influences y; through the systema-
tic component.

Special distributions of particular importance in this family are the Pois-
son and the binomial distribution. Q(6;) is called the natural parameter of
the distribution. Likewise, if the y; are independent, the joint distribution
is a member of the exponential family.

A more general parametrization allows inclusion of scaling or nuisance
variables. For example, an alternative parametrization with an additional
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scaling parameter ¢ (the so-called dispersion parameter) is given by

yif; — b(0;)
£ (3il6i, 0) exp{ o)

where 0; is called the natural parameter. If ¢ is known, (10.12) represents
a linear exponential family. If, on the other hand, ¢ is unknown, then
(10.12) is called an exponential dispersion model. With ¢ and 6;, (10.12) is
a two-parametric distribution for ¢ = 1,..., N, which is used for normal or
gamma distributions, for instance. Introducing y; and 6; as vector-valued
parameters rather than scalars leads to multivariate generalized models,

which include multinomial response models as special case (cf. Fahrmeir
and Tutz, 1994, Chapter 3) .

+ c(yi,¢)} , (10.12)

2. The systematic component relates a vector n = (11,72, ...,1nn5) to a set
of explanatory variables through a linear model
n=Xg. (10.13)

Here 7 is called the linear predictor, X : IV X p is the matrix of observations
on the explanatory variables, and (3 is the p-vector of parameters.

3. The link function connects the systematic component with the expec-
tation of the random component. Let p; = E(y;); then u; is linked to n; by
1; = g(p;). Here g is a monotonic and differentiable function:

p
glps) =Y Bijmi; i=1,2,...,N. (10.14)
j=1

Special cases:
(i) g(p) = p is called the identity link. We get n; = ;.
(ii) g(p) = Q(6;) is called the canonical (natural) link. We have Q(6;) =

i1 By

Properties of the Density Function (10.12)

Let
li = 1(0i, b5 y5) = In f(yi3 6, 0) (10.15)
be the contribution of the i*" observation y; to the loglikelihood. Then
li = [yifi — b(6:)]/a(9) + c(yi; ¢) (10.16)

holds and we get the following derivatives with respect to 6;

ol [y —'(6,)]

06 = o) (10.17)
o2, (o))
00 = alg) (10.18)
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where V' (6;) = 9b(6;)/00; and b”(0;) = 9*b(0;)/060? are the first and second
derivatives of the function b(6;), assumed to be known. By equating (10.17)
to zero, it becomes obvious that the solution of the likelihood equations is
independent of a(¢). Since our interest belongs to the estimation of § and
B inn = 2’3, we could assume a(¢) = 1 without any loss of generality (this
corresponds to assuming o2 = 1 in the case of a normal distribution). For
the present, however, we retain a(¢).

Under certain assumptions of regularity, the order of integration and
differentiation may be interchangeable, so that

i\
E (891-) =0 (10.19)

021, ol \?
E(%?)E(ael) . (10.20)

Hence we have from (10.17) and (10.19)

Similarly, from (10.18) and (10.20), we find
0(0:) ol V(0]
ae) — P ) )
_ var(y:)
= o) (10.22)

since E[y; — t/(0;)] = 0, and hence

V(i) = var(y;) = 0" (0;)a(e) . (10.23)

Under the assumption that the y; (i = 1,...,N) are independent, the

loglikelihood of ' = (y1,...,yn) equals the sum of 1;(0;, ¢;y;). Let 6/ =
7

Or,...,0n), 1 = (p1,-..,un), X = yand n = (m,...,mNn) =
Ty

X . We then have, from (10.21),

ob(0) ob(61) ob(61)\’
= = - 10.24
= o0 (391”09N ’ (10-24)
and in analogy to (10.23) for the covariance matrix of ¥’ = (y1,...,yn),
2
cov(y) = V(u) = 889[)8(2’) = a(¢p)diag(b’(61),...,b"(0N)) . (10.25)

These relations hold in general, as we show in the following discussion.
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10.1.3 Score Function and Information Matriz

The likelihood of the random sample is the product of the density functions:

N
L0, ¢3y) = [ ] £ (wis 05, 0) - (10.26)
=1

The loglikelihood In L(6, ¢;y) for the sample y of independent y; (i =
1,...,N) is of the form

=060 = 3= {0 ) o

The vector of first derivatives of [ with respect to 6; is needed for deter-
mining the ML estimates. This vector is called the score function. For now,
we neglect the parametrization with ¢ in the representation of [ and L and
thus get the score function as

s5(6;y) = 3891(9;21) = L(;_y) ;L(e;y). (10.28)

0% [ 9
000"~ \90;00; ) 1. .x

Let

be the matrix of the second derivatives of the loglikelihood. Then

Finy(0) =E <%é$y)> (10.29)

is called the expected Fisher-information matriz of the sample y' = (y1, .. .,
yn), where the expectation is to be taken with respect to the following
density function

Flyrs-unl6s) = [ F(wilbs) = L(6;).-

In case of regular likelihood functions (where regular means: exchange of
integration and differentiation is possible), to which the exponential families
belong, we have

E(s(0;y)) =0 (10.30)
and
Fooy(8) = B(s(0: )5 (6:1)) = cov(s(6:1)) (10.31)
Relation (10.30) follows from

/f(yh s yn|0)dyr - dyn = /L(G; y)dy =1, (10.32)
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by differentiating with respect to 6 using (10.28):

/3L(9;y)dy _ /51(9;y)L(9;y)dy

00 00
= E(s(6;y)) = 0. (10.33)
Differentiating (10.33) with respect to 6, we get
0%1(0;y)
0 sp0g LOYdy
9l(0;y) OU(Osy) +
+/ 20 op L0y

= —Fuw(0) +E(s(6;9)'(6;9)
and hence (10.31), because E(s(0;y)) = 0.

10.1.4 Maximum-Likelihood Estimation
Let 1, = .8 = Y.F_, x;;3; be the predictor of the i*" observation of the

j=1
response variable (¢ = 1,..., N) or—in matrix representation—

m 13

nN e

Assume that the predictors are linked to E(y) = p by a monotonic
differentiable function g(-):

g(pi)=m (i=1...,N), (10.35)
or, in matrix representation,
g9(p1)
g(p) = : =1. (10.36)
9(un)

The parameters 6; and 8 are then linked by the relation (10.21), that is
wi = V' (0;), with g(u;) = ;5. Hence we have 6; = 6,(5). Since we are
interested only in estimating (3, we write the loglikelihood (10.27) as a
function of G:

B =D Ui(B). (10.37)

We can find the derivatives 01;(5)/008; according to the chain rule:

— . 10.
98, ~ 90, O O, 05, (10.38)
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The partial results are as follows:

géi _ ;(i’;)@)] [ef. (10.17)]
[yiawg“} [cf. (10.21)], (10.39)
pi v (6:),
gg: W(0,) = VZE(;;) [cf. (10.23))], (10.40)
gg _ GZ%;;ikﬂk . (10.41)

Because 1; = g(u; ), the derivative du; /9n; is dependent on the link function
g(+), or rather its inverse g~1(-). Hence, it cannot be specified until the link
is defined.

Summarizing, we now have

i _ (yi — i) ij Ot
9B; Var(y;) On; '

607, o 6,U,i -

o\ 00;
for inverse functions (u; = b'(6;),6; = (b')~*(ui)). The likelihood equations
for finding the components 3; are now

j=1,...,p (10.42)

using the rule

N

(yi - Mi)xij Opi .
= =1...,p. 10.4
; var(y) O 0, j P (10.43)

The loglikelihood is nonlinear in 3. Hence, the solution of (10.43) requires
iterative methods. For the second derivative with respect to components of
3, we have, in analogy to (10.20), with (10.42),

27, . .
E( 0%l; ) E<8lz>(5h)
9B;08n 9B;) \ 9B
_ g (yi — i) (yi — i) zijTin <5,ui>2
(var(y;))? om;
2
__ TijTin Opi
= var(y:) <877i) , (10.44)
and hence
82 xz]xzh 8/’% 2
5 (o) = 2 vt (o) (1045)

i=1
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and in matrix representation for all (j, h)-combinations

_ PUB) _
Fon(B) =E < 8585,) = X'WX (10.46)
with

W = diag(wy ..., wN) (10.47)

and the weights

(%)
_ on;

W= ) (10.48)

Fisher-Scoring Algorithm

For the iterative determination of the ML estlmate of 3, the method of
iterative reweighted least squares is used. Let 8% be the k" approximation
of the ML estimate /3. Furthermore, let ¢*)(8) = 01(8)/d8 be the vector
of the first derivatives at 3*) (cf. (10.42)). Analogously, we define W&,
The formula of the Fisher-scoring algorithm is then

(x'w® x)p¢D = (x'Ww® x)88) 4 q*) (10.49)

The vector on the right side of (10.49) has the components (cf. (10.45) and
(10.42))

>[5 e ()

h

+ Z vor{ ’yz i (g;‘) . (10.50)
G=1,...,p)
The entire vector (10.50) can now be written as
X'w® k) (10.51)

where the N-vector z(®) has the j** element as follows:
(k)
*)  _ ®) 4y — y 0y [ O
o= Z%ﬁ 1) (augk)>

(k) CNELS
m Wi —n ) 8;;(’“) : (10.52)

Hence, the equation of the Fisher-scoring algorithm (10.49) can now be
written as

x'w® x)pktD) = xw® k) (10.53)

This is the likelihood equation of a generalized linear model with the re-
sponse vector z(®) and the random error covariance matrix (W®*)=1 If
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rank(X) = p holds, we obtain the ML estimate 3 as the limit of

BUHD — (x'Ww R X)L x W (R) (k) (10.54)
for k — oo, with the asymptotic covariance matrix
V(B) = (X'WX)™ = F\(8), (10.55)

where W is determined at B . Once a solution is found, then B is consistent
for 8, asymptotically normal, and asymptotically efficient (see. Fahrmeir
and Kaufmann (1985) and Wedderburn (1976) for existence and uniqueness
of the solutions). Hence we have 3 % N(3,V(5)).

Remark: In case of a canonical link function, that is for g(u;) = 6;, the
ML equations simplify and the Fisher-scoring algorithm is identical to the
Newton-Raphson algorithm (cf. Agresti, 1990, p. 451). If the values a(¢)
are identical for all observations, then the ML equations are

injyi = Z.’Eijui. (1056)

If, on the other hand, a(¢) = a;(¢) = a;¢ (i = 1,...,N) holds, then the

ML equations are
LijYi Lig i
= . 10.57
DR D (1057

%

As starting values for the Fisher-scoring algorithm the estimates B(O) =
(X'X)' X'y or 5O = (X'X)"'X'g(y) may be used.

10.1.5 Testing of Hypotheses and Goodness of Fit

A generalized linear model g(p;) = 8 is—besides the distributional
assumptions—determined by the link function g(-) and the explanatory
variables X1, ..., X, as well as their number p, which determines the length
of the parameter vector 3 to be estimated. If g(-) is chosen, then the model
is defined by the design matrix X.

Testing of Hypotheses

Let X; and X3 be two design matrices (models), and assume that the hi-
erarchical order X; C X» holds; that is, we have X5 = (X1, X3) with some
matrix X3 and hence R(X;1) C R(X3). Let (1, f2, and B3 be the corre-
sponding parameter vectors to be estimated. Further let g(fi1) = 71 = X154
and g(fiz) = 2 = X282 = X161+ X303, where 81 and B2 = (5, 8) are the
maximum-likelihood estimates under the two models, and rank(X;) = rq,
rank(Xs) = 7o, and (ro — 1) = r = df. The likelihood ratio statistic, which
compares a larger model Xo with a (smaller) submodel X7, is then defined
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as follows (where L is the likelihood function)

A = maxp LB (10.58)
maxg, L(02)
Wilks (1938) showed that —21In A has a limiting xZ-distribution where the
degrees of freedom df equal the difference in the dimensions of the two
models. Transforming (10.58) according to —2In A, with [ denoting the
loglikelihood, and inserting the maximum likelihood estimates gives

—2InA = =2[I(31) — 1(32)] - (10.59)
In fact one tests the hypotheses Hy : O3 = 0 against Hy : 03 # 0. If Hy
holds, then —2In A ~ x2. Therefore Hy is rejected if the loglikelihood is

significantly higher under the greater model using Xs. According to Wilks,
we write

G?=—-2InA

Goodness of Fit

Let X be the design matrix of the saturated model that contains the same
number of parameters as observations. Denote by 6 the estimate of 6 that
belongs to the estimates ji; = y; ( = 1,..., N) in the saturated model. For
every submodel X; that is not saturated, we then have (assuming, again,

that a(¢) = a;(¢) = a;¢)
GQ(Xj|X) _ 22 ; yi(~i - éz) - b(él) + b(éz)

¢
D . Y.
_ D(y; 1)) (10.60)
¢
as a measure for the loss in goodness of fit of the model X; compared to
the perfect fit achieved by the saturated model. The statistic D(y; fi;) is

called the deviance of the model X;. We then have

D(y; n) — D(y; fi2)
¢
That is, the test statistic for comparing the model X; with the larger model

X5 equals the difference of the goodness-of-fit statistics of the two models,
weighted with 1/¢.

G*(X1|X2) = G*(X1|X) — G*(Xo|X) = (10.61)

10.1.6  Qwverdispersion

In samples of a Poisson or multinomial distribution, it may occur that
the elements show a larger variance than that given by the distribution.
This may be due to a violation of the assumption of independence, as, for
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example, a positive correlation in the sample elements. A frequent cause
for this is the cluster-structure of the sample. Examples are

e the behavior of families of insects in the case of the influence of insec-
ticides (Agresti, 1990, p. 42), where the family (cluster, batch) shows
a collective (correlated) survivorship (many survive or most of them
die) rather than an independent survivorship, due to dependence on
cluster-specific covariables such as the temperature,

e the survivorship of dental implants when two or more implants are
incorporated for each patient,

e the development of diseases or social behavior of the members of a
family,

e heterogeneity not taken into account, which is, for example, caused
by having not measured important covariates for the linear predictor.

The existence of a larger variation (inhomogeneity) in the sample than in
the sample model is called overdispersion. Overdispersion is in the simplest
way modeled by multiplying the variance with a constant ¢ > 1, where
¢ is either known (e.g., ¢ = o2 for a normal distribution), or has to be
estimated from the sample (cf. Fahrmeir and Tutz, 1994, Section 10.1.7,
for alternative approaches).

Ezample (McCullagh and Nelder, 1989, p. 125): Let N individuals be
divided into N/k clusters of equal cluster size k. Assume that the individual
response is binary with P(Y; = 1) = m;, so that the total response

Y =21+ Zo+ -+ Zny

equals the sum of independent B(k;m;)-distributed binomial variables Z;
(t=1,...,N/k). The m;’s vary across the clusters and assume that E(r;) =
7 and var(m;) = 727(1 — «) with 0 < 72 < 1. We then have

E(Y) = Nnx
var(Y) = Nna(1—nm){1+ (k—1)7%} (10.62)
= ¢Nn(l—m).

The dispersion parameter ¢ = 1+ (k—1)72 is dependent on the cluster size
k and on the variability of the 7;, but not on the sample size V. This fact is
essential for interpreting the variable Y as the sum of binomial variables Z;
and for estimating the dispersion parameter ¢ from the residuals. Because
of 0 < 72 <1, we have

1<$¢<k<N. (10.63)
Relationship (10.62) means that
Y
W) ko (10.64)

Nn(l —7)
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is constant. An alternative model—the beta-binomial distribution—has the
property that the quotient in (10.64), that is ¢, is a linear function of the
sample size N. By plotting the residuals against N, it is easy to recognize
which of the two models is more likely. Rosner (1984) used the the beta-
binomial distribution for estimation in clusters of size k = 2.

10.1.7 Quasi Loglikelihood

The generalized models assume a distribution of the natural exponential
family for the data as the random component (cf. (10.11)). If this assump-
tion does not hold, an alternative approach can be used to specify the
functional relationship between the mean and the variance. For exponential
families, the relationship (10.23) between variance and expectation holds.
Assume the general approach

var(Y) = ¢V (), (10.65)

where V(+) is an appropriately chosen function.

In the quasi-likelihood approach (Wedderburn, 1974), only assumptions
about the first and second moments of the random variables are made.
It is not necessary for the distribution itself to be specified. The starting
point in estimating the influence of covariables is the score function (10.28),
or rather the system of ML equations (10.43). If the general specification
(10.65) is inserted into (10.43), we get the system of estimating equations
for ¢

(v — i) O
iR 0 (i=1,...,p), 10.66
Z V(i) 7 om; (J p) ( )

i=1

which is of the same form as as the likelihood equations (10.43) for GLMs.
However, system (10.66) is an ML equation system only if the y;’s have a
distribution of the natural exponential family.

In the case of independent response, the modeling of the influence of
the covariables X on the mean response E(y) = p is done according
to McCullagh and Nelder (1989, p. 324) as follows. Assume that for the

response vector we have

Y~ (1, @V (1)) (10.67)

where ¢ > 0 is an unknown dispersion parameter and V' (u) is a matrix of
known functions. Expression ¢V (u) is called the working variance.

If the components of y are assumed to be independent, the covariance
matrix ¢V (1) has to be diagonal, that is,

V(p) = diag(Vi(p), ..., Vn(p)). (10.68)
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Here it is realistic to assume that the variance of each random variable y;
is dependent only on the i** component p; of i, meaning thereby

V() = diag(Va (), -, Vv (si))- (10.69)

A dependency on all components of p according to (10.68) is difficult to
interpret in practice if independence of the y; is demanded as well. (Ne-
vertheless, situations as in (10.68) are possible.) In many applications it is
reasonable to assume, in addition to functional independency (10.69), that
the V; functions are identical, so that

V(p) = diag(v(p1), - -, v(un)) (10.70)

holds, with V; = v().
Under the above assumptions, the following function for a component y;
of y:

U=u(p,y) =" 1 10.71
W) = o) 1Ty
has the properties
E(U) 0, (10.72)
1
var(U) o)’ (10.73)
ou  —ov(m) = (yi — ui)cba’;(,ﬁi)
O ¢*v%(p1s)
oUu 1
—E = . 10.74
<5ui) Pv(pi) (10.74)

Hence U has the same properties as the derivative of a loglikelihood, which,
of course, is the score function (10.28). Property (10.47) corresponds to
(10.31), whereas property (10.74) in combination with (10.73) corresponds
to (10.31). Therefore,

N
Qusy) =Y Qilus i) (10.75)
=1
with
oY By —t
Qi(.uiayz) - /yl (b’l)(t) dt (1076)

(cf. McCullagh and Nelder, 1989, p. 325) is the analogue of the loglikeli-
hood function. Q(p;y) is called quasi loglikelihood. Hence, the quasi score
function, which is obtained by differentiating Q(u;y), equals

U(B) = 67 DV Ly — ), (10.77)
with D = (0p;/06;) i=1,...,N,j=1,...,p) and V = diag(v1,...,vn).

The quasi-likelihood estimate 3 is the solution of U (6) = 0. It has the
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asymptotic covariance matrix
cov(B) = ¢(D'V 'D)"L. (10.78)
The dispersion parameter ¢ is estimated by

. 1 i — ;)2 X2
$= 2 — ) _ : (10.79)
N-p o) N-p

where X? is the so-called Pearson statistic. In the case of overdispersion (or
assumed overdispersion), the influence of covariables, (i.e., of the vector 3)
is to be estimated by a quasi-likelihood approach (10.66) rather than by a

likelihood approach.

10.2 Contingency Tables

10.2.1 Owverview

This section deals with contingency tables and the appropriate models. We
first consider so-called two-way contingency tables. In general, a bivariate
relationship is described by the joint distribution of the two associated ran-
dom variables. The two marginal distributions are obtained by integrating
(summing) the joint distribution over the respective variables. Likewise,
the conditional distributions can be derived from the joint distribution.

Definition 10.1 (Contingency Table) Let X and Y denote two categorical
variables, with X at I levels and Y at J levels. When we observe sub-
jects with the variables X and Y, there are I x J possible combinations of
classifications. The outcomes (X;Y) of a sample with sample size n are
displayed in an I x J (contingency) table. (X,Y) are realizations of the
joint two-dimensional distribution:

P(X=iY=j)=m;. (10.80)

The set {m;;} forms the joint distribution of X and Y. The marginal
distributions are obtained by summing over rows or columns:

Y Marginal
1 2 . J distribution of X
1 mp w2 ... Wy Mg
2 w1 M2 ... Taj Moy
X
I st Tro Trg T+
Marginal 741 742 ... T4g

distribution of Y
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I

7T+j = E 7'('1‘]‘, jZl,...,J,
i=1
J

T+ = E Tij 5 iil,...,I,
j=1

I J
E T+ = E T4 = 1.
i=1 j=1

In many contingency tables the explanatory variable X is fixed, and
only the response Y is a random variable. In such cases, the main interest
is not the joint distribution, but rather the conditional distribution. m;; =
P(Y = j|X = i) is the conditional probability, and {my;, 7o), ..., 7}
with Z}]:1 m;; = 1 is the conditional distribution of Y, given X = i.

A general aim of many studies is the comparison of the conditional
distributions of Y at various levels i of X.

Suppose that X as well as Y are random response variables, so that the
joint distribution describes the association of the two variables. Then, for
the conditional distribution Y'|X, we have

=7 Vi (10.81)

Definition 10.2 Two variables are called independent if
Tij = Ti4+T 45 VZ,] (1082)
If X and Y are independent, we obtain

T
= 0 o= = (10.83)
T4 T+

The conditional distribution is equal to the marginal distribution and thus

is independent of i.

Let {p;;} denote the sample joint distribution. They have the following
I J

properties, with n;; being the cell frequencies and n = )" > ny;:
i=1j=1
Nij
Pi; = n )
Pij Nij Pij Nij
Pjii = = ) Pi; = = )
pi—i:] it D+j My (10.84)
T
- > i1 Mg i1
Pi+ = ) P+; = )
n n
_ J _ _ I _
Nip = 354 Mig =NPit, Ny = Y Nij = NPy
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10.2.2  Ways of Comparing Proportions

Suppose that Y is a binary response variable (Y can take only the values 0
or 1), and let the outcomes of X be grouped. When row i is fixed, m1); is the
probability for response (Y = 1), and 7y, is the probability for nonresponse
(Y = 0). The conditional distribution of the binary response variable Y,
given X = i, then is

(1135 ma)i) = (1), (1 = 7115))- (10.85)

We can now compare two rows, say ¢ and h, by calculating the difference
in proportions for response, or nonresponse, respectively:

Response:  my;, —my);  and
Nonresponse:  mop, — oy = (1 =) — (1 — 7))
= —(7T1|h - 7T1|i) .
The differences have different signs, but their absolute values are identical.
Additionally, we have
—1.0 <y, — s < 1.0, (10.86)

The difference equals zero if the conditional distributions of the two rows
i and h coincide. From this, one may conjecture that the response variable
Y is independent of the row classification when

T —mpp =0 Y(hi) i,h=1,2,...,1, i#h. (10.87)

In a more general setting, with the response variable Y having J
categories, the variables X and Y are independent if

T = =0 Vj,Y(hi) i,h=1,2,...,I, i#h. (10.88)

Definition 10.3 (Relative Risk) LetY denote a binary response variable. The
ratio 7T1|h/7T1|Z- 1s called the relative risk for response of category h in relation
to category i.

For 2x2 tables the relative risk (for response) is

s
0< M

< 00. (10.89)
1|2
The relative risk is a nonnegative real number. A relative risk of 1
corresponds to independence. For nonresponse, the relative risk is
T _ L= (10.90)
2|2 11— 1|2
Definition 10.4 (Odds) The odds are defined as the ratio of the probability of

response in relation to the probability of nonresponse, within one category

of X.
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For 2x2 tables, the odds in row 1 equal

111

O = . 10.91
! 21 ( )
Within row 2, the corresponding odds equal
™
Q=12 (10.92)
2|2

Hint: For the joint distribution of two binary variables, the definition is

Q="" i=12. (10.93)
T2
In general, €); is nonnegative. When €2; > 1, response is more likely than
nonresponse. If, for instance, 21 = 4, then response in the first row is four
times as likely as nonresponse. The within-row conditional distributions
are independent when ; = 5. This implies that the two variables are
independent:

XY independent < Q3 =Q,. (10.94)
Definition 10.5 (Odds Ratio) The odds ratio is defined as:
M

0= . 10.
0 (10.95)
From the definition of the odds using joint probabilities, we have
p="1"22 (10.96)
12721

Another terminology for 6 is the cross-product ratio. X and Y are
independent when the odds ratio equals 1:

XY independent < 6=1. (10.97)

When all the cell probabilities are greater than 0 and 1 < 6 < oo,
response for the subjects in the first row is more likely than for the subjects
in the second row, that is, w11 > 2. For 0 < 6 < 1, we have my; < )2
(with a reverse interpretation).

The sample version of the odds ratio for the 2x2 table

Y

1 n n n
X 11 12 1+
n21 22 no4
41 UES)) n
is

A n11M22
0

. 10.98
T12M21 ( )



10.2 Contingency Tables 429

Odds Ratios for I x J Tables

From any given I x .J table, 2 x 2 tables can be constructed by picking two
different rows and two different columns. There are I(I —1)/2 pairs of rows
and J(J — 1)/2 pairs of columns; hence an I x J table contains I.J(I —
1)(J — 1)/4 tables. The set of all 2 x 2 tables contains much redundant
information; therefore, we consider only neighboring 2 x 2 tables with the
local odds ratios

0= TN 9 T—1, j=1,2,...,J—1. (10.99)
T j+1Ti+1,5
These (I —1)(J —1) odds ratios determine all possible odds ratios formed
from all pairs of rows and all pairs of columns.

10.2.3  Sampling in Two-Way Contingency Tables

Variables having nominal or ordinal scale are denoted as categorical vari-
ables. In most cases, statistical methods assume a multinomial or a Poisson
distribution for categorical variables. We now elaborate these two sample
models. Suppose that we observe counts n; (i =1,2,...,N) in the N cells
of a contingency table with a single categorical variable or in N =1 x J
cells of a two-way contingency table.

We assume that the n; are random variables with a distribution in Rt
and the expected values E(n;) = m;, which are called expected frequencies.

Poisson Sample

The Poisson distribution is used for counts of events (such as response to a
medical treatment) that occur randomly over time when outcomes in dis-
joint periods are independent. The Poisson distribution may be interpreted
as the limit distribution of the binomial distribution b(n;p) if A = n - p is
fixed for increasing n. For each of the N cells of a contingency table {n;},
we have
e i
P(n;) = n-'l , n;=0,1,2,..., i=1,...,N. (10.100)
il
This is the probability mass function of the Poisson distribution with the
parameter m;. It satisfies the identities var(n;) = E(n;) = m;.
The Poisson model for {n;} assumes that the n; are independent. The
joint distribution for {n;} then is the product of the distributions for n;

in the N cells. The total sample size n = Zi\il n; also has a Poisson

distribution with E(n) = vazl m; (the rule for summing up independent

random variables with Poisson distribution).
The Poisson model is used if rare events are independently distributed
over disjoint classes.
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Let n = Zf\il n; be fixed. The conditional probability of a contingency
table {n;} that satisfies this condition is

N
P(ni observations in cell ¢, i=1,2,..., N| an = n) =
i=1

P(n; observations in cell 4, i=1,2,...,N)
N
P =y ni=n)

ng

N —m; ™y
[Lizie™™

N \n
eXp(— ZN m ) (Zj:l mj)

=11 n!

m;

N
n! e .
= (va_lm')il:[lﬂi . with m:ZN . (10.101)

i=1 M

For N = 2, this is the binomial distribution. For the multinomial distri-
bution for (ni,ng,...,ny), the marginal distribution for n; is a binomial
distribution with F(n;) = nm; and var(n;) = nm; (1 — ;).

Independent Multinomial Sample

Suppose we observe on a categorical variable Y at various levels of an
explanatory variable X. In the cell (X =4,Y = j) we have n;; observations.
Suppose that n;y = Z'j]:l ni;, the number of observations of ¥ for fixed
level ¢ of X, is fixed in advance (and thus not random) and that the n;4
observations are independent and have the distribution (7y;, 7o/, . . ., 7).
Then the cell counts in row i have the multinomial distribution

J
AT § P (10.102)
17, nij! gle” '
j=1" ) =1

Furthermore, if the samples are independent for different ¢, then the joint
distribution for the n;; in the I x J table is the product of the multino-
mial distributions (10.102). This is called product multinomial sampling or
independent multinomial sampling.

10.2.4  Likelihood Function and Maximum-Likelihood
Estimates

For the observed cell counts {n;,i = 1,2,..., N}, the likelihood function
is defined as the probability of {n;,i = 1,2,..., N} for a given sampling
model. This function in general is dependent on an unknown parameter
—here, for instance, 6 = {m;;}. The maximum-likelihood estimate for
this vector of parameters is the value for which the likelihood function of
the observed data takes its maximum.
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To illustrate, we now look at the estimates of the category probabilities
{m;} for multinomial sampling. The joint distribution {n;} is (cf. (10.102)
and the notation {m;}, i =1,...,N, N = I-J, instead of ;)

N

n! i
I ];[17r . (10.103)
- ~ 4
kernel
It is proportional to the so-called kernel of the likelihood function. The
kernel contains all unknown parameters of the model. Hence, maximizing
the likelihood is equivalent to maximizing the kernel of the loglikelihood
function:
N
In(kernel) = Zni In(m;) — max . (10.104)
i=1 ‘

Under the condition m; > 0,7 = 1,2,..., N, Zi\il m = 1, we have mny =
1- Zi\;l m; and hence

87TN
- 1, i=1,2...,N-1, 10.105
o i ( )
Olnmy 1 Onn -1
= . = i =1,2,...,N—1 10.106
87Ti ™ 87Ti 7TN7 ? 94y ) ) ( )
oL i
= M g j=192,.. . N-1. (10.107)
om; T TN
From (10.107) we get
MM 12, N—1, (10.108)
TN nn
and thus
Fo=ay (10.109)
nn
Using
N . N
Sa=1="" 2z , (10.110)
nn
i=1
we obtain the solutions
~ nn
n
o= =p, i=1,2,...,N—1. (10.112)
n

The ML estimates are the proportions (relative frequencies) p;.
For contingency tables, we have for independent X and Y:

Tij = T4 - (10113)
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The ML estimates under this condition are

“ TNy 5

Tij = Pi+P+j = 22+J (10.114)
with the expected cell frequencies

T = ni = ”’*:“ . (10.115)

Because of the similarity of the likelihood functions, the ML estimates
for Poisson, multinomial, and product multinomial sampling are identical
(as long as no further assumptions are made).

10.2.5 Testing the Goodness of Fit

A principal aim of the analysis of contingency tables is to test whether the
observed and the expected cell frequencies (specified by a model) coincide.
For instance, Pearson’s x? statistic compares the observed and the expected
cell frequencies from (10.115) for independent X and Y.

Testing a Specified Multinomial Distribution (Theoretical Distribution)

We first want to compare a multinomial distribution, specified by {m;},
with the observed distribution {n;} for N classes.
The hypothesis for this problem is

H()Zﬂ'izﬂ'io, i:1,2,...7N7 (10116)
whereas for the m; we have the restriction

N
> om=1. (10.117)
=1

When Hj is true, the expected cell frequencies are

m; =nmg, i=1,2,...,N. (10.118)
The appropriate test statistic is Pearson’s y?, where
N 2
o2 I (10.119)
This can be justified as follows: Let p = (ni/n,...,ny—1/n) and my =
(T1g, - - -y TN—1,)- By the central limit theorem we then have for n — oo,
Vn(p—mo) — N (0,%) , (10.120)
and so
n(p—mo) S5t (p—m0) = Xh_1- (10.121)

The asymptotic covariance matrix has the form

EO = 20(71’0) = diag(wo) - 7T07T6 . (10122)



10.2 Contingency Tables 433

Its inverse can be written as

1 1 1
Yol = 11’+diag( e ) . (10.123)
TNO 10 TTN—-1,0

The equivalence of (10.119) and (10.121) is proved by direct calculation.
To illustrate, we choose N = 3. Using the relationship 7 + 1o + 73 = 1,

we have
m 0 T mm
EO = - 2 )
0 9 T 5

S = (”1(1—7T1) —mimy | >—1

— Ty 7T2(177T2

1 <772(1—772) T )

T M3 M2 m (1 — )

1 1 1
J— ™1 + ™3 ™3
- 1 1 + 1 .
™3 T2 T3

The left side of (10.121) now is

n n n
e my 2 m2 my + ms3 ms 7:11 - TLI
n n - n ) n - n n n + n na __ ma

ms3 ma ms3 n n
2 2
ny—m ng —m 1
= (e mn el b )+ (na — ma)
mq mo ms
3
=y
1=1

Goodness of Fit for Estimated Expected Frequencies

When the unknown parameters are replaced by the ML estimates for a
specified model, the test statistic is again approximately distributed as x?2
with the number of degrees of freedom reduced by the number of estimated
parameters.

The degrees of freedom are (N — 1) — ¢, if ¢ parameters are estimated.

Testing for Independence

In two-way contingency tables with multinomial sampling, the hypothesis
Hy : X and Y are statistically independent is equivalent to Hy : m;; =
Ti+T4j Vi,j. The test statistic is Pearson’s x? in the following form:

)2
=Y (nij = ma)” (10.124)
12,1 i
1,2,

i
J
where m;; = nm;; = nmymy; (expected cell frequencies under Hy) are
unknown.
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Given the estimates 7;; = np;4+p+;, the x? statistic then equals

A 2
2 (nij — Mij)
_ - 10.125
ve y (o (10,129
i=1,2,..., I
j=1.2....0

with (I —1)(J —1) = IJ—-1)— (I —1) — (J — 1) degrees of freedom.
The numbers (I — 1) and (J — 1) correspond to the (I — 1) independent
row proportions (m;4+) and (J — 1) independent column proportions (74 ;)
estimated from the sample.

Likelihood-Ratio Test

The likelihood-ratio test (LRT) is a general-purpose method for testing Hy
against H;. The main idea is to compare maxpy, L and maxpy,vm, L with
the corresponding parameter spaces w C . As test statistic, we have
max, L
A= YL 10.126
maxq L — ( )
It follows that for n — oo (Wilks, 1932)
G? = —2InA — X2 (10.127)

with d = dim(Q2) — dim(w) as the degrees of freedom.
For multinomial sampling in a contingency table, the kernel of the
likelihood function is
J

I
K=][1I=5"- (10.128)
=1

j=1

with the constraints for the parameters:

I J
m; >0 and > Y m;=1. (10.129)

i=1 j=1

Under the null hypothesis Hy : m;; = m1 7y, K is maximum for 71,4 =
Nit /N, Ty = nij/n, and 7,5 = nitny;/n? Under HoV Hy, K is maximum
for #t;; = ni; /n. We then have

I J ij
o [Tz Hj:l (Migmgs)"
- I J iy
n" i Hj:l ”?j]
It follows that Wilks’s G2 is given by

I J
T4
6 = —2ma =235 mstn (1) ~ iy

i=1 j=1

A (10.130)

with m,; = n;yny;/n (estimate under Hy).
If Hy holds, A will be large, that is near 1, and G? will be small. This
means that Hy is to be rejected for large G?.
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10.3 GLM for Binary Response

10.3.1 Logit Models and Logistic Regression

Let Y be a binary random variable, that is, ¥ has only two categories (for
instance, success/failure or case/control). Hence the response variable Y
can always be coded as (Y = 0, Y = 1). ¥; has a Bernoulli distribution,
with P(Y; = 1) = m; = m(x;) and P(Y; = 0) = 1 — m;, where x; =

(i1, iz, ..., Tip)’ denotes a vector of prognostic factors, which we believe
influence the success probability m(x;), and ¢ = 1,..., N denotes individuals
as usual. With these assumptions it immediately follows that
E(Y;) = 1-7Ti+0-(1—ﬂ'i):ﬂ'i s
EY? = 1> m+0°-(1-m)=m,
var(Y;) = BY2) - (B(Y) =m—n2 = m(l-m).

The likelihood contribution of an individual ¢ is further given by

[ (yis mi) w1 —m) Y

= (I-m) (1 m'm)yi
= (1- m)exp(yi 1“(1 mm—)) '

The natural parameter Q(m;) = In[m; /(1 — ;)] is the log odds of response
1 and is called the logit of ;.

A GLM with the logit link is called a logit model or logistic regression
model. The model is, on an individual basis, given by

ln< i )x;ﬁ. (10.131)

1—71'1'

This parametrization guarantees a monotonic course (S-curve) of the prob-
ability m;, under inclusion of the linear approach ;8 over the range of
definition [0,1]:

exp(x; )

= 1 4 explatf) (10.132)

%

Grouped Data

If possible (for example, if prognostic factors are themselves categorical),
patients can be grouped along the strata defined by the number of possi-
ble factor combinations. Let n;, j = 1,...,G, G < N, be the number of
patients falling in strata j. Then we observe y; patients having response
Y =1 and n; — y; patients with response Y = 0. Then a natural estimate
for m; is #; = y;/n;. This corresponds to a saturated model, that is, a
model in which main effects and all interactions between the factors are



436 10. Models for Categorical Response Variables

TABLE 10.1. 5 x 2 table of loss of abutment teeth by age groups (Example 10.1)

Age Loss
group yes no nj
< 40 4 70 T4
40 —50 28 147 175
50—-60 38 207 245
60—70 51 202 253
>70 32 92 124
153 718 871

TUk W N =S,

included. But one should note that this is reasonable only if the number of
strata is low compared to N so that n; is not too low. Whenever n; =1
these estimates degenerate, and more smoothing of the probabilities and
thus a more parsimonious model is necessary.

The Simplest Case and an Example

For simplicity, we assume now that p = 1, that is, we consider only one
explanatory variable. The model in this simplest case is given by

m(l fﬂ) —a+f;. (10.133)
For this special situation we get for the odds
) j"ﬂ' = exp(a + fr;) = e (eﬁ)wi ) (10.134)

that is, if z; increases by one unit, the odds increases by e?.

An advantage of this link is that the effects of X can be esti-
mated, whether the study of interest is retrospective or prospective (cf.
Toutenburg, 1992, Chapter 5). The effects in the logistic model refer to the
odds. For two different a-values, exp(a 4+ Bz1)/ exp(a + fz2) is an odds
ratio.

To find the appropriate form for the systematic component of the logistic
regression, the sample logits are plotted against x.

Remark: Let z; be chosen (j being a group index). For n; observations of
the response variable Y, let 1 be observed y; times at this setting. Hence
#(z;) = y;/n; and In[7; /(1 — 7;)] = Infy,;/(n; —y;)] is the sample logit.

This term, however, is not defined for y; = 0 or n; = 0. Therefore, a
correction is introduced, and we utilize the smoothed logit:

in (g5 + )/ (s 5+ )]

Ezample 10.1: We examine the risk (V') for the loss of abutment teeth
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by extraction in dependence on age (X) (Walther and Toutenburg, 1991).
From Table 10.1, we calculate x% = 15.56, which is significant at the 5%
level (x7.0.05 = 9-49). Using the unsmoothed sample logits results in the
following table:

ry T2 X3 T4 Tp

0 | | | | |
. Sam.ple fuyy = zj. 05—
1 logits J 1
1 —286 0.054 .
2 —1.66  0.160 —1.57 o .
3 —1.70 0.155 -2
4 —1.38 0.202 —2.5
5 —1.06 0.258 g1 e

7q); is the estimated risk for loss of abutment teeth. It increases linearly
with age group. For instance, age group 5 has five times the risk of age
group 1.

Modeling with the logistic regression

ln( (@) >=a+ﬁxj

1=y (2;)
results in
~ Sample Fitted i) Expected Observed
T logits  logits N nyd (xy) Yj
35 —2.86 —2.22 0.098 7.25 4
45 —-1.66 —1.93 0.127 22.17 28
5, —1.70 —1.64 0.162 39.75 38
65 —1.38 —1.35 0.206 51.99 51
75 —1.06 —1.06 0.257 31.84 32
with the ML estimates
a = -3.233,
B = 0.029.

10.3.2  Testing the Model

Under general conditions the maximum-likelihood estimates are asymptot-
ically normal. Hence tests of significance and setting up of confidence limits
can be based on the normal theory.

The significance of the effect of the variable X on 7 is equivalent to the
significance of the parameter 3. The hypothesis § is significant or 3 # 0 is
tested by the statistical hypothesis Hy : 8 = 0 against Hy : 5 # 0. For this
test, we compute the Wald statistic Z? = B’(covﬁ)’lﬁ ~ X7 Where df is
the number of components of the vector (.
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v

0

F1GURE 10.1. Logistic function 7(z) = exp(z)/(1 + exp(z))

In the above Example 10.1, we have Z? = 13.06 > x7,5.95 = 3.84 (the
upper 5% value), which leads to a rejection of Hp : 8 = 0 so that the trend
is seen to be significant.

10.5.3 Distribution Function as a Link Function

The logistic function has the shape of the cumulative distribution function
of a continuous random variable.
This suggests a class of models for binary responses having the form

m(x) =F (o + Bx) , (10.135)

where F' is a standard, continuous, cumulative distribution function. If F
is strictly monotonically increasing over the entire real line, we have

F~ Y (n(z)) = a+ pz. (10.136)

This is a GLM with F~1 as the link function. F~! maps the [0, 1] range of
probabilities onto (—oo, 00).
The cumulative distribution function of the logistic distribution is

w (7"
F(zx) = 1+exp(x;u)’

with p as the location parameter and 7 > 0 as the scale parameter.

The distribution is symmetric with mean p and standard deviation
77/v/3 (bell-shaped curve, similar to the standard normal distribution).
The logistic regression 7(z) = F(a 4 fz) belongs to the standardized lo-
gistic distribution F' with ¢ = 0 and 7 = 1. Thus, the logistic regression
has mean —a//3 and standard deviation 7/|3|v/3.

If F is the standard normal cumulative distribution function, 7(z) =
F(a+ pz) = ®(a+ Bx), m(x) is called the probit model.

—00 < & < 00, (10.137)
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10.4 Logit Models for Categorical Data

The explanatory variable X can be continuous or categorical. Assume X to
be categorical and choose the logit link; then the logit models are equivalent
to loglinear models (categorical regression), which are discussed in detail in
Section 10.6. For the explanation of this equivalence we first consider the
logit model.

Logit Models for I x 2 Tables

Let X be an explanatory variable with I categories. If response/nonresponse
is the Y factor, we then have an I x 2 table. In row ¢ the probability for
response is m|; and for nonresponse my|;, with my; + mg; = 1.

This leads to the following logit model:

ln<ﬂ1|l) =a+0;. (10.138)
2|4
Here the z-values are not included explicitly but only through the category
i. B; describes the effect of category ¢ on the response. When g; = 0, there
is no effect. This model resembles the one-way analysis of variance and,
likewise, we have the constraints for identifiability Y 3; = 0 or 8; = 0.
Then I — 1 of the parameters {3;} suffice for characterization of the model.
For the constraint > §; = 0, « is the overall mean of the logits and [; is
the deviation from this mean for row 7. The higher (; is, the higher is the
logit in row ¢, and the higher is the value of m;|; (= chance for response in
category i).

When the factor X (in I categories) has no effect on the response variable,
the model simplifies to the model of statistical independence of the factor

and response:
1) .
ln( ) = «a Vi,
204

We now have 31 = 82 = --- = ; =0, and thus my); = myp = -+ = 7y|7.

Logit Models for Higher Dimensions

As a generalization to two or more categorical factors that have an effect
on the binary response, we now consider the two factors A and B with [
and J levels. Let 7y|;; and 7|;; denote the probabilities for response and
nonresponse for the combination ij of factors so that my);; + mg;; = 1. For
the I x J x 2 table, the logit model

e

ln( 1”) = a+ 64 + 6P (10.139)
T2l

represents the effects of A and B without interaction. This model is equi-

valent to the two-way analysis of variance without interaction.
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10.5 Goodness of Fit—Likelihood-Ratio Test

For a given model M, we can use the estimates of the parameters (a/—i—\ﬁz)
and (&, B) to predict the logits, to estimate the probabilities of response
71);, and hence to calculate the expected cell frequencies 1m;; = n; 4 7);.

We can now test the goodness of fit of a model M with Wilks’s G?-
statistic

I J
@) =23"3 ny ln< " ) . (10.140)
My
i=1 j=1 K

The m;; are calculated by using the estimated model parameters. The
degrees of freedom equal the number of logits minus the number of
independent parameters in the model M.

We now consider three models for binary response (cf. Agresti, 1990,
p. 95).

1. Independence model:

M=1: 1n<7r1|i) = a. (10.141)

24

Here we have I logits and one parameter, that is, I — 1 degrees of
freedom.

2. Logistic model:

14
M=L: ln( >o¢+ﬂxi. (10.142)

24
The number of degrees of freedom equals I — 2.

3. Logit model:
14
M=S5: ln( ) =a+G;. (10.143)
T2|i

The model has I logits and I independent parameters. The number
of degrees of freedom is 0, so it has perfect fit. This model, with equal
numbers of parameters and observations, is called a saturated model.

The likelihood-ratio test compares a model M; with a simpler model My
(in which a few parameters equal zero). The test statistic then is

L(M>)
A = LML) (10.144)
or  G%(My|M,) = —2(InL(Mz)—InL(M)). (10.145)

The statistic G2(M) is a special case of this statistic, in which My = M
and M is the saturated model. If we want to test the goodness of fit with
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G?(M), this is equivalent to testing whether all the parameters that are in
the saturated model, but not in the model M, are equal to zero.

Let [g denote the maximized loglikelihood function for the saturated
model. Then we have

G%(My|My) = —2(InL(Ms) —InL(M))
= —2(InL(Mz) —ls) — [-2(In L(My) — Is)]
G*(Msy) — G*(My) . (10.146)

That is, the statistic G?(Mz| M) for comparing two models is identical to
the difference of the goodness-of-fit statistics for the two models.

Ezxample 10.2: ITn Example 10.1 “Loss of abutment teeth/age” we have for
the logistic model:

Age Loss No loss

group observed expected observed expected
1 4 7.25 70 66.75
2 28 22.17 147  152.83
3 38 39.75 207  205.25
4 51 51.99 202 201.01
5 32 31.84 92 92.16

and get G*(L) = 3.66,df =5 —2 = 3.

For the independence model, we get G?(I) = 17.25 with df = 4 =
(I-1)(J—-1)=(5—1)(2—1). The test statistic for testing Hy : =0 in
the logistic model then is

G*(I|L) = G*(I)-G*(L)=17.25-3.66=1359, df=4-3=1.

This value is significant, which means that the logistic model, compared to
the independence model, holds.

10.6 Loglinear Models for Categorical Variables

10.6.1 Two-Way Contingency Tables

The previous models focused on bivariate response, that is, on I x 2 tables.
We now generalize this set-up to I x J and later to I x J x K tables.

Suppose that we have a realization (sample) of two categorical variables
with I and J categories and sample size n. This yields observations in
N = I x J cells of the contingency table. The number in the (i, )" cell is
denoted by n;;.

The probabilities 7;; of the multinomial distribution form the joint
distribution. Independence of the variables is equivalent to

iy = Tigm4;  (for all i, j). (10.147)
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If this is applied to the expected cell frequencies m;; = nm;;, the
condition of independence is equivalent to
Mi; = NI4Ty . (10148)

The modeling of the I x J table is based on this relation as an
independence model on the logarithmic scale:

In(m;;) =lnn+Inmy +Inmy; . (10.149)

Hence, the effects of the rows and columns on In(m;;) are additive. An
alternative expression, following the models of analysis of variance of the
form

yig=ptaitfiteg, (a=dg=0), (10150
is given by
mg; = p+ A%+ 2] (10.151)
with
1 I
N =Inmiy = (Z lnm+> : (10.152)
k=1
1 J
)\}/ =Inmy; — 7 (Z ln7r+k> , (10.153)

k=1

1 J
1 1
uw=1Inn+ 7 (kéllnﬂ-kJr) + 7 (gllnw+k> . (10.154)

The parameters satisfy the constraints

I J
A=Y A =0, (10.155)
i=1 =1

which make the parameters identifiable.
Model (10.151) is called loglinear model of independence in a two-way
contingency table.
The related saturated model contains the additional interaction param-
eters )\f;Y:
Inmg =p+ N+ A+ A5 (10.156)

This model describes the perfect fit. The interaction parameters satisfy

1 J
SN =Y A =o0. (10.157)
i=1 j=1
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Given the \;; in the first (I —1)(J —1) cells, these constraints determine the
Asj in the last row or the last column. Thus, the saturated model contains

1L +I-D+(J-D+(I-1)J-1)=1J (10.158)
N N Y N Y~ o~ -
" AX AY AXY

independent parameters.
For the independence model, the number of independent parameters
equals

I+(IT-1)+(J=-1)=T+J—-1. (10.159)

Interpretation of the Parameters

Loglinear models estimate the effects of rows and columns on Inm;;. For
this, no distinction is made between explanatory and response variables.
The information of the rows or columns influence m;; symmetrically.

Consider the simplest case—the I x 2 table (independence model).
According to (10.159), the logit of the binary variable equals

ln( 71'”> = ln( il )
2|3 mi2
= In(mi1) — In(mye)

(A +A) = (e + A+ )
= Ay, (10.160)

The logit is the same in every row and hence independent of X or the
categories i = 1,..., I, respectively.
For the constraints

N+ =0 = A==,

= 1n(7T”> =2\ (i=1,...1).

204

Hence we obtain

T exp@N)) (i=1,....1). (10.161)

204

In each category of X, the odds that Y is in category 1 rather than in
category 2 are equal to exp(2\]’), when the independence model holds.
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TABLE 10.2. 2 x 2 x 2-table for endodontic risk

Endodontic
Age Form of treatment
group construction yes no
H 62 1041
<60 B 23 463
H 70 755

>
= 60 B 30 215
185 2474

The following relationship exists between the odds ratio in a 2 x 2 table
and the saturated loglinear model:

Inf = In (m11 m22)
mi2 mM21

= ln(mll) —+ ln(mgg) — ln(mlz) — ln(mgl)
= (X FN FAED) F (A A )

— (XN EN ) = (A A S
= A Y Y Y.

: 2 XY _ y2 y\XY _ XY _ \XY _ _\XY
Since > ;AT = D51 A = 0, we have Ay = Ayt = —Af,

—A5Y and thus Inf = 4)\;Y¥". Hence the odds ratio in a 2 x 2 table equals

0 = exp(4ryY), (10.162)

and is dependent on the association parameter in the saturated model.
When there is no association, that is A;; = 0, we have 6 = 1.

10.6.2  Three-Way Contingency Tables

We now consider three categorical variables X, Y, and Z. The frequencies
of the combinations of categories are displayed in the I x J x K contingency
table. We are especially interested in I x J x 2 contingency tables, where
the last variable is a bivariate risk or response variable. Table 10.2 shows
the risk for an endodontic treatment depending on the age of patients and
the type of construction of the denture (Walther and Toutenburg, 1991).

In addition to the bivariate associations, we want to model an overall
association. The three variables are mutually independent if the following
independence model for the cell frequencies m;;; (on a logarithmic scale)
holds:

In(mijr) = p+ A5+ A + M. (10.163)

(In the above example we have X: age group, Y: type of construction, Z: en-
dodontic treatment.) The variable Z is independent of the joint distribution
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of X and Y (jointly independent) if
In(mie) = p+ A5+ A+ A7+ 057 (10.164)

A third type of independence (conditional independence of two variables
given a fixed category of the third variable) is expressed by the following
model (5 fixed!):

In(mijr) = p+ A5 + A+ A7+ 05 + 57 (10.165)

This is the approach for the conditional independence of X and Z at level
j of Y. If they are conditionally independent for all j = 1,...,J, then X
and Z are called conditionally independent given Y. Similarly, if X and
Y are conditionally independent at level k& of Z, the parameters )\f]{Y and

)\ﬁZ in (10.165) are replaced by the parameters )\f,(cz and )\}sz . The param-
eters with two subscripts describe two-way interactions. The appropriate
conditions for the cell probabilities are

(a) mutual independence of X,Y, Z
Tijk = Tit+T+j+T4+1k  (for all 4, 4, k). (10.166)
(b) joint independence
Y is jointly independent of X and Z when
Tijk = TitkT+j+ (for all 4,7, k). (10.167)

(¢) conditional independence
X and Y are conditionally independent of Z when

ik = TR oy all ) 4, ). (10.168)
T+k
The most general loglinear model (saturated model) for three-way tables
is the following:

In(mijr) = p+ A5+ A+ A0+ A7+ A7+ A5 7. (10.169)

The last parameter describes the three-factor interaction.

All association parameters describing the deviation from the general
mean i, satisfy the constraints

I J K
DA =3 A = =) A7 =0, (10.170)
k=1

i=1 j=1

Similarly, for the main factor effects we have:

I J K
DA =D N =3 M =0. (10.171)
i=1 j=1 k=1

From the general model (10.169), submodels can be constructed. For this,
the hierarchical principle of construction is preferred. A model is called hi-
erarchical when, in addition to significant higher-order effects, it contains
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TABLE 10.3. Symbols of the hierarchical models for three-way contingency tables
(Agresti, 1990, p. 144).

Loglinear model Symbol
In(mij4) = p+ A5+ (X,Y)
ln(mi.,_k) = ,LL+AZ'X +A}% (X7 Z)
In(mye) = p+ A + A7 (Y, 2)
(mie) = p+ A +A + A7 (XY, 2)
In(mir) = p+ A +A] + A+ A5 (XY, Z)
In(mir) = p+ A5+ + 257 (XY)
In(mijr) = p+ A5 +X + A7+ A5 + 207 (XY, XZ)
In(mije) = p+ A+ A + A +A5 + A7+ A7 (XY, XZ,YZ)

In(mir) = p+ A+ A + A+ A A7+ N7 A5 (XY Z)

all lower-order effects of the variables included in the higher-order effects,
even if these parameter estimates are not statistically significant. For in-
stance, if the model contains the association parameter )\f,iZ , it must also
contain A\ and A\Z:

In(mir) = p+ A + M+ N7 (10.172)

A symbol is assigned to the various hierarchical models (Table 10.3).

Similar to 2 x 2 tables, a close relationship exists between the parameters
of the model and the odds ratios. Given a 2 x 2 x 2 table, we have, under
the constraints (10.170) and (10.171), for instance

0111y et = exp(8)\Y ) (10.173)
0 = miiamase . OXP 111 ’ '
11(2) 2127122

This is the conditional odds ratio of X and Y given the levels k = 1
(numerator) and k& = 2 (denominator) of Z. The same holds for X and Z
under Y and for Y and Z under X. In the population, we thus have for

the three-way interaction A\{{} %,

0 0 0
1@ _ 1 _ W _ o gaXY 7y (10.174)
O112) 012 O
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In the case of independence in the equivalent subtables, the odds ratios
(of the population) equal 1. The sample odds ratio gives a first hint at a
deviation from independence.

Consider the conditional odds ratio (10.174) for Table 10.2 assuming that
X is the variable “age group,” Y is the variable “form of construction,”
and Z is the variable “endodontic treatment.”

We then have a value of 1.80. This indicates a positive tendency for an
increased risk of endodontic treatment in comparing the following subtables
for endodontic treatment (left) versus no endodontic treatment (right):

H B H B
<60 62 23 <60 1041 463
>60 70 30 >60 755 215

The relationship (10.102) is also valid for the sample version. Thus a
comparison of the following subtables for < 60 (left) versus > 60 (right):

treatment treatment

yes no yes  no
H 62 1041 H 70 755
B 23 463 B 30 215

or for H (left) versus B (right):

treatment treatment
yes no yes  no
<60 62 1041 <60 23 463
>60 70 755 >60 30 215

leads to the same sample value 1.80 and hence ;\{(131/2 = 0.073.
Calculations for Table 10.2:

n111M221 62-30

911(1) __ n211MN121 __ 70-23 _ 1.1553 =1.80
T maiizmezz T 1041-215 T 0.6403 T

011(2) n212M122 755-463

N n111M122 62-463

9(1)11 __ mni2inii2 . 23-1041 __ 1.1989 =1.80
A T n211m222 70215 T 0.6645 - ’
(2)11 n221M212 30-755 ’

2 n111M212 62-755

91(1)1 _ ne2uimiiz . 70-1041 0.6424 =1.80

%) nizinz22 23215 T
01(2)1 n221M122 30-463 0.3560
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10.7 The Special Case of Binary Response

If one of the variables is a binary response variable (in our example Z:
endodontic treatment) and the others are explanatory categorical variables
(in our example X: age group and Y: type of construction), these models
lead to the already known logit model.

Given the independence model

In(mije) = p+ A5+ A + A7, (10.175)
we then have for the logit of the response variable Z
In ") =2~ A7, (10.176)
myj2

2
With the constraint Z A =0 we thus have
k=1

In <m"ﬂ) =2\%  (for all i, j). (10.177)

mij;2

The higher the value of A\? is, the higher is the risk for category Z = 1
(endodontic treatment), independent of the values of X and Y.

In case the other two variables are also binary, implying a 2 x 2 x 2 table,
and if the constraints

=N A=A, A =N

hold, then the model (10.175) can be expressed as follows:

ln(mln) 1 1 1 1

ln(m112) 1 1 1 -1

In(mq21) 1 1 -1 1 1

ln(m122) _ 1 1 -1 -1 )\{(

I(man) | | 1 -1 1 1 o (10178)
In(ma12) 1 -1 1 =1 A\

ln(mggl) 1 -1 -1 1

ln(m222) 1 -1 -1 -1

which is equivalent to In(m) = Xf.
This corresponds to the effect coding of categorical variables (Section
10.8). The ML equation is

X'n=X'm. (10.179)
The estimated asymptotic covariance matrix for Poisson sampling reads as

follows:

1

cov () = [X'(diag(m))X]~ (10.180)
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where diag(m) has the elements 7 on the main diagonal. The solution of
the ML equation (10.179) is obtained by the Newton-Raphson or any other
iterative algorithm—for instance, the iterative proportional fitting (IPF).

The IPF method (Deming and Stephan, 1940; cf. Agresti, 1990, p. 185)
adjusts initial estimates {mﬁf}c} successively to the respective expected
marginal table of the model until a prespecified accuracy is achieved. For
the independence model the steps of iteration are

~ (1) A (0) [ T+
My = Mg ( . (0) ) )
Myt
(2 (1) [ T+
My = Mg ( . (1) ) )
Mgt
~(3) (2 [ M4+k
My = My < . (2) ) .
Mtk

Ezample 10.8 (Tartar-Smoking Analysis): A study cited in Toutenburg
(1992, p. 42) investigates to what extent smoking influences the develop-
ment of tartar. The 3 x 3 contingency table (Table 10.4) is modeled by the
loglinear model

_ Smoking Tart Smoking/Tartar
In(mi;) = p+A; + )‘j B )‘ij )

with 4,5 = 1,2. Here we have

ASmeking - _ - Biffect nonsmoker
ASmeking - _ - Effect light smoker
Agmeking — _(\fmoking | \Smolking) Effect heavy smoker.

For the development of tartar, analogous expressions are valid.
(i) Model of independence. For the null hypothesis
HO . ln(mij) =pu+ A?moking + A}‘artar’

we receive G? = 76.23 > 9.49 = x7, 5. This leads to a clear rejection
of this model.
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TABLE 10.4. Smoking and development of tartar

Tartar
none middle heavy
no 284 236 48
Smoking middle 606 983 209

heavy 1028 1871 425

(ii) Saturated model. Here we have G? = 0. The estimates of the
parameters are (values in parantheses are standardized values)

AJmeking 102 (—25.93)
ASmeking - — 020 (7.10)
AR = 0.82 ()
Afertar s — 031 (11.71)
Agertar - — 0,61 (23.07)
A= 092 ()

All single effects are highly significant. The interaction effects are

Tartar
1 2 3 sum
1 0.34 -0.14 -0.20
Smoking 2 —0.12 0.06 0.06
3 —-0.22 0.08 0.14
sum 0 0 0

o O O

The main diagonal is very well marked, which is an indication for a
trend. The standardized interaction effects are significant as well:

1 2 3
1 730 -3.05 —
2 351 1.93 —
3 - N

10.8 Coding of Categorical Explanatory Variables

10.8.1 Dummy and Effect Coding

If a bivariate response variable Y is connected to a linear model z’3, with
x being categorical, by an appropriate link, the parameters § are always to
be interpreted in terms of their dependence on the z-scores. To eliminate
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this arbitrariness, an appropriate coding of x is chosen. Here two ways of
coding are suggested (partly in analogy to the analysis of variance).

Dummy Coding

Let A be a variable in I categories. Then the I — 1 dummy variables are
defined as follows:

oA 1 for category i of variable A

! :{ 0 for others (10.181)

withi=1,...,1 —1.

The category I is implicitly taken into account by 2 = ... = 24 | = 0.
Thus, the vector of explanatory variables belonging to variable A is of the
following form:

e (i R L (10.182)

The parameters (3;, which go into the final regression model proportional
to 43, are called main effects of A.

Ezxample:
(i) Sex male/female, with male: category 1, female: category 2

29 = (1) = Person is male

25 = (0) = Person is female.
(ii) Age groupsi=1,...5
48 = (1,0,0,0) = Age group is 1
4% =(0,0,0,0) = Age groupis 5.

Let y be a bivariate response variable. The probability of response (y = 1)
dependent on a categorical variable A in I categories can be modeled as
follows:

Ply=1|z%) = 6o+ o + -+ Broazd ;. (10.183)
Given category i (age group i), we have
Ply=1] z? represents the i-th age group) = Bo + B ,

as long as i = 1,2,...,I — 1 and, for the implicitly coded category I, we
get

P(y =11z represents the I-th age group) = (o . (10.184)

Hence for each category i another probability of response P(y =1 | z4) is
possible.
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Effect Coding

For an explanatory variable A in I categories, effect coding is defined as
follows:
1 for category ¢,i=1,...1 —1,
z = —1 for category I, (10.185)
0 for others.

Consequently, we have

-1
Br=—=> B, (10.186)
i=1
which is equivalent to
I
> Bi=0. (10.187)
i=1

In analogy to the analysis of variance, the model for the probability of
response has the following form:

P(y = 1|z represents the i-th age group) = Bo + f; (10.188)
for i =1,...,I and with the constraint (10.187).

Ezample: T = 3 age groups Al, A2, A3. A person in Al is coded (1,0), a
person in A2 is coded (0,1) for both dummy and effect coding. A person in
A3 is coded (0, 0) using dummy coding or (—1, —1) using effect coding. The
two ways of coding categorical variables generally differ only for category I.

Inclusion of More than One Variable

If more than one explanatory variable is included in the model, the cate-
gories of A, B,C (with I,J, and K categories, respectively), for example,
are combined in a common vector

I A A B B c c
= (2], T Xy T B e X)) - (10.189)
In addition to these main effects, the interaction effects x{‘jB ey sr:f;f ¢ can
be included. The codings of the xf}B e ,xf‘jfc are chosen in consideration

of constraints (10.170).

Ezxample: In case of effect coding, we obtain for the saturated model
(10.156) with binary variables A and B,

In(ma1) 11 1 1 1
In(m2) | [ 1 1 -1 -1 A
In(moy) | [ 1 -1 1 -1 DY I
In(ma2) 1 -1 -1 1 MAB
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from which we receive the following values for zf}B, recoded for parame-
ter MiE:
Recoding
%) Parameter Constraints for AP
(1’1) leqlB 1 )\1413
(12) a1y’ = AP MY = MY P = —1
(21) 25 =1 230 MNP =MP =M 2 =-1
(22) wg’ =1 A3y A = =M = AP

Thus the interaction effects develop from multiplying the main effects.

Let L be the number of possible (different) combinations of variables. If,
for example, we have three variables A, B, C in I, J, K categories, L equals
IJK.

Consider a complete factorial experimental design (as in an I x J x K
contingency table). Now L is known, and the design matrix X (in effect or
dummy coding) for the main effects can be specified (independence model).

Ezample (Fahrmeir and Hamerle, 1984, p. 507): Reading habits of women
(preference for a specific magazine: yes/no) are to be analyzed in terms of
dependence on employment (A: yes/no), age group (B: 3 categories), and
education (C: 4 categories). The complete design matrix X (Figure 10.2)
is of dimension IJK x {1+ (I — 1)+ (J —1) + (K — 1)}, therefore (2-3-
4)x (1+142+3) =24 x 7. In this case, the number of columns m is equal
to the number of parameters in the independence model (cf. Figure 10.2).

10.8.2  Coding of Response Models
Let
m=Ply=1|=z;), i=1,...,L

be the probability of response dependent on the level x; of the vector of
covariates . Summarized in matrix representation we then have

=X B . (10.190)

L,1 Lmm,l

N, observations are made for the realization of covariates coded by z;. Thus,
the vector {yl@}, j=1,...N; is observed, and we get the ML estimate

N.
L P R ANC)
hi=Ply=1lw) = o > (10.191)
Jj=1
for m; (i = 1,...,L). For contingency tables the cell counts with binary

response Ni(l) and Ni(o) are given from which #; = Ni(l)/(Ni(l) + Ni(o)) is
calculated.
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=
o
8
=i
8
=%
8
Ny
8
)
8
o)
8
“0

1 1 1 0 1 0 0
1 1 1 0 0 1 0
1 1 1 0 0 1
1 1 1 0 -1 -1 -1
1 1 0 1 1 0 0
1 1 0 1 0 1 0
1 1 0 1 0 0 1
1 1 0 1 -1 -1 -1
11 -1 -1 1 0 0
1 1 -1 -1 0 1 0
1 1 -1 -1 0 0 1
11 -1 -1 -1 -1 -1
X= 1 -1 1 0 1 0 0
1 -1 1 0 0 1 0
1 -1 1 0 0 0 1
1 -1 1 0o -1 -1 -1
1 -1 0 1 1 0 0
1 -1 0 1 0 1 0
1 -1 0 1 0 0 1
1 -1 0 1 -1 -1 -1
1 -1 -1 -1 1 0 0
1 -1 -1 -1 0 1 0
1 -1 -1 -1 0 0 1
1 -1 -1 -1 -1 -1 -1

FIGURE 10.2. Design matrix for the main effects of a 2 x 3 x 4 contingency table

The problem of finding an appropriate link function h(#) for estimating
h(7) = XB+e (10.192)

has already been discussed in several previous sections. If model (10.190)
is chosen, that is, the identity link, the parameters 3; are to be interpreted
as the percentages with which the categories contribute to the conditional
probabilities.

The logit link

A

h(#;) =1 L) =4 10.193

()=l | ) =l (10.193)

is again equivalent to the logistic model for 7;:
/

o exp(z}3)

=1 4 exp(al) (10.194)
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The design matrices under inclusion of various interactions (up to the
saturated model) are obtained as an extension of the designs for effect-
coded main effects.

10.8.3 Coding of Models for the Hazard Rate

The analysis of lifetime data, given the variables Y = 1 (event) and
Y =0 (censored), is an important special case of the application of binary
response in long-term studies.

The Cox model is often used as a semiparametric model for the modeling
of failure time. Under inclusion of the vector of covariates x, this model can
be written as follows:

At | z) = No(t) exp(2'3) . (10.195)

If the hazard rates of two vectors of covariates x, 2 are to be compared
with each other (for example, stratification according to therapy 1, x2),
the following relation is valid

At | 1)
At | z2)

In order to be able to realize tests for quantitative or qualitative in-
teractions between types of therapy and groups of patients, J subgroups
of patients are defined (for example, stratification according to prognos-
tic factors). Let therapy Z be bivariate, that is Z = 1 (therapy A) and
Z =0 (therapy B). For a fixed group of patients the hazard rate \;(¢ | Z)
j=1,...,J, for instance, is determined according to the Cox approach:

Ai(t ] Z) = Xoj(t) exp(B;Z) - (10.197)

In the case of Bj > 0, the risk is higher for Z = 1 than for Z = 0 (j**
stratum).

= exp((z1 — z2)'B3) . (10.196)

Test for Quantitative Interaction

We test Hy: effects of therapy is identical across the J strata, that is,

Hy: By =...= By =0, against the alternative H; : §; ;Bj for at least one
pair (4,7). Under Hy, the test statistic
~ z\ 2
2 (- 5)
2
X7_1 = R (10.198)
; var(G;)
with

p=" (10.199)
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TABLE 10.5. Critical values for the Q-test for a = 0.05 (Gail and Simon, 1985).

J 2 3 4 5
c 271 423 543 6.50

is distributed according to x%_;.

Test for Qualitative Differences

The null hypothesis Hy: therapy B (Z = 0) is better than therapy A
(Z = 1) means Hy : B; < 0 Vj. We define the sum of squares of the
standardized estimates

; 51
Q = ., (10.200)
j;@zjio [V&I‘(ﬂj)]

and
~ 2
Qt=> [ O ] : (10.201)
j:ﬁj>0 )

as well as the test statistic
Q =min(Q~,QT). (10.202)

Hy is rejected if @ > ¢ (Table 10.5).
Starting with the logistic model for the probability of response

exp(f + 2'9)

PY =1 = 10.203
( 1) =1y exp(0+28) ( )
and
1
PY =0 =1-PY =1 = 10.204
(v =0l2) V=110= ey 10209
with the binary variable
Y=1: {IT'=¢|T>tx} = failureat timet
Y=0: {IT'>¢t|T>tz} = no failure
we obtain the model for the hazard function
9 !
Moy = ORI (10.205)

1 +exp(0 + 2/P)

(Cox, 1972b; cf. Doksum and Gasko, 1990; Lawless, 1982; Hamerle and
Tutz, 1989). Thus the contribution of a patient to the likelihood (x fixed)
with failure time ¢ is

exp(0; + 2'3)

P(T=t|z)= .
(14 exp(6; + 2'3))

(10.206)

7

P—‘:H-
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Example 10.4: Assume that a patient has an event in the 4 failure times
(for example, loss of abutment teeth by extraction). Let the patient have
the following categories of the covariates: sex = 1 and age group=5 (60-70
years). The model is then I = 0 + 2/3:

Sex Age 61
0 o100 15 || e [p*
o] T loo10 15 0, (10.207)
1 0001\15/ B11 }5
pe P12
For N patients we have the model
l1 I T
lo I, x 0
3 ( 8 ) ’
N In zn

The dimension of the identity matrices I; (patient j) is the number of
survived failure times plus 1 (failure time of the j'* patient). The vectors [;
for the j** patient contain as many zeros as the number of survived failure
times of the other patients and the value 1 at the failure time of the jt*
patient.

The numerical solutions (for instance, according to Newton-Raphson) for
the ML estimates 6 and ﬁ are obtained from the product of the likelihood
functions (10.206) of all patients.

10.9 Extensions to Dependent Binary Variables

Although loglinear models are sufficiently rich to model any dependence
structure between categorical variables, if one is interested in a regression
of multivariate binary responses on a set of possibly continuous covari-
ates, alternative models, which are better suited and have easier parameter
interpretation, exist. Two often used-models in applications are marginal
models and random effects models. In the following, we emphasize the idea
of marginal models, because these seem to be a natural extension of the
logistic regression model to more than one response variable. The first ap-
proach we describe in detail is called the quasi-likelihood approach (cf.
Section 10.1.7), because the distribution of the binary response variables
is not fully specified. We start describing these models in detail in Section
10.9.3. Then the generalized estimating equations (GEE) approach (Liang
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and Zeger, 1986) is introduced and two examples are given. The third ap-
proach is a full likelihood approach (Section 10.9.12). That section mainly
gives an overview of the recent literature.

10.9.1 Owerview

We now extend the problems of categorical response to the situations of
correlation within the response values. These correlations are due to clas-
sification of the individuals into clusters of “related” elements. As already
mentioned in Section 10.1.6, a positive correlation among related elements
in a cluster leads to overdispersion if independence among these elements
is falsely assumed.

Ezamples:

e Two or more implants or abutment teeth in dental reconstructions
(Walther and Toutenburg, 1991).

e Response of a patient in cross-over in case of significant carry-over
effect.

e Repeated categorical measurement of a response such as function
of the lungs, blood pressure, or performance in training (repeated
measures design or panel data).

e Measurement of paired organs (eyes, kidneys, etc.)

e Response of members of a family.

Let y:; be the categorical response of the 4t individual in the t** cluster:
yei, t=1,....7, j=1,...,n¢. (10.208)

We assume that the expectation of the response y;; is dependent on
prognostic variables (covariables) x;; by a regression, that is,

E(yij) = Bo + Przy; - (10.209)
Assume var(y;;) = o2 and
cov(ysj, yiyr) = o2p (5 #5'). (10.210)

The response of individuals from different clusters is assumed to be uncor-
related. Let us assume that the covariance matrix for the response of every
cluster equals

Y1
v : =V(y) = o*(1 = p)I,, + 0*pJy, (10.211)
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and thus has a compound symmetric structure. Hence, the covariance
matrix of the entire sample vector is block-diagonal

1
w=v| : |=dagV(n),...,V(yr)). (10.212)
yr

Notice that the matrix W itself does not have a compound symmetric
structure. Hence, we have a generalized regression model. The best linear
unbiased estimate of 5 = (8o, 1)’ is given by the Gauss-Markov-Aitken
estimator (4.65):

b= (X'W ' X)"'X'Wly, (10.213)

and does not coincide with the OLS estimator, because the preconditions
of Theorem 4.6 are not fulfilled. The choice of an incorrect covariance
structure leads, according to our remarks in Section (4.3), to a bias in
the estimate of the variance. On the other hand, the unbiasedness or con-
sistency of the estimator of 8 stays untouched even in case of incorrect
choice of the covariance matrix. Liang and Zeger (1993) examined the bias
of var(f3,) for the wrong choice of p = 0. In the case of positive correla-
tion within the cluster, the variance is underestimated. This corresponds to
the results of Goldberger (1964) for positive autocorrelation in econometric
models.
The following problems arise in practice:

(1) identification of the covariance structure,
(ii) estimation of the correlation,
(iii) application of an Aitken-type estimate.

However, it is no longer possible to assume the usual GLM approach,
because this does not take the correlation structure into consideration.
Various approaches were developed as extensions of the GLM approach, in
order to be able to include the correlation structure in the response:

e marginal model,

e random-effects model,

e observation-driven model,
e conditional model.

For binary response, simplifications arise (Section 10.9.8). Liang and Zeger
(1989) proved that the joint distribution of the y;; can be described by n;
logistic models for y;; given yu (k # j). Rosner (1984) used this approach
and developed beta-binomial models.
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10.9.2 Modeling Approaches for Correlated Response

The modeling approaches can be ordered according to diverse criteria.

Population-Averaged versus Subject-Specific Models

The essential difference between population-averaged (PA) and subject-
specific (SS) models lies in the answer to the question of whether the
regression coefficients vary for the individuals. In PA models, the §’s are
independent of the specific individual t. Examples are the marginal and con-
ditional models. In SS models, the 3’s are dependent on the specific ¢ and
are therefore written as 3;. An example for a SS model is the random-effects
model.

Marginal, Conditional, and Random-Effects Models

In the marginal model, the regression is modeled separately from the de-
pendence within the measurement in contrast to the two other approaches.
The marginal expectation E(y;;) is modeled as a function of the explana-
tory variables and is interpreted as the mean response over the population
of individuals with the same x. Hence, marginal models are mainly suitable
for the analysis of covariable effects in a population.

The random-effects model, often also titled the mixed model, assumes
that there are fixed effects, as in the marginal model, as well as individual
specific effects. The dependent observations on each individual are assumed
to be conditionally independent given the subject-specific effects.

Hence random-effects models are useful if one is interested in subject-
specific behavior. But, concerning interpretation, only the linear mizred
model allows an easy interpretation of fixed effect parameters as population-
averaged effects and the others as subject-specific effects. Generalized linear
mized models are more complex, and even if a parameter is estimated as a
fixed effect it may not be easily interpreted as a population-averaged effect.

For the conditional model (observation-driven model), a time-dependent
response y;; is modeled as a function of the covariables and of the past
response values y;(;_1),---,¥¢1. Lhis is done by assuming a specific corre-
lation structure among the response values. Conditional models are useful
if the main point of interest is the conditional probability of a state or the
transition of states.

10.9.3  Quasi-Likelihood Approach for Correlated Binary
Response

The following sections are dedicated to binary response variables and
especially the bivariate case (that is, cluster size ny =2 forallt =1,...,T).

In case of a violation of independence or in case of a missing distribution
assumption of the natural exponential family, the core of the ML method,
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namely the score function, may be used, nevertheless, for parameter esti-
mation. We now want to specify the so-called quasi-score function (10.77)
for the binary response (cf. Section 10.1.7).

Let y, = (y1,---,Yn,) be the response vector of the #** cluster (¢t =
1,...,T) with the true covariance matrix cov(y;) and let x;; be the p-
vector of the covariable corresponding to y;;. Assume the variables y,; are
binary with values 1 and 0, and assume P(y;; = 1) = m;. We then have
pej = mej. Let m; = (m, ..., Tn, ). Suppose that the link function is g(-),
that is,

9(mej) = mj = ;8-
Let h(-) be the inverse function, that is,
piej = 5 = h(neg) = h(xt,6) -

For the canonical link

logit(m;) = In (1 il t]—> = g(my) = 2,8
we have
exp (e exp(ay;0)
iy = hing) = N ;EZ(Z?)U) =15 eXp(;c;jB) ,
Hence
o= (%)= (35)
op op
We have
Omy; _ Oy Oy _ 8h(ntj)£lft‘
op  Omy OB oy 7
and hence, for t = 1,...,T and the p x ngi-matrix X; = (z41,...,Ttn,)
Dy=D,X, with D= (ah(””)> .
Oy
For the quasi-score function for all T' clusters, we now get
T
UB) = ZXt/Dg Vfl(yt — ), (10.214)
t=1

where V; is the matrix of the working variances and covariances of the
yi; of the t'" cluster. The solution of U(3) = 0 is found iteratively under
further specifications, which we describe in the next section.
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10.9.4 The GEE Method by Liang and Zeger

The variances are modeled as a function of the mean, that is,
vej = var(yy;) = v(m) . (10.215)

(In the binary case, the form of the variance of the binomial distribution
is often chosen: v(m;) = m;(1 — m;).) With these, the following matrix is
formed

A = diag(ver, - - -, Vtn, ) - (10.216)

Since the structure of dependence is not known, an n; X ny quasi-correlation
matriz Ri() is chosen for the vector of the t* cluster v, = (yi1,- - -, Yin, )
according to

1 p“?l(o‘) o pring (@)
Ri(a) = Pt21:(oz) ptzn: (@) | 10217
ptnt.l(Oé) Pn2(@) - 1

where the pi; (@) are the correlations as function of « (« may be a scalar
or a vector). Ri(«) may vary for the clusters.

By multiplying the quasi-correlation matrix R;(«) with the root diagonal
matrix of the variances A;, we obtain a working covariance matrix

Vi(8,0,0) = A Ry(a)A? (10.218)

which is no longer completely specified by the expectations, as in the case
of independent response. We have V;(3, a, ¢) = cov(y;) if and only if R;(«a)
is the true correlation matrix of y;.

If the matrices V; in (10.214) are replaced by the matrices V¢(5, «, ¢)
from (10.218), we get the generalized estimating equations by Liang and
Zeger (1986), that is,

T !
on _
U(B,Oé,(b) :Z (65) Vt 1(5aa7¢)<yt_7rt) =0. (10219)
t=1
The solutions are denoted by Bg. For the quasi-Fisher matrix, we have
T /
57rt -1 671',5
F = A% . 10.220
2.0 =3 (G ) viwea (5 (10.220)
To avoid the dependence of « in determining (¢, Liang and Zeger (1986)
propose to replace a by a T2 -consistent estimate &y, .-, yr, B, ¢) and ¢

by ¢ (10.79) and to determine (g from U(8, &, ¢) = 0.

Remark: The iterative estimating procedure for GEE is described in de-
tail in Liang and Zeger (1986). For the computational translation, a SAS
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macro by Karim and Zeger (1988) and a program by Kastner, Fieger
and Heumann (1997) were developed. Nowadays, implementations in many
statistical software packages exist.

If Ri(a) = I, for t =1,...,T, is chosen, then the GEE are reduced to
the independence estimating equations (IEE) . The IEE are

UB,¢) = Z (%E) A7y —m) =0 (10.221)

with A, = diag(v(m;)¢). The solution is denoted by (. Under some
weak conditions, we have (Theorem 1 in Liang and Zeger (1986)) that
B is asymptotically consistent if the expectation mij = h(zy; ) is correctly
specified and the dispersion parameter ¢ is consistently estimated.

B 7 is asymptotically normal

Bt 5 N3 F3 (5, 0)Fa(8,0)F5 (8,6)), (10-222)

wo-[5 ()4 ()]

P8, ) = Z <3”t> A cov(y) At (%;)

where

and cov(y) is the true covariance matrix of y:.

A consistent estimate for the variance of ﬂj is found by replacing 31 by
Br, cov(ys) by its estimate (y; — 7¢)(y: — 7)’, and ¢ by ¢ from (10.79), if ¢
is an unknown nuisance parameter. The consistency is independent of the
correct specification of the covariance.

The advantages of BI are that BI is easy to calculate with available
software for generalized linear models (see Appendix C) and that in case of
correct specification of the regression model, ﬁ 7 and COV(B 1) are consistent
estimates. However, BI loses in efficiency if the correlation between the
clusters is large.

10.9.5 Properties of the GEE Estimate BG

Liang and Zeger (1986, Theorem 2) state that under some weak assump-
tions and under the conditions

(i) @ is T2-consistent for a, given § and ¢
(i) (]B is a T'2-consistent estimate for ¢, given 3

(iii) the derivation O0&(0,¢)/0¢ is independent of ¢ and « and is of
stochastic order O,(1)
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the estimate BG is consistent and asymptotic normal:
Be ™ N(B, Ve) (10.223)
with the asymptotic covariance matrix

Vg = F5' (8, ) Fa(B,0)F5 (B, ), (10.224)

ra= (3 () v (7))

T /
671} _ — 671}
Fy(B,a) = ( > A% 1cov(y)V ! < >
2 - t t) Vi 23

and cov(y;) = E[(y: — m)(ye — m¢)’] is the true covariance matrix of y;. A
short outline of the proof may be found in the appendix of Liang and Zeger
(1989).

The asymptotic properties hold only for 7' — oo. Hence, it should be
remembered that the estimation procedure should be used only for a large
number of clusters.

An estimate V¢ for the covariance matrix V¢ may be found by replacing
B, ¢, a by their consistent estimates in (10.224), or by replacing cov(y;) by
(ye — 7o) (ye — 7).

If the covariance structure is specified correctly so that Vi = cov(y:),
then the covariance of BG is the inverse of the expected Fisher information

matrix
T 9 / 9 1
G ( :(5ﬂt) t_l <3ﬁt>> _l(ﬁ,a).

t=1

where

The estimate of this matrix is more stable than that of (10.224), but it has
a loss in efficiency if the correlation structure is specified incorrectly (cf.
Prentice, 1988, p. 1040).

The method of Liang and Zeger leads to an asymptotic variance of BG
that is independent of the choice of the estimates & and gﬁ within the class
of the T'2-consistent estimates. This is true for the asymptotic distribution
of BG as well.

In case of correct specification of the regression model, the estimates BG
and VG are consistent, independent of the choice of the quasi-correlation
matrix Ry(a). This means that even if Ry (c) is specified incorrectly, S and
Ve stay consistent as long as & and qAS are consistent. This robustness of the
estimates is important, because the admissibility of the working covariance
matrix V; is difficult to check for small n;. An incorrect specification of
Ry(a) can reduce the efficiency of 3g.
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If the identity matrix is assumed for R;(«), that is, Ry(a) = I, t =
1,---,T, then the estimating equations for 3 are reduced to the IEE. If
the variances of the binomial distribution are chosen, as is usually done in
the binary case, then the IEE and the ML score function (with binomially
distributed variables) lead to the same estimates for §. However, the IEE
method should be preferred in general, because the ML estimation proce-
dure leads to incorrect variances for BG and, hence, for example, incorrect
test statistics and p-values. This leads to incorrect conclusions, for instance,
related to significance or nonsignificance of the covariables (cf. Liang and
Zeger, 1993).

Diggle, Liang and Zeger (1994, Chapter 7.5) have proposed checking the
consistency of BG by fitting an appropriate model with various covariance
structures. The estimates BG and their consistent variances are then com-
pared. If these differ too much, the modeling of the covariance structure
calls for more attention.

10.9.6 Efficiency of the GEE and IEE Methods

Liang and Zeger (1986) stated the following about the comparison of Br
and Bg. B[ is almost as efficient as BG if the true correlation « is small.

Br is very efficient if « is small and the data are binary.

If « is large, then BG is more efficient than BI, and the efficiency of BG
can be increased if the correlation matrix is specified correctly.

In case of a high correlation within the blocks, the loss of efficiency of /3’ T
compared to BG is larger if the number of subunits ny, t =1,--- , T, varies
between the clusters than if the clusters are all of the same size.

10.9.7 Choice of the Quasi-Correlation Matriz R(c)

The working correlation matrix R;(a) is chosen according to considerations
such as simplicity, efficiency, and amount of existing data. Furthermore,
assumptions about the structure of the dependence among the data should
be considered by the choice. As mentioned before, the importance of the
correlation matrix is due to the fact that it influences the variance of the
estimated parameters.

The simplest specification is the assumption that the repeated observa-
tions of a cluster are uncorrelated, that is,

Ria)=1, t=1,--,T.

This assumption leads to the IEE equations for uncorrelated response
variables.

Another special case, which is the most efficient according to Liang and
Zeger (1986), §4, but may be used only if the number of observations per
cluster is small and the same for all clusters (e.g., equals n), is given by the
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choice
Ri(a) = R()

where R(«) is left totally unspecified and may be estimated by the empirical
correlation matrix. The n(n — 1)/2 parameters have to be estimated.

If it is assumed that the same pairwise dependencies exist among all re-
sponse variables of one cluster, then the exchangeable correlation structure
may be chosen:

Corr(yek, yu) = o, k£l t=1,...,T.

This corresponds to the correlation assumption in random-effects models.

If Corr(yek, yu) = a(]k—1]) is chosen, then the correlations are stationary.
The specific form a(|k —1|) = al*~* corresponds to the autocorrelation
function of an AR(1)-process.

Further methods for parameter estimation in quasi-likelihood approaches
are the GEE1 method by Prentice (1988) that estimates the o and S si-
multaneously from the GEE for a and (; the modified GEE1 method by
Fitzmaurice and Laird (1993) based on conditional odds ratios; those by
Lipsitz, Laird and Harrington (1991) and Liang, Zeger and Qaqish (1992)
based on marginal odds ratios for modeling the cluster correlation; the
GEE2 method by Liang et al. (1992) that estimates §' = (8, «) simul-
taneously as a joint parameter; and the pseudo-ML method by Zhao and
Prentice (1990) and Prentice and Zhao (1991).

10.9.8 Bivariate Binary Correlated Response Variables

The previous sections introduced various methods developed for regression
analysis of correlated binary data. They were described in a general form
for T blocks (clusters) of size n;. These methods may, of course, be used
for bivariate binary data as well. This has the advantage that it simplifies
the matter.

In this section, the GEE and IEE methods are developed for the bivariate
binary case. Afterwards, an example demonstrates for the case of bivariate
binary data the difference between a naive ML estimate and the GEE
method by Liang and Zeger (1989) .

We have: y; = (y1,yi2)’, t = 1,---,T. Each response variable y;;, j =
1,2, has its own vector of covariables xy; = (41, -, %p). The chosen
link function for modeling the relationship between m; = P(y; = 1) and
xy; is the logit link

logit(m;;) = ln( s > =a},8. (10.225)

1-— Tt
Let

mo= (T, m2), My =20, 10 = (1, me) . (10.226)
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The logistic regression model has become the standard method for
regression analysis of binary data.

10.9.9 The GEE Method

From Section 10.9.4 it can be seen that the form of the estimating equations
for 3 is as follows:

T /
UB,a,¢) =S(B,0) =Y (87”> V, Ny —m) =0, (10.227)

where V; = AtéRt(a)Ati, A, = diag(v(m;)e), j = 1,2, and Ry(«) is
the working correlation matrix. Since only one correlation coefficient p; =
Corr(ys, y2), t = 1,---, T, has to be specified for bivariate binary data,
and this is assumed to be constant, we have for the correlation matrix:

Rt(a)z(; ’f) t=1,---,T. (10.228)

For the matrix of derivatives we have:
() - - (2) (o)
ap op B ony
Sy
Th 0 8}5(72;2) '

exp(z};3)

Since h(m1) = T = Lexp(2), ) and exp(zy,3) = ¢, we have 1 +
eXp(Iélﬁ) =1 + 11Tt7r1t1 = 1717&1’ and
Oh(ne) 1
= =7 (1 — 7). 10.229
om 1+ expla,p) T (10:229)
holds. Analogously we have:
oh
8572;2) = (1 — ). (10.230)

If the variance is specified as var(y:;) = m;(1 — m;), ¢ = 1, then we get

o\’ o var(yn) 0 o
< )] > —h < 0 var(yp) ) 1A
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with x} = (241, x2) and Ay = ( var(ye1) 0

. For the covariance
0 var(ys2)

matrix V; we have:

o () () )

_ var(ys1) p(var(ys1) var(yi2)) 3
= < p(var(ye ) var(y2)) > var(ye) > (10.231)

and for the inverse of Vjy:

1

vl o=
(1 — p2) var(ysn ) var(ye)
< var(yt2) —p(var(ys) var(y2)) > )
1
p(var(ys) var(yez)) 2 var(ye)
(e e )
1—p* \ —p(var(ye) var(y2)) 2 [var(ys2)] !
(10.232)
If A; is multiplied by V, 7L, we obtain
var(ye1) \ 2
1 1 —p (V. : )
Wy =AM, V, = 5 1 ar(Yi2) (10.233)
L=p* | _ <var<yt2>) 2 1
var(Yt1)
and for the GEE method for § in the bivariate binary case:
T
S(B,a) = inWt(yt —m) = 0. (10.234)
i=1

According to Theorem 2 in Liang and Zeger (1986), under some weak
conditions and under the assumption that the correlation parameter was
consistently estimated, the solution BG is consistent and asymptotic normal
with expectation 8 and covariance matrix (10.224).

10.9.10 The IEE Method

If it is assumed that the response variables of each of the blocks are inde-
pendent, that is, R;(«) = I and V; = A;, then GEE method is reduced to
IEE method.

T /
U(B,¢) =S(B) = <a7rt> ANy —m) =0. (10.235)
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As we just showed, we have for the bivariate binary case:

or a g var(yn) 0
( 86 ) = a?tAt = Ty ( 0 " Var(ytg) ) (10'236)

with var(y:;) = m; (1 — m;), ¢ = 1, and

A, = ( [var (ys1)] ™ 0 ) .

0 [var(ys2)]
The IEE method then simplifies to

T
S(B) = @iy —m) =0. (10.237)

The solution B 7 is consistent and asymptotic normal, according to Theorem
1 of Liang and Zeger (1986).

10.9.11 An Ezample from the Field of Dentistry

In this section, we demonstrate the procedure of the GEE method by means
of a “twin’ data set, that was documented by the Dental Clinic in Karl-
sruhe, Germany (Walther, 1992). The focal point is to show the difference
between a robust estimate (GEE method) that takes the correlation of the
response variables into account and the naive ML estimate. For the parame-
ter estimation with the GEE method, a SAS macro is available (Karim and
Zeger, 1988), as well as a procedure by Kastner et al. (1997) and nowadays
in many statistical software packages.

Description of the “Twin’ Data Set

During the examined interval, 331 patients were provided with two conical
crowns each in the Dental Clinic in Karlsruhe. Since 50 conical crowns
showed missing values and since the SAS macro for the GEE method needs
complete data sets, these patients were excluded. Hence, for estimation of
the regression parameters, the remaining 612 completely observed twin data
sets were used. In this example, the twin pairs make up the clusters and
the twins themselves (1.twin, 2.twin) are the subunits of the clusters.

The Response Variable

For all twin pairs in this study, the lifetime of the conical crowns was
recorded in days. This lifetime is chosen as the response and is transformed
into a binary response variable y;; of the j twin (j = 1,2) in the t*"
cluster with

| 1, if the conical crown is in function longer than z days
Ytj 0, if the conical crown is not in function longer than = days.
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Different values may be defined for z. In the example, the values, in days,
of 360 (1 year), 1100 (3 years), and 2000 (5 years) were chosen. Because
the response variable is binary, the response probability of y; is modeled
by the logit link (logistic regression). The model for the log-odds, (i.e.,
the logarithm of the odds m;/(1 — m;) of the response y;; = 1) is linear
in the covariables, and in the model for the odds itself, the covariables
have a multiplicative effect on the odds. Aim of the analysis is to find out
whether the prognostic factors have a significant influence on the response
probability.

Prognostic Factors
The covariables that were included in the analysis with the SAS macro, are
e age (in years)
e sex (1: male, 2: female)
e jaw (1: upper jaw, 2: lower jaw)
e type (1: dentoalveolar design, 2: transversal design)

All covariables, except for the covariable age, are dichotomous. The two
types of conical crown constructions, dentoalveolar and transversal design,
are distinguished as follows (cf. Walther, 1992):

e The dentoalveolar design connects all abutments exclusively by a rigid
connection that runs on the alveolar ridge.

e The transversal design is used if the parts of reconstruction have to
be connected by a transversal bar. This is the case if teeth in the
front area are not included in the construction.

A total of 292 conical crowns were included in a dentoalveolar designs and
320 in a transversal design. Of these, 258 conical crowns were placed in the
upper jaw, and 354 in the lower jaw.

The GEE Method

A problem that arises for the twin data is that the twins of a block are
correlated. If this correlation is not taken into account, then the estimates
B stay unchanged but the variance of the B is underestimated. In case of
positive correlation in a cluster, we have:

Var(ﬁ)naive < Var(B)robust-

Therefore,

=X
<X

> )

\/V&I'(B)naive \/V&I‘(B)robust
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which leads to incorrect tests and possibly to significant effects that might
not be significant in a correct analysis (e.g., GEE). For this reason, appro-
priate methods that estimate the variance correctly should be chosen if the
response variables are correlated.

The following regression model without interaction is assumed:

P(Lifetime > x)

N p(Lifetime < x) — 001 AB+ B2 Sex G- Jaw-+ - Type. (10.235)

Additionally, we assume that the dependencies between the twins are
identical and hence the exchangeable correlation structure is suitable for
describing the dependencies.

To demonstrate the effects of various correlation assumptions on the
estimation of the parameters, the following logistic regression models, which
differ only in the assumed association parameter, are compared:

Model 1: naive (incorrect) ML estimation

Model 2: robust (correct) estimation, where independence is assumed, that
iS, Rt (Oé) =1

Model 3: robust estimation with exchangeable correlation structure (pi; =
Corr(yik, yu) = a, k #1)

Model 4: robust estimation with unspecified correlation structure (R;(«) =
R(w)).

As a test statistic (z-naive and z-robust) the ratio of estimate and
standard error is calculated.

Results

Table 10.6 summarizes the estimated regression parameters, the standard
errors, the z-statistics, and the p-values of models 2, 3, and 4 of the response
variables

~_J 1, if the conical crown is in function longer than 360 days
Ytj 0, if the conical crown is in function not longer than 360 days.

It turns out that the B—Values and the z-statistics are identical, indepen-
dent of the choice of R;, even though a high correlation between the twins
exists. The exchangeable correlation model yields the value 0.9498 for the
estimated correlation parameter &. In the model with the unspecified cor-
relation structure, ps12 and pio1 were estimated as 0.9498 as well. The fact
that the estimates of models 2, 3, and 4 coincide was observed in the anal-
yses of the response variables with x = 1100 and x = 2000 as well. This
means that the choice of R; has no influence on the estimation procedure
in the case of bivariate binary response. The GEE method is robust with
respect to various correlation assumptions.
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TABLE 10.6. Results of the robust estimates for models 2, 3, and 4 for x = 360.

Model 3
(independence assump.) (exchangeable)

Model 2
Age 0.017Y (0.012)
1.33% (0.185)
Sex  —0.117 (0.265)
—0.44 (0.659)
Jaw 0.029  (0.269)
0.11 (0.916)
Type —0.027 (0.272)
—0.10  (0.920)

1 . . D
) estimated regression values 3

3) ,_statistic

2) 0.017
4) 1.33
—0.117
—0.44

0.029

0.11

—0.027
—0.10

2)

9 p-value

Model 4
(unspecified)
0.017 (0.012)
133 (0.185)
—0.117 (0.265)
—0.44  (0.659)
0.029 (0.269)
0.11 (0.916)
—0.027 (0.272)
—0.10 (0.920)

standard errors of 3

TABLE 10.7. Comparison of the standard errors, the z-statistics, and the p-values
of models 1 and 2 for z = 360. (* indicates significance at the 10% level)

Model 1 (naive)

o
Age 0.008
Sex 0.190 —
Jaw 0.192
Type 0.193 —

Model 2 (robust)

z p-value
1.33 0.185

0.2656 —0.44 0.659

z p-value o
1.95 0.051% 0.012
0.62 0.538

0.15 0.882 0.269
0.14 0.887

0.11 0.916

0.272  -0.10 0.920

Table 10.7 compares the results of models 1 and 2. A striking difference
between the two methods is that the covariate age in case of a naive ML
estimation (model 1) is significant at the 10% level, even though this sig-
nificance does not turn up if the robust method with the assumption of
independence (model 2) is used. In the case of coinciding estimated regres-
sion parameters, the robust variances of B are larger and, accordingly, the
robust z-statistics are smaller than the naive z-statistics. This result shows
clearly that the ML method, which is incorrect in this case, underestimates
the variances of B and hence leads to an incorrect age effect.

TABLE 10.8. Comparison of the standard errors, the z-statistics, and the p-values
of models 1 and 2 for z = 1100.

Model 1 (naive)

Jé] o
Age 0.0006 0.008
Sex  —0.0004 0.170
Jaw 0.1591 0.171
Type 0.0369 0.172

z p-value o
0.08 0.939 0.010
—0.00 0.998 0.240
0.93 0.352 0.240
0.21 0.830 0.242

Model 2 (robust)

z p-value
0.06 0.955
—0.00 0.999
0.66 0.507
0.15 0.878
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TABLE 10.9. Comparison of the standard errors, the z-statistics, and the p-values
of models 1 and 2 for z = 2000. (* indicates significance at the 10% level)

Model 1 (naive) Model 2 (robust)
B o z p-value o z p-value
Age —0.0051 0.013 —0.40 0.691 0.015 -0.34 0.735
Sex  —0.2177 0.289 —0.75 0.452 0.399 —0.55 0.586
Jaw 0.0709 0.287 0.25 0.805 0.412 0.17 0.863
Type 0.6531 0.298 2.19 0.028* 0.402 1.62 0.104

Tables 10.8 and 10.9 summarize the results with z-values 1100 and 2000.
Table 10.8 shows that if the response variable is modeled with z = 1100,
then none of the observed covariables is significant. As before, the estimated
correlation parameter & = 0.9578 indicates a strong dependency between
the twins. In Table 10.9, the covariable “type’ has a significant influence
in the case of naive estimation. In the case of the GEE method (R =
I), it might be significant with a p-value = 0.104 (10% level). The result
Btype = 0.6531 indicates that a dentoalveolar design significantly increases
the log-odds of the response variable

| 1, if the conical crown is in function longer than 2000 days
Yij 0, if the conical crown is in function not longer than 2000 days.

Assuming the model

P(Lifetime > 2000)

f— . A . . . T
P(Lifetime < 2000) exp(fBo + 51 - Age + P2 - Sex + B3 - Jaw + (4 - Type)

the odds ggiﬁﬁ:i 388% for a dentoalveolar design is higher than the

odds for a transversal design by the factor exp(84) = exp(0.6531) = 1.92,
or alternatively, the odds ratio equals 1.92. The correlation parameter yields
the value 0.9035.

In summary, it can be said that age and type are significant but not
time-dependent covariables. The robust estimation yields no significant
interaction, and a high correlation « exists between the twins of a pair.

Problems

The GEE estimations, which were carried out stepwise, have to be com-
pared with caution, because they are not independent due to the time effect
in the response variables. In this context, time-adjusted GEE methods that
could be applied in this example are still missing. Therefore, further efforts
are necessary in the field of survivorship analysis, in order to be able to
complement the standard procedures, such as the Kaplan-Meier estimate
and log-rank test, which are based on the independence of the response
variables.
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10.9.12  Full Likelihood Approach for Marginal Models

A full likelihood approach for marginal models needs the complete spec-
ification of the joint distribution of multivariate binary or, in general,
multivariate categorical data. For simplicity, we assume that the size of
each cluster is n. Some methods presented below need this assumption. We
drop the cluster index ¢ in the following. A parametrization of the joint dis-
tribution of j = 1,...,n binary variables was proposed by Bahadur (1961)
and is discussed, e.g., in Emrich and Piedmonte (1991). Let

pj = PY;=1)=E(j)
yr = Yy —
Vi (1= 1)
riy = EY)
rips = BFYRYF)
r12..n = E<Y1*Y2* e YJ) :

Then the joint distribution may be parametrized as

fyrs- o yn)
= P<Y1:y177Yn:yn>

= JIwra—pyt—
j=1

S R R g T e S i VA O e PR i VR M
J<i’ J<j'<j
The parameters 712, ..., 7,—1,, in this representation are the Pearson’s cor-
relation coeflicients. An advantage of this parametrization is the marginal
expectations p; are included explicitly as parameters which allows the di-
rect modeling of these expectations conditional on covariates as in a usual
regression model, e.g., p; = ¥(X), where X is a vector of explanatory
variables. Furthermore, the representation is reproducible in the follow-
ing sense. The parameters which are involved in the representation of the
joint distribution for n’ < n are also involved in the representation for n
variables and have the same meaning. Hence the case of unbalanced clus-
ter sizes may also be handled in a natural way. But this parametrization
may cause some problems, see e.g., Emrich and Piedmonte (1991). If the
parameters of order three and higher are restrained to be zero a priori,
.€., T123 = 0,...,712..., = 0, then the pairwise correlations, in general,
cannot vary in the unrestricted interval [—1,1]. Prentice (1988) has given
the necessary restrictions for the pairwise correlations in a simple example.
That is why we need algorithms which reflect these restrictions. It is nev-
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ertheless practice to use the unrestricted algorithms with a hope that the
estimates are within the admissible regions. Fitzmaurice (1995) derives the
maximum likelihood estimates for this parametrization where the marginal
expectations are modeled as functions of the covariates through logistic
regressions.

Remark: The set-up suggested by Bahadur is a representation of the
joint distribution with additive interactions (Streitberg, 1990), whereas the
following loglinear representation is using the multiplicative interactions.

Another useful full likelihood approach for marginal models in case of
multivariate binary data was proposed by Fitzmaurice and Laird (1993).
They started with the joint density

fly; 9, Q)= PYi =y1,.. ., Y = yn; ¥, Q) = exp{y/V + w'Q — A(T,Q)}

(10.239)
with ¥ = (y1,.. ., yn), W = (Y1Y2, Y1935+ Yn—1Yns -, Y1Y2- - Yn)', ¥ =
(\Ifl, ey \I/n),, Q = (wlg,wlg, ey Wn—1ny .- - ,wlg...n), and

y=(1,1,...,1)
exp{A(T,Q)} = Z exp{y' ¥ + w'Q}
y=(0,0,...,0)

is a normalizing constant. Note that this is essentially the saturated param-
eterization in a loglinear model for n binary responses, since interactions
of order 2 to n are included. The density (10.239) is a special case of the
partly exponential families introduced by Zhao, Prentice and Self (1992).
They used the representation

fly; ¥,Q) = exp{y'¥ + c(y,Q)}. (10.240)

1
A(T,Q)
The multinomial and multivariate normal distributions are two special
cases of (10.240). This presentation also enables the modeling of mixed
discrete and continuous response. Choosing

A(P,Q) = exp{A(¥,Q)}
c(y, Q) = w'Q,

we get (10.239) as a special case of (10.240). Zhao and Prentice (1990)
discuss the choice of a quadratic exponential family as the working likelihood
for binary variables, i.e.,

fly; 0,Q) = exp{y'¥ +w'Q} ,

1
A(Y, Q)
whereas w is constructed from the pairwise products (y1y2),- .-, (Yn—1Yn)
only, i.e., all interactions of order three and higher are neglected which
means that they are assumed to be zero apriori. This parametrization was
first proposed by Cox (1972a). In the following, we demonstrate that the
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parameters of the loglinear set-up are characterized by conditional proba-
bilities. Hence, this representation is not directly applicable to the marginal
models.

Interpretation of ¥. We have

P(Y; =1|Y.; =0
\I/jzlogit(P(Yj:1|Y¢j:0))=10g( (¥; = LYy, )) ,

P(Y; = 0[Yz; = 0)
which follows from

PY;:=1|Y.; =0 PY;=1,Y., =0
(]_0| 75]_0) (J_O’ 75]—0>

i.e., ¥; is the logit of the conditional probability P(Y; = 1|Y.; = 0).

Interpretation of Q2. For j < j' we get

P(Y; =1,Yy = 1Yz = 0)P(Y; = 0,Yj = 0[Yz; 5 = 0)
P(Y; =1,Yy = 0Yy;0 = 0)P(Y; = 0,Yj = 1[Yy; 5 = 0)
_ PY;=1Yy =1,Yy; =0)P(Y; =0,Yj =0,Yy; ;» = 0)
CP(Y; =LYy =0,Yz = 0)P(Y; =0,Y) =1,Yy =0)
_exp{¥; + Wy +wj — AP, Q) }exp{-A(V,Q)}
N exp{¥; — A(T, )} exp{¥; — A(T,Q)}
— explwiy ) -
Hence wj;» is the conditional log odds ratio of (Y;,Y}/) given all other
Y.; ;= 0, abbreviated this means w;;; = log OR(Y}, Y;/|Y; ;7 = 0).
Furthermore, we have, e.g., for j < j' < j:

P(Yj == 1,Yj/ - 1,}/; - 17Y¢j,j/,j - O)
P(Y;=1,Yy =0,Y5=1,Yy;;;=0)

P =0Y5 =0,Y5=1,Y,;,;5=0)
PY;=0Yy =1Y;=1Yy;,;=0)
P =1Y5 =0,Y5=0,Yy;,5 5 =0)
PY;=1Yy =1Y;=0Yy;,;=0)
P =0Yy =1,¥5=0,Yy;,;5=0)
)

P(}/J = 0,}/]'/ = O,}/; = O,Y;éj’j/ 3 = 0
exp{W; + W + V5 4 wjjr +wjj +wjrj + w;;5} exp{¥5}
exp{V; + V5 +w,;}exp{¥; + V5 +w,;}
exp{¥;} exp{¥; }
exp{W; + W + wjj } exp{0}

= exp{wjjj} -
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Note that the normalizing constant exp{ A(¥, )} may be dropped. Using
Bayes theorem and taking the logarithm, we get

= log OR(Y;, Yy |Y; = 1,Y,; ;1 5 =0)

—1log OR(Y;, Yjr[Y; = 0,Y%; 5 = 0) .

Wjj'j

One can convert some of the products using above results as

Wi = log OR(YJ"Y}‘le’ = 1;Y¢j,j/,j = O)
—log OR(Y;, Y;|Yjr = 0,Y,; » 5 = 0)
= logOR(Y;/,Y5|Y; =1,Y,; ;5 =0)
—log OR(Y, Y;[¥; = 0,Y,; ;5 =0) .

Therefore w;;,; may be interpreted as the contrast of two conditional log
odds ratios. Such presentation like contrasts of log odds ratios can also be
given analogously for

W1<j1<ja<js<ja<my:-:;Wi2..mn -

The parameters w;; are called two factor interactions, the parameters w; /5
are called three factor interactions, and so on.

We are interested in the modeling of marginal distributions but the
canonical parameters have a conditional interpretation, so the loglinear
representation is not useful for problems in which the marginal models are
useful. One can solve this problem by a partial transformation of canonical
parameters to parameters with marginal interpretation. We shall confine
ourselves to two special cases:

1. A one-to-one transformation of the canonical parameters in marginal
expectations and canonical interaction parameters of order two and
higher. This idea was proposed for binary variables by Fitzmaurice
and Laird (1993).

2. A one-to-one transformation of the canonical parameters in marginal
expectations, noncentral product moments and canonical interaction
parameters of order three and higher. This idea was applied by Hea-
gerty and Zeger (1996) for the case of repeated measurements of
ordinal variables with coinciding numbers of categories.

The problem here is two folds. On the one hand, the new parameters may
be written explicitly as a function of the canonical parameters, but on
the other hand, the canonical parameters can, in general, not be written
explicitly as functions of the new parameters, i.e., the inverse function is
given only in an implicit manner. This result lies in the fact that the joint
distribution and the likelihood itself are given in an implicit manner by
the new parameters. But there is an exception in the bivariate binary case,
where the formula of Mardia (1967) gives the inverse function explicitly.
Nevertheless — with the exception of some degenerated distributions with
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zero probabilities of some response profiles — it is always possible to deter-
mine the Jacobian of the inverse transformation. Then the score equations
and the expected Fisher information matrix for the new parametrization
may be derived. This is necessary to get the maximum likelihood estimates
numerically with a Fisher scoring algorithm and to generate an explicit
formula for the asymptotic covariance matrix of the estimates. But then
we are led to another problem. At some stages of the algorithm and to
calculate, e.g., the likelihood, we need at least some of the individual prob-
abilities of the joint distribution. For the parameterizations of this section,
it is even necessary to reconstruct all the cell probabilities of the joint dis-
tribution. No ways are found yet in the literature to avoid the tedious and
time consuming reconstruction. A technique which is able to proceed with
this computations is the iterative proportional fitting (IPF) proposed by
Deming and Stephan (1940).

The idea of Fitzmaurice and Laird (1993) was to make a one-to-one
transformation of the canonical parameter vector ¥, 2 to the mean vector
w and a parameter vector I' = Q, i.e.,

(W, Q) — (1,1)

with I' = . The mean vector u can then be linked to covariates via the
link functions such as in logistic regression. Using now the cluster index ¢,
t=1,...,T, they showed that the likelihood equations for cluster ¢ are

Ol

Oy = Cov(Y); Hye — pt) (10.241)

and

glftt = (wy — 1) — Cov(W,Y); Cov(Y); (g — ) - (10.242)
We use the notation Cov(X,Y); = Cov(X:,Y;) and Cov(Y); = Cov(Y:).
Here w; contains all pairwise and higher products of the observed response
values y¢;, j = 1,...,n, ©.€., Wik = Y¢;5Yer up to the highest order wyi.., =
Y1 - - - Yn. The random variable Wy are the corresponding products Wiio =
Y;1Y;2, etc. The parameter v is built from the expectations of the products
contained in W;. First we link the mean vector u; to individual covariates
X; with a parameter vector 3. Then the canonical parameters I'; are linked
to a parameter vector «, for example by I'y = Z;«a, where Z; is a constant
matrix across individuals or contains covariates of cluster ¢. This leads to
the estimating equations

50)= o = (55 ) Cov M- (0213
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sy = Ot = (%1;) [(w — 14) — Cov(W, ¥, Cov(V); (g — )] -
(10.244)

The maximum likelihood estimates (8,&) are then the solutions of the
equations

s(B) =Y (8/“) Cov(Y); M (yr — ) =0 (10.245)

s(a) =Y (%{;) [(wy — 1) — Cov(Wy, Yy) Cov(Y);  (ye — )] = 0.

(10.246)
The asymptotic covariance matrix of (B, &) is a block diagonal matrix with
upper left block

Cov(j) = {i (%’g)lCov(Y)t_l (E;’“g) }1 (10.247)

and lower right block

Cov(a) {Z (aFt> (%ﬂf)}l (10.248)

A = Cov(W); — Cov(W,Y); Cov(Y); ! Cov(Y, W),

with

The estimates of asymptotic covariance matrices can be found by eval-
uating (10.247) and (10.248) at the maximum likelihood estimates [,
and dpr,. An algorithm for getting the maximum likelihood estimates con-
tains several steps, where the reconstruction of the joint distribution is
computationally more demanding and increasing with the cluster size n.
A detailed description of the algorithm is given in Heumann (1998). Note
that (10.245) looks similar to the GEE1 estimating equations approach.
While the covariance matrices Cov(Y;) are working covariance matrices in
the GEE approach, they are model based in the likelihood approach and
depend on the specification of the conditional association parameters.
Heagerty and Zeger (1996) and Heumann (1998) extended the approach
by transforming the second order canonical parameters also, denoted as
Q(2), to marginal parameters. Additionally, the restrictions to binary vari-
ables are dropped and multicategorical response variables are allowed.
Dropping the cluster index ¢ again for a while, we assume that each
of the n variables Y = {Y;};=1,..» has R; > 2 possible categories

.....
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l; = 1,2,...,R;. Any Y; may be represented by R; — 1 binary dummy
variables Y1), ..., Yj(r,—1). A particular observation Y; = y; is coded as

(0,...,0, 1 ,0,...,0) ify,=1;and l; € {1,...,R; — 1},

(O,...,O)/ ifyj:Rj,
(10.249)
i.e., without loss of generality, we choose R; as the reference category.
Hence an observation y = (yi,...,y,) is constructed by Z?ZI(RJ- -1
binary dummy variables. This means that the observed vectors y; and the
full observed vector y are column vectors. The R; — 1 dummy variables of
an observation y; are denoted by

yi = W) Y@ Yi(ra—1)) -

Further we define the following Kronecker products of the vectors y;:

w12 = Y1 QY2

w13 = Y1 QY3

Wnn—1 = Yn-1®Yn

wi2..T = NOQY2Q...0Yn .

Then we denote the vector which contains all the two-way products by
2
w® = (w/12>w/13’ ) wn,1n>/ )
the vector, which contains all the three-way products is denoted by
w® = (w’123, w/124a e aw'In—Q,n—l,n)/ )
and so on. Finally we get the vector with the n-way product by
w(") = (’w12mn)/ .
Summarizing we get the vector
w = (w/@) LG ,w/("))/

which contains all the two-way to n-way products. Let w(ZL) denote the
vector containing all L-way and higher products. The corresponding ran-
dom variables W are denoted in an analogously manner. As an example,
in the case R; = R = 3, we get

w1z = (wlg(u),w13(12),w13(21),w13(22))’

= (y1(1)y3(1),yl(l)y3(2),91(2)213(1)7111(2)93(2))/-
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The density may be written (cf. (10.239) for the binary case) as
fly; 9,9Q) =
exp { STUY D @) wi + Y (U @y @) w0
Jj=1 J<J’ J<i'<j

+oo Y RY2 @ ... QYp) win. — AT, Q)} . (10.250)

This representation was used earlier by Heagerty and Zeger (1996) under
an alternative coding of the response, called cumulative indicator variable
coding. An alternative to the approach of Fitzmaurice and Laird (1993) is
a parameter transformation of first and second order canonical parameters

(W, Q2),, Q> 3),) — (ut, v (> 3)t) (10.251)

with I'(> 3) = Q(> 3). Recall that v were the noncentral second moments
of the products Wis = Vi @Yo upto Wi, = V1 ®---®Y, and v®
contained only the pairwise Kronecker products. We may further parame-
terize T't(> 3) = Z6 or I'(> 3); = Z;4. Similar to the estimating equations
of Fitzmaurice and Laird (1993), this results in the estimating equations

s(8,a) =

T fom g\ (T 0\ _
06 yiw@y-t (o 9T B
1 ( 0 a(&) (auf?) ov® | Cov(Y W), <wt(2) o

Ouy 0Oy
(10.252)

I
o

L ror(>3 A\ > >
3 ("5 -

— Cov (WEH, (Y|W®)) Cov(y [w®);! ( W e ) ] =0

t TV
(10.253)

The asymptotic covariance matrix for (B, Q, 5) is block diagonal with upper
left block

. L 10 Y
Cov (ﬁ,d) = {Z( ‘905 Bgt ) ( w® @ ) Cov(Y W)
da

t=1 Ope 00,

I 0 ow o\
x| a® a® Oﬁ 00, (10.254)
Oy 00y da
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and lower right block

-1

Cov(d) = {Z (3“626 S)t)/A <8P(§5 3)t>} (10.255)

t=1
with
A= COV(W(ZS))t
— Cov (W<23>, (Y|W<2>)) Cov(Y [W®); ! Cov ((Y|W<2>), W<23>) .
t t
(10.256)
A detailed description of the algorithm is given in Heumann (1998).
Note that we are left open with the definition of the parameter vector O,

which parameterizes the noncentral second moments. Now we would like to
discuss several possible parameterizations of it. Three cases are proposed:

e global odds ratios
e local odds ratios and
e correlations.

In the following, we look at the cluster ¢ and concentrate on two time points
or cluster members in this specific cluster. With multicategorical variables,
the situation can be described by a contingency table, where Y; and Y} in
cluster ¢ have C' and D factor levels. Thus we look at the following C' x D
contingency table:

TABLE 10.10. Two specific observations in cluster ¢

Yy
1 d D
D—1
1 P11 e P1d A 2160 21 P1,m K1)
D—1
Yj e De1 Ded T Be) T lec,m Hj(e)
.C—l c-1 c-1
Cijrry = 22 PLa-- Mjray — . Pid-+ pep L= 3w
=1 =1 =1
D—1
17 (1) 1j1(d) e 1= X0 pyrm) 1

m=1
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We have used the following parameterization:

Pep = Hi(e) — Z pea c¢=1,...,C—1 (10.257)
Pod = ya) — chd d=1,...,D—1 (10.258)
C—-1D-1 c-1 D—1
pep = 1- De,d — Pe,D — PC,d
c=1 d=1 c=1 d=1
C—-1D-1
= 1- Z Pec,d
c=1 d=1

Pﬁ
/N
I:
E

D—1 D1 c-1
zmg z@mpzmg
d=

c=1 d=1 1 c=1
C—1D-1 c-1 D—

= 1+ Ped = ), Hi(e) — Z 17 (d) - (10.259)
c=1 d=1 c=1 d=1

Thus the expectations p(.) and p; (4 arise in all probabilities for the pairs
(Y;,Y;/) which are in the last row and the last column of the contingency
table.

Global odds ratios: The (C —1)(D —1) global odds ratios (GOR) are given
by Dale (1986) as

P(Y; <c¢, Yy <d)P(Y; > ¢, Yy >d)

10.260
P(Y; < ¢,Yy > d)P(Y; > .Yy < d) (10.260)

GORjj(ca) =

forc=1,2,...,C—-1; d=1,2,...,D — 1. Using the notations

c d
djj' (cd) = Z Z Pim
=1 m=1

Gy = D
=1
d

45/ (d) = Z/uj'(m)7
m=1
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the four cumulated probabilities in (10.260) at a specific cutpoint (¢, d) can
be written as (see Table 10.10),

PY;<c¢Yy<d) = ij’(cd) ) (10.261)
c D-—1

P(Y;<cYp>d) = ) Z P+ i) — D Y Pim » (10.262)

=1 m=d+1 =1 m=1
c—-1

Mg

P(Y; > Yy <d) = Z Z Pim + @jr(a) — Pim » (10.263)
l=c+1m=1 =1
Cc-1 D—-1

PY;>ceYy>d) = 3 Y pim

l—c+1 m=d+1

1

3
I

C-1 D-1

+ Zugz)— Z Zplm

lc+1 l=c+1m=1
CcC—-1 D-1

+ Z M m)_z Z Dim

m=d+1 =1 m=d+1
C-1D-1

c-1 D-1
+1+Z Zplm_ Z,uj(l) - Zﬂj/(m) .
=1 m=1 =1 m=1

(10.264)
Further calculation shows that (10.261)—(10.264) can be written as

) = Qjr(ed) (10.265)
PYj<eYy>d) = e~ djj(ed »
) = @) ~ Gj'(ed) >
) = 1=4je) = 4@ + i (ca) -
(10.266)

The idea is now the following: for given cumulative marginals q;(.) and g;(q)
from the marginal mean model and the global odds ratios GORJ ' (c,d), the
cumulative pairwise probabilities g;;:(c.q) can be calculated as in a 2 X 2
contingency table using a formula derived by Mardia (1967) as

45 (cd)

qj(c)45 (d) if GOR]] "(c,d) =1

— 1
—{ S—{S?—4GOR j;/ (oa)(GOR, j/ (eay —1)qj(c) 857 (a) } 2

else
2(GOR/ (o,qy —1)

(10.267)
where

5% = {1+ (gj(e) + 4jr(a)) (GORjjr (ca) —1)}* . (10.268)
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Thus, the cumulative probabilities and finally the cell probabilities pj,,
l=1,...,C, m=1,...,D, can be calculated explicitly.
For the marginal model, the logarithm of the global odds ratios is used:

log GORjjr(cay = 108 ()57 (cay)
—log (j(e) — @7 (cay) — 108 (aj57(a) — Gjjr (ca))
+ IOg (1 — Qj(c) — qj’(d) + qjj’(cd)) . (10269)

Local odds ratios: Agresti (1990) defines the (C' — 1)(D — 1) local odds
ratios (LOR) as

LORjieq) = Lot Pettatt oy 0 c—1; d=1,2,...,D—1
pc,dJrl pc+1,d
(10.270)

with p.a = P(Y; = ¢,Yy = d). The expectations parameters ;) and
Hjr(ay are the part of all local odds ratios, which contain probabilities of

the last row or last column. The logarithm of the local odds ratios is used
for the marginal models as

log LOR,jjs (ca) = 10g(pe,a) —log(pe,at1) —1og(pes1,a) +1og(peti,as1) -

(10.271)
No explicit formula exists for calculating the cell probabilities py,, | =
1,....,C, m=1,...,D from given marginals and given local odds ratios.

The IPF algorithm of Deming and Stephan (1940) can be used for this.

Correlations: A further option to model pairwise associations is to use the
Pearson’s correlations. For multicategorical data, these can be defined as

Ped — Mj(c)ﬂj’(d)
Corr(Ye), Yjr(a)) = Pjjr(ed) = ;
Vi) (1= tie) /1y (ay (L = tjo(ay)

(10.272)
with j # j', ¢ =1,2,...,C = 1,d =1,2,...,D — 1 and pe.a = P(Yj() =

@
LYy =1) =15
(1993). We transform

and has been proposed by Miller, Davis and Landis

ey, v )
(HJ(C)’HJ (D)2 V(ijryed ) oy C—1:;d=1,...D—1

to
(Ajeys e ays Pigr(ed)) ot .O—1idet....D-1 -

The inverse transformation in this case is explicit. For all j # j/, ¢ =
1,2,....C—-1,d=1,2,...,D — 1 we get

i) = Rie) Hi'd) = Hja)
@) _ _ - _ - -
Vijred = Pii(ed) \/ ey (1 = uj@)\/ fj(ay (L= g (a)) + Fij(e) e a) -

Now we have built all blocks for estimating a marginal multicategorical
model using the score equations (10.252) and (10.253). Let ¢ again denote
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the cluster index. For the mean model depending on a parameter § and
covariates, the cumulative logit model (also known as proportional odds
model) is a popular choice if all response variables are ordinal. In this
case, the global odds ratio is a natural parametrization. If some response
variables are measured on a nominal scale, the local odds ratios are a better
choice because cumulative probabilities have no meaningful interpretation
in this case. The derivatives in (10.252) and (10.253) can be calculated
explicitly if global odds ratios and correlations are used. For example, if
the log global odds ratios are used, the derivative 00©;/d« is usually a
design matrix Z; often assumed to be constant across the clusters, i.e.,
Zy = Z,t = 1,...,T. The derivatives ayt@)/ﬁ,ut and ayt@)/ﬁ@t can be
derived using (10.267). The necessary covariance matrices can be calculated
by first calculating the vector of joint probabilities using the IPF algorithm.
If local odds ratios are used the derivatives have to be calculated by the
following procedure: first calculate 90;/0v(?)| then invert this matrix to
get the desired derivatives.

Remark: Setting all canonical interaction parameters of order three and
higher to zero leads to the GEE2-Maximum-Likelihood method, which was
proposed by Heagerty and Zeger (1996). Even this method requires the
use of IPF and is therefore computationally intensive. Another proposed
alternative is to switch to a GEE1 approach, which assumes the estimating
equations for # and a to be independent. It uses centralized second order
moments instead of noncentral ones and sets the third and fourth order
moment blocks in the covariance matrix Cov(Y|W®)) to zero. Another
variant was proposed by Prentice (1988) which uses standardized second
moments, (i.e., correlations) instead of centralized second moments. If all
canonical parameters are transformed to marginal parameters, then one
gets the approach of Molenberghs and Lesaffre (1994). Any partial trans-
formation of canonical parameters to marginal parameters was described by
Glonek (1996). Marginal models in the context of multidimensional contin-
gency tables, i.e. when the vector of explanatory variables does not contain
any continuous variables, were developed by Lang and Agresti (1994).

10.10 Exercises

Ezercise 1. Let two models be defined by their design matrices X; and
Xo = (X1, X3). Name the test statistic for testing Hy: Model X; holds
and its distribution.

Ezercise 2. What is meant by overdispersion? How is it parameterized in
case of a binomial distribution?

Ezercise 3. Why would a quasi-loglikelihood approach be chosen? How is
the correlation in cluster data parameterized?
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Exzxercise 4. Compare the models of two-way classification for contin-
uous, normal data (ANOVA) and for categorical data. What are the
reparametrization conditions in each case?

Exercise 5. The following table gives G2-analysis of a two-way model with
all submodels:

Model G? p-value
A 200 0.00
B 100 0.00
A+B 20 0.10
AxB 0 1.00

Which model is valid?

Ezercise 6. The following I x 2-table gives frequencies for the age group
X and the binary response Y:

1 0

<40 10 8
40-50 15 12
50-60 20 12
60-70 30 20
>70 30 25

Analyze the trend of the sample logits.

Ezxercise 7. Consider the likelihood model of Section 10.9.12 for the case
T = 2. Derive the Jacobian matrix J of the one-to-one transformation

(Y1, %2, w12) to (p1, 2, 712) Where y12 = wia, and

Opy Opa Opa
6‘1/1 8\112 8w12
J — BMQ a,l,LQ BMQ
6‘1/1 8\112 8w12
0712 0712 0712
oV, oWy Ow1z

Also derive its inverse J 1.



Appendix A
Matrix Algebra

There are numerous books on matrix algebra that contain results useful
for the discussion of linear models. See for instance books by Graybill
(1961); Mardia, Kent and Bibby (1979); Searle (1982); Rao (1973a); Rao
and Mitra (1971); and Rao and Rao (1998) to mention a few. We collect
in this Appendix some of the important results for ready reference. Proofs
are generally omitted. References to original sources are given wherever
necessary.

A.1 Overview

Definition A.1 An m X n-matriz A is a rectangular array of elements in m
rows and n columns.

In the context of the material treated in the book and in this Appendix,
the elements of a matrix are taken as real numbers. We indicate an m x

n-matrix by writing A:m xn, A or A.
mxn m,n

Let a;; be the element in the i*" row and the j** column of A. Then A
may be represented as

aii @12 - A1n
a21 Q22 - a2n

am1  Gm2 - Amn
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A matrix with n = m rows and columns is called a square matrix. A square
matrix having zeros as elements below (above) the diagonal is called an
upper (lower) triangular matrix.

Definition A.2 The transpose A’ : n X m of a matriz A : m X n is given by
interchanging the rows and columns of A. Thus

A= (aj;).
Then we have the following rules:
(A=A, (A+B)=A+B, (AB)=BA".
Definition A.3 A square matriz is called symmetric if A’ = A.

Definition A.4 An m x 1 matriz a is said to be an m-vector and written as
a column

Definition A.5 A 1 x n-matriz o’ is said to be a row vector
a = (al, - 7an)'

A :m X n may be written alternatively in a partitioned form as

/

ay
A= (a@y,...,a@)) =
U,
with
ayj ai1
ag) = : v G =
Qj Qin

Definition A.6 The n x 1 row vector (1,---,1)" is denoted by 1., or 1’.

Definition A.7 The matriz A : m x m with a;; =1 (for all i,j) is given the
symbol J,, that is,

Jn=1| : ol =1mll,

Definition A.8 The n-vector
€; = (07 7031703”' 7O)l

with the it" component as 1 and all the others as 0, is called the i*" unit
vector.
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Definition A.9 A nxn (square) matriz with elements 1 on the main diagonal
and zeros off the diagonal is called the identity matriz I, .

Definition A.10 A square matriz A : n X n with zeros in the off diagonal is
called a diagonal matriz. We write

ail 0
A = diag(aq1, -+, ann) = diag(ay;) =
0 Qnn

Definition A.11 A matriz A is said to be partitioned if its elements are
arranged in submatrices.

Examples are

A = (A1,Ay) with r+s=n
m,n m,r m,s
or
All A12
A — ,n—s 7,8
m A21 A22

m—r,n—s m-—r,s
For partitioned matrices we get the transposes as
Al Al Al
A = ( 1 ) , A = < 11 21 >
Ay Ay Ay )0

respectively.

A.2 Trace of a Matrix

Definition A.12 Let aq1,...,any, be the elements on the main diagonal of a
square matriz A : n X n. Then the trace of A is defined as the sum

i=1
Theorem A.13 Let A and B be square n X n matrices, and let ¢ be a scalar
factor. Then we have the following rules:
(i) tr(A+ B) = tr(A)* tr(B);
(ii) tr(A") = tr(A4);
(iii) tr(cA) = c tr(A);
)

(iv) tr(AB) = tr(BA) (here A and B can be rectangular matrices of the
form A:m xn and B:n xm);

(v) tr(AA") = tr(A'A) =, . a?;

i, g7



492 Appendix A. Matrix Algebra

(vi) If a = (a1,...,ay) is an n-vector, then its squared norm may be
written as

n
lal|?* = d'a = Za? = tr(aa’).
i=1

Note, that rules (iv) and (v) also hold for the case A : nxm and B : mxn.

A.3 Determinant of a Matrix

Definition A.14 Letn > 1 be a positive integer. The determinant of a square
matriz A : n X n is defined by

n

|A| = Z(*l)”jaij\Mij\ (for any j, j fized),

i=1
with |M;;| being the minor of the element a;;. |M;;| is the determinant of
the remaining (n— 1) x (n— 1) matriz when the i*" row and the j** column
of A are deleted. A;; = (—1)"F9|M;;| is called the cofactor of a;;.
Examples:

For n = 2: ‘A| = a11022 — A120421.

For n = 3 (first column (j = 1) fixed):

A = (—1)? Qg2  a23 = (—1)2M;
Gz2  ass
A = (1P| 12 = (1) My
az2  ass
Az = (=1t 0128 = (1)t
22 (23
= |A] = andii+ a2l + as1 Az

Note: As an alternative one may fix a row and develop the determinant of
A according to

|Al = (=1)"a;|My;|  (for any i, i fixed).

j=1

Definition A.15 A square matriz A is said to be regular or nonsingular if
|A] # 0. Otherwise A is said to be singular.

Theorem A.16 Let A and B be n X n square matrices, and ¢ be a scalar.
Then we have

(i) A= [A],



(i)
(iif)
(iv)

(v)

(vii)
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|cA] = ¢ Al,
|AB| = [A[|B|,
|42 = |A]?,

If A is diagonal or triangular, then

n
|A| = Haii .
=1

A C
For D = O B we have
A C
oo [ as
and analogously
A0
& b |-

If A is partitioned with A1y : p X p and Ass : q X q square and non-
singular, then

All A12

Ay Ay |A11]|A22 — A21Af11A12|

= |A2||A1n — A12A2_21A21|-

Proof: Define the following matrices

(T —ApAy _ 1 0
7, = < 0 7 and Zy = 7A2_21A21 IR

where |Z1| = |Z2| =1 by (vi). Then we have

o A - A12A2_21A21 0
Z1AZy = < : .
and [using (iii) and (iv)]
|Z1AZ;| = |A] = |Ag|| A1y — A12AZ, Ag .
‘ Aa) |A|(c — 2’ A=tx) where = is an n-vector.

¢

Proof: Use (vii) with A instead of A;; and c instead of Asgs.

Let B : pxn and C : nxp be any matrices and A : p X p a nonsingular
matriz. Then

|A+BC| = |A||l,+ A 'BC|
|A||L, + CA™'B.
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Proof: The first relationship follows from (iii) and
(A+ BC) = A(I, + A~'BC)
immediately. The second relationship is a consequence of (vii) applied
to the matrix
‘ I, —A7'B ‘

o L\, + CA™ B

= |L,J|I, + A7'BC).

(x) |[A+ad|=|A|(1+d A7 a), if A is nonsingular.
(xi) [I, + BC| =|I,+CB|, if B:pxn and C :n X p.

A.4 Inverse of a Matrix

Definition A.17 A matriz B : n X n is said to be an inverse of A :n xn
if AB = I. If such a B exists, it is denoted by A~'. It is easily seen that
A~ exists if and only if A is nonsingular. It is easy to establish that if A~
exists; then AA™' = A" 1A=1.

Theorem A.18 If all the inverses exist, we have
(i) (cA)"L=ctAL.
(i) (AB)"'=B"1A"L
(iif) If A:pxp, B:pxn,C:nxnand D :n X p then
(A+BCD) ' =A"'—-A"'B(C™' + DA™'B)"'DA™".
(iv) If 1+ b6 A~ ta # 0, then we get from (iii)
(Atab)yt=A"1— f:gfjﬁ;.
(v) [A7Y = A7
Theorem A.19 (Inverse of a partitioned matrix) For partitioned regular A
(e h)
where E : (n1 X ny), F i (n1 xn2), G : (na x n1) and H : (na X n2)

G
(n1 +na = n) are such that E and D = H — GE~'F are regular, the
partitioned inverse is given by

S E-Y(I+FD 'GE~Y) —E-'FD™! AL A2
= —DilGEil Dil = A21 A22
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Proof: Check that the product of A and A~! reduces to the identity matrix,
that is,
AAT P =ATTA=T.

A.5 Orthogonal Matrices

Definition A.20 A square matriz A : n X n is said to be orthogonal if AA" =
I = A'A. For orthogonal matrices, we have

(i) A’ = A"
(i) |A| = 1

(i) Let 6;j = 1 for i = j and O for i # j denote the Kronecker symbol.
Then the row vectors a; and the column vectors a; of A satisfy the
conditions

aia; = 5@' 3 a'(i)a(j) = 5@' .

(iv) AB is orthogonal if A and B are orthogonal.

Theorem A.21 For A:nxn and B : nxn symmetric matrices, there exists
an orthogonal matriz H such that H' AH and H'BH become diagonal if
and only if A and B commute, that is,

AB = BA.

A.6 Rank of a Matrix

Definition A.22 The rank of A : m X n is the mazimum number of linearly
independent rows (or columns) of A. We write rank(A) = p.

Theorem A.23 (Rules for ranks)
(i) 0 < rank(A) < min(m,n).
(ii) rank(A) = rank(A’).
(iii) rank(A + B) < rank(A) + rank(B).
(iv) rank(AB) < min{rank(A),rank(B)}.
(v) rank(AA’) = rank(A’A) = rank(A) = rank(A’).
)

(vi) For nonsingular B : m x m and C : n X n, we have rank(BAC) =

rank(A).
(vii) For A :n x n, rank(A4) = n if and only if A is nonsingular.

(viii) If A = diag(a;), then rank(A) equals the number of the a; # 0.



496 Appendix A. Matrix Algebra

A.7 Range and Null Space

Definition A.24

(i) The range R(A) of a matriz A : m X n is the vector space spanned by
the column vectors of A, that is,

R(A) = {z iz=Ax = Za(i)xi, T € R"} CR™,
i=1
where a(yy, ..., a) are the column vectors of A.
(ii) The null space N'(A) is the vector space defined by
N(A)={xeR" and Ax =0} CR"
Theorem A.25

(i) rank(A) = dim R(A), where dimV denotes the number of basis vectors
of a vector space V.

(i) dimR(A) 4+ dimN(4) = n.

(iil) M(A) = {R(A")}+. (V* is the orthogonal complement of a vector
space V defined by V+ ={x:2'y=0 VyecV}.)

(iv) R(AA") =R(A).
(v) R(AB) C R(A) for any A and B.
(vi) For A >0 and any B, R(BAB') = R(BA).

A.8 Eigenvalues and Eigenvectors

Definition A.26 If A :p X p is a square matrix, then
q(A) = [A = |

is a pt" order polynomial in X. The p roots A1, ..., Ap of the characteristic
equation g(A) = |A — M| = 0 are called eigenvalues or characteristic roots

of A.

The eigenvalues possibly may be complex numbers. Since |4 — \;I| = 0,
A — )1 is a singular matrix. Hence, there exists a nonzero vector ; # 0
satisfying (A — \;I)v; = 0, that is,

Avi = Aivie

~; is called the (right) eigenvector of A for the eigenvalue \;. If \; is com-
plex, then +; may have complex components. An eigenvector vy with real
components is called standardized if v/ = 1.
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Theorem A.27

(i)

(iii)

If x and y are nonzero eigenvectors of A for \;, and o and B are any
real numbers, then ax + By also is an eigenvector for \;, that is,

Alax + By) = Ni(ax + By).

Thus the eigenvectors for any \; span a vector space, which is called
the eigenspace of A for \;.

The polynomial q(\) = |A — M| has the normal form in terms of the
10018

q(\) = H(Ai —\).

Hence, q(0) =T7_; \i and

D
Al =TT
i=1

Matching the coefficients of A1 in q(A) = [[5_,(\i — ) and |A—\|

gives

Let C : p x p be a regular matriz. Then A and CAC™! have the
same eigenvalues \;. If v; is an eigenvector for \;, then Cv; is an
eigenvector of CAC™1 for \;.

Proof: As C is nonsingular, it has an inverse C~! with CC~! = I.
We have |C~!| =|C|~! and

A= M| = |C||lA-XC'Cl|lc™
|CAC™! — ).

Thus, A and CAC~! have the same eigenvalues. Let Avy; = \;;, and
multiply from the left by C:

CAC™!Cr; = (CACT)(Ci) = Xi(Ci)-

The matriz A + ol with o a real number has the eigenvalues N =
Ai + «, and the eigenvectors of A and A+ ol coincide.

Let \1 denote any eigenvalue of A : p X p with eigenspace H of
dimension r. If k denotes the multiplicity of A1 in q(\), then

1<r<k.
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Remarks:
(a) For symmetric matrices A, we have r = k.

(b) If A is not symmetric, then it is possible that r < k. Example:

0 1 ,
A(OO),A¢A

’,\ 1

A=t o= |

’=A2=o.

The multiplicity of the eigenvalue A =0 is k = 2.

The eigenvectors for A = 0 arey = ( 1

0 > and generate an eigenspace

of dimension 1.

(¢) If for any particular eigenvalue A, dim(H) = r = 1, then the
standardized eigenvector for A is unique (up to the sign).

Theorem A28 Let A:n xp and B :p X n with n > p be any two matrices.
Then from Theorem A.16 (vii),

-, —-A
B 1,

p

= (=\)""P|BA — AL,| = |AB — AL,|.

Hence the n eigenvalues of AB are equal to the p eigenvalues of BA plus the
eigenvalue 0 with multiplicity n — p. Suppose that x # 0 is an eigenvector
of AB for any particular X # 0. Then y = Bx is an eigenvector of BA for
this A and we have y # 0, too.

Corollary: A matriz A = aa’ with a as a nonnull vector has all eigenvalues
0 except one, with A\ = a’a and the corresponding eigenvector a.

Corollary: The nonzero eigenvalues of AA’ are equal to the mnonzero
eigenvalues of A’ A.

Theorem A.29 If A is symmetric, then all the eigenvalues are real.

A.9 Decomposition of Matrices

Theorem A.30 (Spectral decomposition theorem) Any symmetric matriz A :
(p X p) can be written as

A=TAI" = Z iY@ Vi) »

where A = diag(A1,...,\p) is the diagonal matriz of the eigenvalues of
A, and T' = (va),..-,Y(p)) s the orthogonal matriz of the standardized
eigenvectors ;-
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Theorem A.31 Suppose A is symmetric and A = TAT". Then

(i)
(ii)
(iii)

(vi)
(vii)

(viii)

A and A have the same eigenvalues (with the same multiplicity).
From A =TAT" we get A =T'AT.

If A : pxp is a symmetric matriz, then for any integer n, A™ = DA™T’
and A™ = diag(A\}!). If the eigenvalues of A are positive, then we can
define the rational powers

A" =TA'T with A* = diag()\})
for integers s > 0 and r. Important special cases are (when \; > 0)
AP =TATTY with A™' =diag(\; 1)
the symmetric square root decomposition of A (when \; > 0)
A} =TADY with A* = diag(\?)
and if Ay >0
A2 =TASY with A~% = diag(A?).

For any square matriz A, the rank of A equals the number of nonzero
eigenvalues.

Proof: According to Theorem A.23 (vi) we have rank(A) = rank(T'AT")
= rank(A). But rank(A) equals the number of nonzero \;’s.

A symmetric matriz A is uniquely determined by its distinct eigen-
values and the corresponding eigenspaces. If the distinct eigenvalues
i are ordered as A1 > --- > Xp, then the matriz T' is unique (up to

sign,).
1 . 1 . .
Az and A have the same eigenvectors. Hence, Az is unique.

Let \y > Ay > --- > A, > 0 be the nonzero eitgenvalues and \p+1 =
-~ =Xy =0. Then we have

o 0) (1)
A= (4T =IAT
e (o) (1) =mar

with Ay = diag(A1,--- , Ax) and 'y = (1), -+, Yw)), whereas Ty =
I, holds so that 'y is column-orthogonal.

A symmetric matriz A is of rank 1 if and only if A = aa’ where a # 0.

Proof: If rank(A) = rank(A) = 1, then A = ( (>)\ 8 ), A=y =

aa’ with a = v/ Ay. If A = aad’, then by Theorem A.23 (v) we have
rank(A4) = rank(a) = 1.
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Theorem A.32 (Singular-value decomposition of a rectangular matrix) Let A :
n X p be a rectangular matriz of rank r. Then we have
A=ULV'
n,p n,rr,vrr,p
with U'U =1, V'V = I, and L = diag(ly,--- ,1.), ; > 0.
For a proof, see Rao (1973a, p. 42).

Theorem A.33 If A : p x g has rank(A) = r, then A contains at least
one nonsingular (r,r)-submatriz X, such that A has the so-called normal
presentation

X Y
_ T r,q—T
Az w

p—rr p—Tq-T

All square submatrices of type (r + s,r + s) with (s > 1) are singular.

Proof: As rank(A) = rank(X) holds, the first r rows of (X,Y") are linearly
independent. Then the p—r rows (Z, W) are linear combinations of (X,Y");
that is, there exists a matrix F' such that

(Z,W) = F(X,Y).

Analogously, there exists a matrix H satisfying
Y X
(w)=(2)m
Hence we get W = FY = FXH, and
A X Y _ X XH
T\ Z W o FX FXH
I
= (F )X(I,H)
X I
= < rx >(I,H) < r )(X,XH).

As X is nonsingular, the inverse X ~! exists. Then we obtain FF = ZX 1,
H=X"V,W = ZX~-'Y, and

(51 -

<
<
<

;,1 )X(J,X—ly)

N~ N

) (I, X7'Y)
I

Zx-1 > (XY).
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Theorem A.34 (Full rank factorization)
(i) If A:p x q has rank(A) =r, then A may be written as
A=K L

p,qa PpP,TT,q

with K of full column rank r and L of full row rank r.

Proof: Theorem A.33.
(ii) If A: p x q has rank(A) = p, then A may be written as
A=M(I,H), where M :p X p is reqular.

Proof: Theorem A.34 (i).

A.10 Definite Matrices and Quadratic Forms

Definition A.35 Suppose A : n x n is symmetric and x : n X 1 is any vector.
Then the quadratic form in x is defined as the function

Q(x) =2 Az = Zaijzix]— .
0,J
Clearly, Q(0) = 0.

Definition A.36 The matriz A is called positive definite (p.d.) if Q(x) > 0
for all x #£ 0. We write A > 0.

Note: If A > 0, then (—A) is called negative definite.

Definition A.37 The quadratic form x' Az (and the matriz A, also) is called
positive semidefinite (p.s.d.) if Q(x) > 0 for all x and Q(x) = 0 for at least
one x # 0.

Definition A.38 The quadratic form x' Az (and A) is called nonnegative def-
inite (n.n.d.) if it is either p.d. or p.s.d., that is, if ¥’ Az > 0 for all . If
A is n.n.d., we write A > 0.
Theorem A.39 Let the n x n matrix A > 0. Then

(i) A has all eigenvalues \; > 0.

(ii) '’ Az > 0 for any x # 0.

i)

(iii) A is nonsingular and |A| > 0.
(iv) A=t >0.
(v) tr(4) >
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(vi) Let P : n x m be of rank(P) = m < n. Then P’AP > 0 and in
particular P'P > 0, choosing A = I.

(vii) Let P:nxm be of rank(P) < m <mn. Then P’AP >0 and P'P > 0.

Theorem A.40 Let A : nxn and B : nxn such that A > 0 and B : nxn > 0.
Then

(i) C=A+B>0.
(i) A= (A+B)"t>0.
(iii) |4 <|A+ B|.
Theorem A.41 Let A > 0. Then
(i) A > 0.
(if) tr(4) =
(i) A= A2 Az with A> =TA2T".
(iv) For any matriz C : n x m we have C'AC > 0.
(v) For any matriz C, we have C'C > 0 and CC’ > 0.

Theorem A.42 For any matric A > 0, we have 0 < \; < 1 if and only if
(I-A4)=0

Proof: Write the symmetric matrix A in its spectral form as A = T'AT”.
Then we have

(I-A)=TI-MNI">0
if and only if
I'T(I - AT'T=1-A>0.

(a) If I — A > 0, then for the eigenvalues of I — A we have 1 — \; > 0
(e, 0< N\ < 1).

(b) If 0 < A; < 1, then for any x # 0,
2 (I—MNz =) af(l-X\)>
that is, I — A > 0.

Theorem A.43 (Theobald, 1974) Let D : n x n be symmetric. Then D > 0
if and only if tr{CD} >0 for all C > 0.

Proof: D is symmetric, so that
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and hence
tr{CD} = tr{ Z XiCvivi}
= Z XiviCri -
(a) Let D > 0, and, hence, A; > 0 for all . Then tr(CD) > 01if C > 0.

(b) Let tr{CD} > 0 for all C > 0. Choose C = v,/ (i=1,...,n,ifixed)
so that

0 < tr{CD} tr{%%‘(z i)}

J
= N (i=1,---,n)

and D =TATY > 0.

Theorem A.44 Let A :n x n be symmetric with eigenvalues Ay > -+ > \,.
Then

' Ax ' Ax

sup A1, inf = A,

z T'x - z 'z
Proof: See Rao (1973a, p. 62).

Theorem A.45 Let A : n x r = (A1, As), with Ay of order n X ri, As of
order n X r9, and rank(A) = r = ry 4+ ro. Define the orthogonal projectors
M, = Al(A’lAl)_lA’1 and M = A(A’A)_lA’. Then

M = My + (I — My)As(Ay(I — My)Ag)~ AY(1 — My).

Proof: My and M are symmetric idempotent matrices fulfilling the condi-
tions M1 A; =0 and M A = 0. Using Theorem A.19 for partial inversion of
A’ A, that is,

ALA A A\ !
/ -1 __ 14311 14312
(A4 = < Ay AbA, )

and using the special form of the matrix D defined in A.19, that is,
D = AY(I — M;)As,
straightforward calculation concludes the proof.

Theorem A.46 Let A : n x m with rank(A) = m < n and B : m x m be any
symmetric matriz. Then

ABA' >0 if and only if B > 0.
Proof:
(a) B>0= ABA' >0 for all A.
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(b) Let rank(A) = m < n and assume ABA’ > 0, so that ’ABA'z > 0
for all z € R™.
We have to prove that y' By > 0 for all y € R™. As rank(A4) = m, the
inverse (A’A)~1 exists. Setting 2 = A(A’A)~ 1y, we have A’z = y and
y' By =2’ ABA’2 > 0 so that B > 0.

Definition A.47 Let A:nxn and B : nxn be any matrices. Then the roots
Xi = AB(A) of the equation

|A—AB| =0

are called the eigenvalues of A in the metric of B. For B = I we obtain the
usual eigenvalues defined in Definition A.26 (cf. Dhrymes (1974, p. 581).

Theorem A.48 Let B >0 and A > 0. Then AB(A) > 0.

Proof: B > 0 is equivalent to B =B > B2 with B2 nonsingular and unique
(A.31 (iii)). Then we may write

0=|A—AB|=|B2>|B"2AB™2 — )|
and AP(A4) = X[(B=2AB~2) >0, as B"2AB~2 > 0.

Theorem A.49 (Simultaneous diagonalization) Let B > 0 and A > 0, and
denote by A = diag ()\? (A)) the diagonal matriz of the eigenvalues of A in
the metric of B. Then there exists a nonsingular matrizc W such that

B=W'W and A=W'AW.

Proof: From the proof of Theorem A.48 we know that the roots AP (A) are
the usual eigenvalues of the matrix B~ 2 AB~2. Let X be the matrix of the
corresponding eigenvectors:

B :AB X = XA,
that is,
A=B2XAX'B> = W AW
with W’ = B2 X regular and
B=W'W =B2XX'B> = B2B> .
Theorem A.50 Let A >0 (or A>0) and B > 0. Then
B—A>0 ifandonlyif M(A)<1.

Proof: Using Theorem A.49, we may write
B-A=W'(I-MNW,
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namely,
¥ (B — A)x dW(I - AWz
= y(I-Ay
= Y-
with y = Wz, W regular, and hence y # 0 for « # 0. Then /(B — A)xz > 0
holds if and only if

MB(A) < 1.

Theorem A.51 Let A >0 (or A>0) and B > 0. Then
B-—A>0

if and only if
M) <.

Proof: Similar to Theorem A.50.
Theorem A.52 Let A >0 and B > 0. Then

B—A>0 ifandonlyif A~'—B™'>0.
Proof: From Theorem A.49 we have

B=W'W, A=W'AW.

Since W is regular, we have

Bl=wTlw T AT =w AW
that is,

A Bl =W AT - D)W T >0,

as AB(A) < 1 and, hence, A=t — T > 0.

Theorem A.53 Let B— A > 0. Then |B| > |A| and tr(B) > tr(A).
If B— A >0, then |B| > |A| and tr(B) > tr(A).

Proof: From Theorems A.49 and A.16 (iii), (v), we get
B = [W'W|= W],
A = (WAW[=|WPA = W2 T AP (A),
that is,
4] = |BI ][ A (A4).

For B — A > 0, we have \2(A4) < 1 (i.e., |A| < |B|). For B— A > 0, we
have A\B(A) <1 (ie., |A| < |B|). B— A > 0 implies tr(B — A) > 0, and
tr(B) > tr(A). Analogously, B — A > 0 implies tr(B) > tr(A).



506 Appendix A. Matrix Algebra

Theorem A.54 (Cauchy-Schwarz inequality) Let z,y be real vectors of the
same dimension. Then

(a'y)? < (") (y'y),
with equality if and only if x and y are linearly dependent.

Theorem A.55 Let x,y be real vectors and A > 0. Then we have the follow-
ing results:

(i) (2’Ay)* < (2 Az)(y' Ay).
(i) (2'y)* < (a'Az)(y' A" 1y).
Proof:

(a) A > 0 is equivalent to A = BB with B = A2 (Theorem A.41 (iii)).
Let Bx = & and By = ¢. Then (i) is a consequence of Theorem A.54.

(b) A >0 is equivalent to A = A2 A2 and A~} = A= 2 A~ 2. Let A2z =7
and A=2y = §j; then (ii) is a consequence of Theorem A.54.

Theorem A.56 Let A >0 and T be any square matriz. Then
I/ 2 —
(i) sup,z0 G4, =y'A7ly.
(ii) sup, o %Z}f =y TA™IT'y.

Proof: Use Theorem A.55 (ii).

Theorem A.57 Let I : n xn be the identity matriz and let a be an n-vector.
Then

I—ad >0 ifandonlyif aa<1.

Proof: The matrix aa’ is of rank 1 and aa’ > 0. The spectral decomposition
is aa’ = CAC’ with A = diag(X,0,---,0) and A = a’a. Hence, I — aad’ =
C(I—A)C’" > 0if and only if A = a’a <1 (see Theorem A.42).

Theorem A.58 Assume MM' — NN’ > 0. Then there exists a matrizc H
such that N = M H.

Proof (Milliken and Akdeniz, 1977) : Let M (n,r) of rank(M) = s, and
let « be any vector € R(I — MM ™), implying «’M = 0 and 2’ MM’z = 0.
As NN" and MM’ — NN’ (by assumption) are n.n.d., we may conclude
that 2’ NN’z > 0 and

' (MM'— NN')z = -2/ NN'z > 0,

so that 2’ NN’z = 0 and ©’N = 0. Hence, N C R(M) or, equivalently,
N = MH for some matrix H (r, k).
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Theorem A.59 Let A be an n X n-matriz and assume (—A) > 0. Let a be
an n-vector. In case n > 2, the matriz A + aa’ is never n.n.d.

Proof (Guilkey and Price, 1981) : The matrix aa’ is of rank < 1. In case
n > 2, there exists a nonzero vector w such that w'aa’w = 0, implying
w' (A + aa’)w = w' Aw < 0.

A.11 Idempotent Matrices

Definition A.60 A square matrixz A is called idempotent if it satisfies
A2 =AA=A.

An idempotent matriz A is called an orthogonal projector if A = A'.
Otherwise, A is called an oblique projector.

Theorem A.61 Let A : n xn be idempotent with rank(A) = r < n. Then we
have:

(i) The eigenvalues of A are 1 or 0.

) tr(A) = rank(4) = r.

(iii) If A is of full rank n, then A = I,,.
)

If A and B are idempotent and if AB = BA, then AB is also
idempotent.

(v) If A is idempotent and P is orthogonal, then PAP' is also idempotent.
(vi) If A is idempotent, then I — A is idempotent and
AI-A)=(I—-A)A=0.
Proof:
(a) The characteristic equation
Ax = Az
multiplied by A gives
AAx = Az = \Ax = \?z.
Multiplication of both equations by z’ then yields
¢ Ar = X'z = 22z,
that is,

A1) =0.
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(b) From the spectral decomposition
A=TAT",
we obtain
rank(A) = rank(A) = tr(A) = r,

where r is the number of characteristic roots with value 1.

(c¢) Let rank(A) = rank(A) = n, then A = I, and
A=TAI'=1,.

(a)—(c) follow from the definition of an idempotent matrix.

A.12 Generalized Inverse

Definition A.62 Let A be an m X n-matriz. Then a matric A~ :n X m is
said to be a generalized inverse of A if

AATA=A
holds (see Rao (1973a, p. 24).

Theorem A.63 A generalized inverse always exists although it is not unique
m general.

Proof: Assume rank(A) = r. According to the singular-value decomposi-
tion (Theorem A.32), we have

A=U LV’

with U'U = I, and V'V = I,. and
L =diag(ly, -+ 1), ;i >0.
Then

- L=t X y
A V< v Z>U

(X, Y and Z are arbitrary matrices of suitable dimensions) is a g-inverse
of A. Using Theorem A.33, namely,

(5 0)

with X nonsingular, we have

__(xto
(N h)

as a special g-inverse.
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Definition A.64 (Moore-Penrose inverse) A matriz AT satisfying the follow-
ing conditions is called the Moore-Penrose inverse of A:

(i) AA* A=A,

(i) ATAAT = AT
(i) (A*AY = A4,
(iv) (AAT) = AAT.

AT is unique.

Theorem A.65 For any matriz A : m X n and any g-inverse A~ : m X n,
we have

(i) A=A and AA~ are idempotent.

(ii) rank(A) = rank(AA™) = rank(A™A).

(iii) rank(A) < rank(A™).
Proof:
(a) Using the definition of g-inverse,

(ATA)(ATA) = A" (AA7A) = A" A.
(b) According to Theorem A.23 (iv), we get
rank(A) = rank(AA~ A) <rank(A~A) < rank(A),

that is, rank(A~A) = rank(A). Analogously, we see that rank(A4) =
rank(AA7).

(c¢) rank(A) = rank(AA~ A) < rank(AA~) < rank(A™).
Theorem A.66 Let A be an m x n-matriz. Then
(i) A regular = AT = A71,
(i) (A%)* = A.
(i) (A%) = (4)".
(iv) rank(A) = rank(A*) = rank(AT A) = rank(AAT).

)
)
)
(v) A an orthogonal projector = At = A.
(vi) rank(A) :m xn=m = At = A/(AA’)"! and AAT = I,,,.
(vii) ran ( yimxn=n= AT = (A'A)7LA" and ATA=1,.
) If

If P: mxm and Q : n X n are orthogonal =  (PAQ)" =
0 1A+P—1.

(ix) (AA)T = AH(A)* and (AA)T = (AT A+,

(viii
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(x) AT = (A'A)TA = A/(AA)T.
For further details see Rao and Mitra (1971).

Theorem A.67 (Baksalary, Kala and Klaczynski (1983)) Let M : nxn > 0
and N : m x n be any matrices. Then

M~ N'(NM*TN")"N >0
if and only if
R(N'NM) C R(M).

Theorem A.68 Let A be any square n X n-matriz and a be an n-vector with
a & R(A). Then a g-inverse of A+ aa’ is given by

_ _ ATadU'U
(Atad)™ = A7 a'U'Ua
_ VV'ad A™ + o VV'ad'U'U
a'VV'a (@'U'Ua)(a'VV'a)’

with A~ any g-inverse of A and
p=1+dA7a, U=I-AA", V=I-AA
Proof: Straightforward by checking AA~A = A.

Theorem A.69 Let A be a square n X n-matriz. Then we have the following
results:

(i) Assume a,b are vectors with a,b € R(A), and let A be symmetric.
Then the bilinear form a’ A~b is invariant to the choice of A~.

(ii) A(A’A)~ A’ is invariant to the choice of (A’A)~.

Proof:
(a) a,b € R(A) = a = Ac and b = Ad. Using the symmetry of A gives
dA b = JAATAd
= [ Ad.
aj
(b) Using the rowwise representation of A as A = gives
a/

AN A) ™A = (d)(AA)"a;).

Since A’A is symmetric, we may conclude then (i) that all bilinear
forms a}(A’A)a; are invariant to the choice of (A’A)~, and hence (ii)
is proved.
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Theorem A.70 Let A : n X n be symmetric, a € R(A), b € R(A), and
assume 1 + b A%ta # 0. Then

ATab' AT
1+ A+a
Proof: Straightforward, using Theorems A.68 and A.69.

(A+ab)t = AT —

Theorem A.71 Let A:n xn be symmetric, a be an n-vector, and o > 0 be
any scalar. Then the following statements are equivalent:

(i) @A —aa’ > 0.
(i) A>0,a € R(A), and A~ a < «, with A~ being any g-inverse of A.
Proof:

(i) = () ad—ad >0 = aA=(a¢A—ad')+ad’ >0 = A>0. Using
Theorem A.31 for aA —aa’ > 0, we have «A — aa’ = BB, and, hence,

aA = BB +ad’ = (B,a)(B,a)’.

= R(aA) = R(A) = R(B,a)
= a € R(A)

= a=Ac with ceR"
= a'A"a = c Ac.

AsaA—ad >0 =
(@A —aad )z >0
for any vector x, choosing x = ¢, we have
adAc —dad'c = ad Ac— (' Ac)* >0,
= dAc<a.
(ii) = (i): Let € R™ be any vector. Then, using Theorem A.54,
v'(aA —ad )z = a2’ Az — (2'a)?
= a2’ Az — (2'Ac)?

> oz’ Az — (' Az)(c' Ac)

= 1'(ad —ad)zr > (2’ Az)(a — ' Ac).

In (ii) we have assumed A > 0 and Ac = a’A~a < «. Hence,
aA —aa’ > 0.

Note: This theorem is due to Baksalary and Kala (1983). The version given
here and the proof are formulated by G. Trenkler.
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Theorem A.72 For any matrix A we have

AA=0 ifandonlyif A=0.
Proof:
(a) A=0=A'A=0.

(b) Let A’A = 0, and let A = (a@), - ,a(,)) be the columnwise
presentation. Then

AA= (a’(i)a(j)) = 0,

so that all the elements on the diagonal are zero: azi)a(i) =0=a@ =0
and A =0.

Theorem A.73 Let X # 0 be an m X n-matriz and A an n X n-matriz. Then
X'XAX'X =X'X = XAX'X=X and X'XAX'=X'.

Proof: As X #0 and X'X # 0, we have

X'XAX'X - X'X = (X'XA-DX'X = 0
= (X'XA-I) = 0
=0 = (X'XA-ID(X'XAX'X — X'X)

(X'XAX' — X')(XAX'X — X) =YY,
so that (by Theorem A.72) Y = 0, and, hence XAX'X = X.

Corollary: Let X # 0 be an m X n-matriz and A and b n X n-matrices.
Then

AX'X=BX'X & AX =BX'.
Theorem A.74 (Albert's theorem)

Let A= < ii i;z ) be symmetric. Then

(i) A >0 if and only if

(a) A2 >0,
(b) A21 = A22A2_2A217
(C) A11 Z A12A;2A217

((b) and (c) are invariant of the choice of As,).
(ii) A > 0 if and only if

(a) A22 > O,
(b) A11 > A12A§21A21.
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Proof: Bekker and Neudecker (1989) :

(i) Assume A > 0.

(a) A>0 = 2’Ax >0 for any z. Choosing 2’ = (0, z})
= ¢/ Az = ah, Asaxe > 0 for any xzo = Ags > 0.
(b) Let B’ = (O,I — A22A52) =

B’A = ((I — AQQAQQ)A21, AQQ — AQQA;QAQQ)
= ((I - A245)A42,,0)

and B'AB = B'A2A:B = 0. Hence, by Theorem A.72 we get
B'Ax = 0.

= B'A*A* = B'A =

= (I — AQQAQ_Q)AQI =

This proves (b).
(¢) Let C" = (I, — (A A21)"). A>0=

0< CIAC = A11 — Alg(A52)1A21 — AlgA;QAgl
+ A12(Ag) Asz Az Aoy
= A — A1pAL A0

(Since Agz is symmetric, we have (A5,) = Agg.)
Now assume (a), (b), and (c). Then

A — A1pA, A 0
f— >
D ( : a, )20

as the submatrices are n.n.d. by (a) and (b). Hence,

I Ax(A3) 1 0
= > 0.
4 ( 0 I D A2_2A21 I =0

(ii) Proof as in (i) if A, is replaced by Ay, .
Theorem A.75 If A:n xn and B : n x n are symmetric, then
(i) 0< B < A if and only if

(a) A>0,
(b) B=AA"B,
(c) B> BA™B.

(ii) 0< B< Aifand only if 0 < A=t < B~L.

Proof: Apply Theorem A.74 to the matrix < g ﬁ >



514 Appendix A. Matrix Algebra

Theorem A.76 Let A be symmetric and ¢ € R(A). Then the following
statements are equivalent:

(i) rank(A + ¢c’) = rank(A).
(i) R(A+cd) =R(A).
(if}) 1+ c’A=c £ 0.
Corollary 1: Assume (i) or (ii) or (iii) holds; then
e
for any choice of A~ .

Corollary 2: Assume (i) or (i) or (iii) holds; then

! A~ 2
dA+cd)c = A c— 1<C+ c’/(lj)*c
B 1+cdAc’

Moreover, as ¢ € R(A+cc), the results are invariant for any special choices
of the g-inverses involved.

Proof: c€ R(A) & AA c=c=
R(A+cd) =R(AA (A +cd)) C R(A).

Hence, (i) and (ii) become equivalent. Proof of (iii): Consider the following
product of matrices:

1 0 1 —c 1 0\ [ 1+dA ¢ —c
c A+cd 0 I —A=c¢ I ) 0 A )
The left-hand side has the rank

1+ rank(A + cc’) = 1 + rank(A)

(see (i) or (ii)). The right-hand side has the rank 1 + rank(A) if and only
if1+dA c#0.

Theorem A.77 Let A : n x n be a symmetric and nonsingular matriz and

¢ € R(A). Then we have
(i) ce R(A+cd).

(i) R(4) € R(A+cc)).
(iii) (A+ed)c=1.
(iv) A(A4cd)"A=A.
(v) A(A+cd)"ec=0.
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Proof: As A is assumed to be nonsingular, the equation Al = 0 has a
nontrivial solution  # 0, which may be standardized as (c'l) 7!l such that
'l = 1. Then we have ¢ = (A +¢c')l € R(A + ¢c’), and hence (i) is proved.
Relation (ii) holds as ¢ ¢ R(A). Relation (i) is seen to be equivalent to

(A+ced)(A+ced) c=c.
Then (iii) follows:
d(A+ced) ¢

U'(A+ced)(A+ed) ¢
= lc=1,
which proves (iii). From
c = (A+cd)(A+cd) ¢
A(A+cd) e+ed(A+ced) ¢
A(A+cd) c+ec,

we have (v).

(iv) is a consequence of the general definition of a g-inverse and of (iii)
and (iv):

A+ced = (A+cd)(A+cd) (A+cd)
= A(A+cd)"A
+cd(A+cd) e [= e using (iii)]

+ A(A+cd)"ed [=0 using (v)]
+cd(A+ced)”A  [=0 using (v)].
Theorem A.78 We have A > 0 if and only if
(i) A+cd >0.
(i) (A+cd)(A+cd) c=c.
(ili) (A4cc)"c <1
Assume A > 0; then
(a) c=0ed(A+cd) c=0.
(b) ceR(A) & d(A+ced) e< 1.
(c) cdR(A) & (A+ced) c=1.
Proof: A > 0 is equivalent to
0<ecd <A+ccd.

Straightforward application of Theorem A.75 gives (i)—(iii).
Proof of (a): A> 0= A+ ¢ > 0. Assume

d(A+cd)"e=0,
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and replace ¢ by (ii) =
d(A+cd) (A+ced)(A+ced) e=0=
(A+ced)(A+ced) c=0

as (A+cc’) > 0. Assuming ¢ =0 = /(A 4 ¢c’)ec = 0.

Proof of (b): Assume A > 0 and ¢ € R(A), and use Theorem A.76
(Corollary 2) =
_ 1
d(A4+ced) c=1- L4 ddre < 1.

The opposite direction of (b) is a consequence of (c).
Proof of (c): Assume A > 0 and ¢ ¢ R(A), and use Theorem A.77 (iii) =

d(A+cd)c=1.
The opposite direction of (c) is a consequence of (b).

Note: The proofs of Theorems A.74-A.78 are given in Bekker and
Neudecker (1989).

Theorem A.79 The linear equation Ax = a has a solution if and only if
a € R(A) or AATa=a

for any g-inverse A.
If this condition holds, then all solutions are given by

r=ATa+ (I —-A"Aw,
where w 1s an arbitrary m-vector. Further, q'x has a unique value for all

solutions of Ax = a if and only if ¢ A—A=¢', or g€ R(A’).
For a proof, see Rao (1973a, p. 25).

A.13 Projectors

Consider the range space R(A) of the matrix A : m x n with rank r. Then
there exists R(A)*, which is the orthogonal complement of R(A) with
dimension m — r. Any vector z € R™ has the unique decomposition

= +13, x1 €R(A), and z3 € R(A)*,

of which the component x4 is called the orthogonal projection of x on R(A).
The component z; can be computed as Px, where

P=AAA)A,

which is called the projection operator on R(A). Note that P is unique for
any choice of the g-inverse (A’A)~.
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Theorem A.80 For any P : n x n, the following statements are equivalent:
(i) P is an orthogonal projection operator.
(ii) P is symmetric and idempotent.

For proofs and other details, the reader is referred to Rao (1973a) and
Rao and Mitra (1971).

Theorem A.81 Let X be a matriz of order T x K with rank r < K, and
U: (K —r)x K be such that R(X") N R(U’) = {0}. Then

(i) X(X'X +U'U)"U" = 0.

(i) X'X(X'X +U'U)'X'X = X'X; that is, (X'X +U'U)"t is a g-
inverse of X'X.

(ili) U'U(X'X + U'U)"'U'U = U'U; that is, (X'X + U'U)~! is also a
g-inverse of U'U.

(iv) UX'X +U'U)"U'u = u if u € R(U).
Proof: Since X’'X + U'U is of full rank, there exists a matrix A such that
(X'X+UU)A=U'
= X'XA=U-UUA = XA=0and U =U'UA

since R(X”’) and R(U’) are disjoint.
Proof of (i):

XX'X+U U)W =XX'X+UU) " (X'X+UU)A=XA=0.
Proof of (ii):
X'X(X'X+UU)" " (X'X+U'U-UU)
= X'X-X'XX'X4+UU)'U'U=XX.

Result (iii) follows on the same lines as result (ii).
Proof of (iv):

UX'X+UU) ' Uu=UX'X+UU)'U'Ua=Ua=u
since u € R(U).

A.14 Functions of Normally Distributed Variables

Let ' = (x1,--- ,2p) be a p-dimensional random vector. Then z is said
to have a p-dimensional normal distribution with expectation vector x4 and
covariance matrix 3 > 0 if the joint density is

N RICE)S

f(l"»ﬂa E) = {(27T)p|2|}7é exp {2
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In such a case we write x ~ Np(p, ).

Theorem A.82 Assume © ~ Np(u,X), and A : pxp and b : p x 1
nonstochastic. Then

y=Az+b~ Ny(Ap+b,ASA")  withq = rank(A).
Theorem A.83 If x ~ N,(0,I), then
'z~
(central x2-distribution with p degrees of freedom,).
Theorem A.84 If x ~ N,(u,I), then
TN

has a noncentral x?-distribution with noncentrality parameter

P
A=plp=> .
i=1

Theorem A.85 If x ~ N,(u,X), then

(i) 2’7 e ~ xp (W2 ).

(i) (2= @S e — p) ~ 2
Proof: ¥ >0 = X = Y2Y2 with ¥2 regular and symmetric. Hence,
STix=y~ Ny (S p, 1) =

Y e =yly ~ (WS )
and
(@—p)S ™ @—p) =y —S"2w) (y =S 2p) ~ X

Theorem A.86 If Q1 ~ x2,(\) and Q2 ~ X2, and Q1 and Q2 are

independent, then
(i) The ratio

_ Q1/m
Q2/7l

has a noncentral F,, ,,(X)-distribution.

(ii) If A= 0, then F ~ Fy, , (the central F-distribution).

F

(iii) If m = 1, then F has a noncentral t,,(v/\)-distribution or a central
tn-distribution if A = 0.

Theorem A.87 If x ~ Ny(u,I) and A : p x p is a symmetric, idempotent
matriz with rank(A) = r, then

@l Ax ~ X3 (' Ap).
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Proof: We have A = PAP’ (Theorem A.30) and without loss of generality
(Theorem A.61 (i)) we may write A = ( L0 ), that is, P’AP = A with

0 0
P orthogonal. Let P=(P; P, ) and
P p,(p—r)

;o o Y1 o Pl’a:
peev=()- ()

y ~ Np(P'pu,I,) (Theorem A.82)
1~ NT(Pll,u‘v IT)
and yjy1  ~ X2/ PyP{p) (Theorem A.84).

Therefore

As P is orthogonal, we have

A = (PP)A(PP)=P(P'AP)P'

I, 0 P/
< ( 4) () -nn

v’ Ax = o' PLP]x = yiy1 ~ X2 (1 Ap).

and therefore

Theorem A.88 Let x ~ Np(u,I), A : p x p be idempotent of rank r, and
B : n x p be any matriz. Then the linear form Bx is independent of the
quadratic form x' Az if and only if BA = 0.

Proof: Let P be the matrix as in Theorem A.87. Then BPP'AP = BAP =
0, as BA =0 was assumed. Let BP = D = (D1, D) = (BPy, BP,), then
BPP'AP = (D1, Ds) ( {)T 8 ) = (D1,0) = (0,0),

so that D; = 0. This gives
Bz = BPP'z = Dy = (0, D) ( z; ) = Doys,

where y; = Pjx. Since P is orthogonal and hence regular, we may conclude
that all the components of y = P’z are independent = Bx = Dsys and
2’ Az = yjy1 are independent.

Theorem A.89 Let x ~ Np(0,1I) and A and B be idempotent p x p-matrices
with rank(A) = r and rank(B) = s. Then the quadratic forms x’ Az and
' Bx are independently distributed if and only if BA = 0.

Proof: If we use P from Theorem A.87 and set C = P’ BP (C symmetric),
we get with the assumption BA = 0,
CP'AP = P'BPP'AP
= P'BAP=0.
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Using
P
c = ()@
- ¢ Cy\ ( PBP| P BP,
- c, C3 )\ PRBP| PBP), )’
this relation may be written as
/ _ Cl 02 Ir 0 _ 01 0 _
CPAP_(CQ e )loo)=\e o)="
Therefore, C7 =0 and Cs = 0,

Bz = a(PP)B(PP)x
' P(P'"BP)P'x
= 2'PCP'x

_ ro 0 0 1 o
= (Y1, v2) < 0 Cs ) ( " ) = y5C3Yy2 .

As shown in Theorem A.87, we have 2’ Az = y{y1, and therefore the quad-
ratic forms 2’ Az and 2’ Bx are independent.

A.15 Differentiation of Scalar Functions
of Matrices

Definition A.90 If f(X) is a real function of an m x n-matrizc X = (),
then the partial differential of f with respect to X is defined as the m X
n-matriz of partial differentials Of /Ox;;:

of ... of
af(X) B 555:11 al;ln
X of . of
aIml axrnn

Theorem A.91 Let x be an n-vector and A be a symmetric n X n-matriz.
Then

0
3Ix'A33 = 2Ax.



A.15 Differentiation of Scalar Functions of Matrices 521

Proof:
n
2 Axr = E ArsTrTs
r,s=1
n n
af IA _
rAxr = QisTs + AriTr + 20575
aIZ s=1 r=1
(s#1) (r#i)

n
= 22 QA;sTg (as Q5 = ajz-)
s=1

= 2aix (al: i row vector of A).

According to Definition A.90, we get

3] a
Ox1 1
0r'A
m@ T : (2’ Az) =2 : = 2Ax.
x : :
o /
oz, y

Theorem A.92 If x is an n-vector, y is an m-vector, and C an n X m-matriz,
then

0 / . /
acx Cy=uxy.
Proof:

m n
x’Cy = Z Z LsCsrYr,

r=1s=1
9 2’Cy = xpys (the (k,\)™" element of zy’),
Ocga
aCI/Cy = (zyn) =2y’

Theorem A.93 Let x be a K-vector, A a symmetric T x T-matriz, and C a

T x K-matriz. Then
/ i
8;5 2'C'"ACx = 2ACzx’ .

Proof: We have

K K
! !
¢ = E 371'011'7"'72 xicri |
i1 i=1

0

5 = (0,---,0,2x,0,---,0) (xy is an element of the k** column).
Chk

Using the product rule yields

0]
8Ck,\

0

= .
o:C’AC’:E<aCk>\

:E'C”) ACz +2'C'A < ? C’a:) )
8cm
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Since

T

T K K
/ !
rC'A= E E TiCily1, - E E Ticars |

t=1 i=1 t=1 i=1

we get

0
/ IA — . .
zC (8010‘ C’x) tgi T; TN\ Cti Aot

E TiTACLiOtk (as A is symmetric)
tyi

= ( g :L‘/C/> ACxz.
Ock

But ), , zizacriaw, is just the (, A)*" element of the matrix ACza’.

Theorem A.94 Assume A = A(x) to be an n X n-matriz, where its elements
a;j(z) are real functions of a scalar x. Let B be an n x n-matriz, such that
its elements are independent of x. Then

7 wia) - 215).

ox i

Proof:

n n
E E aizbji,
i=1 j=1

0 Oa;j
8$Ctr(AB) = ;; aaijji

0A
= tr( o B) ,

Theorem A.95 For the differentials of the trace we have the following rules:

tr(AB)

where 0A/0x = (dai; /Ox).

Yy dy/0X
(AX) A
i) t(X'AX)  (A+A)X
i) tr(XAX) X'A+ A'X'
V) tr(XAX')  X(A+ A
v)  tr(X’AX')  AX'+X'A
vi) tr(X’AXB) AXB+ A'XB'
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Differentiation of Inverse Matrices

Theorem A.96 Let T = T(x) be a regular matriz, such that its elements
depend on a scalar x. Then

oT—! oT
=-T7' "1
ox Ox
Proof: We have T~1T =1, 8I/0x = 0, and
or—T) or-! 0T
oz Ox + ox 0
Theorem A.97 For nonsingular X, we have
dtr(AX ) —1 4y —1y
= —(XTTAX
8X ( ) )
Otr(X'AX'B
i ox ) (X AXT'BX 4 XX AXCYY.

Proof: Use Theorems A95 and A96 and the product rule.

Differentiation of a Determinant

Theorem A.98 For a nonsingular matriz Z, we have
(i) oxl2l=21(2")".
(i) 2 loglZ] = (2/)".

A.16 Miscellaneous Results, Stochastic
Convergence

Theorem A.99 (Kronecker product) Let A:m xn = (a;;) and B : p x ¢ =
(brs) be any matrices. Then the Kronecker product of A and B is defined
as

allB algB e alnB

am.lB am'QB oo amnB
and the following rules hold:
(i) (A® B)=(cA)®@ B=A® (cB) (c a scalar),
(i) A® (B®C)=(A®B)®C,
(iii) A® (B4+C)=(A®B)+ (4 (),
(iv) (A B) = A" @ B
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Theorem A.100 (Chebyschev's inequality) For any n-dimensional random
vector X and a given scalar € > 0, we have
E|X[
px|= g < "

Proof: Let F(z) be the joint distribution function of X = (x1,...,zp).
Then

Elz]* = /\x\ZdF(x)

= [ ePar@)+ [ PR
{z:|z|>€} {z:|z|<e}
> 62/ dF(z) = P{la] = }
{z:|z|>€}
Definition A.101 Let {z(t)}, t = 1,2,... be a multivariate stochastic
process.
(i) Weak convergence: If
tlim P{lz(t) — % > 6} =0,
where § > 0 is any given scalar and I is a finite vector, then T is
called the probability limit of {x(t)}, and we write
plim x = 2.

(ii) Strong convergence: Assume that {x(t)} is defined on a probability
space (2,2, P). Then {xz(t)} is said to be strongly convergent to Z,
that is,

{z(t)} — & almost surely (a.s.)

if there exists a set T € ¥, P(T) =0, and z,(t) — Z,, as T — oo,
for each w e Q —T

Theorem A.102 (Slutsky's theorem) Using Definition A.101, we have
(i) if plim = = Z, then lim;_ o E{z(t)} = E(z) = 7,
(ii) if ¢ is a vector of constants, then plim ¢ = ¢,

(iii) (Slutsky’s theorem) if plim x = & and y = f(x) is any continuous
vector function of x, then plim y = f(Z),

(iv) if A and B are random matrices, then the following limits exist:
plim (AB) = (plim A)(plim B)
and

plim (A™1) = (plim A)~!,
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(v) if plim [VT(x(t) — Ex(t))}' [\/T(;z:(t) - Ex(t))} = V, then the
asymptotic covariance matriz is
V(z,2) =E [z — E(I)}/ [t —E(z)] =T7'V.
Definition A.103 If {z(¢t)},t = 1,2,... is a multivariate stochastic process
satisfying
Jim B la(t) — =0,
then {x(t)} is called convergent in the quadratic mean, and we write
Lim.x=2.

Theorem A.104 If Lim.x = z, then plim x = .

Proof: Using Theorem A.100 we get

E|z(t) — 72

, | =0.

0< tlim P(lz(t) — | > €) < lim

t—o0o €

Theorem A.105 If Lim. (z(¢t) — Ex(t)) = 0 and lim;_.oc Ex(t) = ¢, then
plim z(t) = c.

Proof:
Jim P(|lz(t) —c| > ¢)

< 2 hm E|z(t) — ¢

- Z%E!m) #(t) + Ba(t) — cf”

_ chmE|$(t) (t)| +e2 hm |Ex —c|2
+2¢72 lim {(Ea(t) - ¢)'(x ()fEr( )}

= 0.
Theorem A.106 lim.z = ¢ if and only if
Lim. (z(t) — Ex(t)) = 0 and tlim Ez(t)=c.
Proof: As in Theorem A.105, we may write
lim Bla(t) = = lim Blo(t) - Ba(t)]” + lim [Ba(t) - |’
. / J—
+ 2tlirgoE (Ex(t) — ) (z(t) —Ex(t)) =0.

Theorem A.107 Let z(t) be an estimator of a parameter vector 0. Then we
have the result

lim Ez(t) =6 4f lim.(z(t)—0)=0.

t—o00

That is, x(t) is an asymptotically unbiased estimator for 0 if x(t) converges
to 0 in the quadratic mean.
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Proof: Use Theorem A.106.

Theorem A.108 Let V : p x p and n.n.d. and X : p x m matrices. Then one

choice of the g-inverse of
vV X
X 0

c G
ch —Cy

18

where, with T =V + X X',

¢, = T-T X(X'T X)X'T~
C, = (X'T~X)"X'T~
—Cy (X'T~X)"(X'T~X —1I)

For details, see Rao (1989).
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TABLE B.1. Quantiles of the y?-distribution

Level of significance «
df 0.99 0975 095 0.05 0.025 0.01

1 0.0001 0.001 0.004 3.84 5.02 6.62
2 0.020 0.061 0.103 599 738 9.21
3 0115 0.216 0.352 7.81 9.35 11.3
4 0.297 0484 0.711 949 11.1 13.3
5 0.554 0.831 1.15  11.1 12.8  15.1

6 0872 124 164 126 14.4  16.8
7 1.24  1.69 217 14.1 16.0  18.5
8 1.65 218 273 155 175 20.1
9 209 270 333 169 19.0 21.7
0 256 325 394 183 205 232

11 3.06 382 457 197 219 247
12 3.57 440 523 21.0 233 26.2
13 4.11  5.01 589 224 247 277
14 4.66 563 6.57 23.7 26.1 29.1
15 5.23 626 7.26 25.0 275 306

16 581 691 796 263 288 32.0
17 6.41 756 867 276 302 334
18 7.01 823 939 289 315 348
19 763 891 101 30.1 329 36.2
20 826 959 109 314 342 376

25 11,5 13.1 14.6 377 406 443
30 15.0  16.8 185 438 470 509
40 222 244 265 558 59.3  63.7
50 29.7 324 348 675 Tl14  76.2

60 375 405 432 791 833 884
70 454  48.8 51.7 905 95.0 1004
80 53.5 H7.2 604 101.9 106.6 112.3
90 61.8 65.6 69.1 113.1 118.1 124.1
100 70.1 742 779 1243 129.6 135.8
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TABLE B.2. Quantiles of the Fyy, qr,-distribution with dfi and df: degrees of
freedom (v = 0.05)

dfi

161 200 216 225 230 234 237 239 241
18.51 19.00 19.16 19.25 19.30 19.33 19.36 19.37 19.38
10.13  9.55 928 9.12 9.01 894 883 884 881

771 694 659 639 6.26 6.16 6.09 6.04 6.00
6.61 579 541 519 5.056 495 488 482 4.78

Uk W N~

6 599 514 476 453 439 428 421 415 4.10
7 559 474 435 412 397 387 379 3.73 3.68
8§ 532 446 407 384 3.69 358 350 344 3.39
9 512 426 386 3.63 348 337 329 323 3.18
0 496 4.10 371 348 333 322 314 3.07 3.02

11 484 398 359 336 320 3.09 3.01 295 290
12 475 388 349 326 3.11 3.00 292 285 280
13 467 380 341 318 3.02 292 284 277 272
14 460 374 334 311 296 285 277 270 2.65
15 454 368 329 3.06 290 279 270 264 2.59

20 435 349 3.10 287 271 260 252 245 240
30 417 332 292 269 253 242 234 227 221
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TABLE B.3. Quantiles of the Fyy, q4r,-distribution with df: and df: degrees of
freedom (a = 0.05)

dfx

dfa 10 11 12 14 16 20 24 30

1 242 243 244 245 246 248 249 250
2 1939 1940 19.41 19.42 1943 19.44 1945 19.46
3 878 876 874 871 869 866 864 8.62
4 596 593 591 587 584 580 5IT 574
5 4.7 470 468 464 460 456 453 4.50
6 406 4.03 400 396 392 387 3.84 381
7 363 360 357 352 349 344 341 3.38
§ 334 331 328 323 320 315 312 3.08
9 313 310 3.07r 3.02 298 293 290 2.86
10 297 294 291 286 282 277 274 270

11 2.86 282 279 274 270 265 261 2.57
12 276 272 269 264 260 254 250 2.46
13 267 263 2.60 255 251 246 242  2.38
14 2,60 256 253 248 244 239 235 231
15 255 251 248 243 239 233 229 225

20 2.35 2.31 2.28 2.23 2.18 2.12 2.08 2.04
30 2.16 2.12 2.00 2.04 1.99 1.93 1.89 1.84
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Software for Linear Regression Models

This chapter describes computer programs that support estimation of re-
gression models and model diagnostics (the description skips aspects that
don’t relate to regression models). Sections C.1 and C.2 describe available
software. Section C.3 lists some sources that might be of interest to the
user who has access to the Internet.

C.1 Software

Available statistical software can be divided into roughly three categories,
but the categorization is not strict; several programs may fall into more
than one group, and current development shows that the software that falls
into one of the first two categories is often extended in the other direction
as well.

e Statistical programming languages. These are programming lan-
guages that have special support for statistical problems, such as
built-in datatypes for matrices or special statistical functions. These
packages are generally more extensible than the members of the fol-
lowing group in that the user can supply code for new procedures
that are not available in the base system. Prominent examples are
Gauss, R, S-plus, Matlab, Xlisp-Stat, Minitab, and SAS.

e Statistical software with a graphical user interface. These programs
allow the user to analyze models interactively. Dialogues allow specifi-
cation of models and selection of different model-selection approaches.
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These tools are not extensible unless some kind of programming lan-
guage is also provided. This loss in flexibility is opposed by the user
interface that makes the tool easier to use. Examples are SPSS,
Systat, SAS, S-plus (the Windows versions), JMP, Statistica, and
STATA.

e Special-purpose software. These are smaller packages that fall in one
of the above categories with the difference that they provide meth-
ods only for a certain class of models. They often originate from
research projects and cover the work done there (MAREG, R-~Code
extensions/macro packages for Xlisp-Stat, SAS, etc.). The programs
shown here are meant only as examples; it is difficult to give complete
coverage, which in addition would have to be updated frequently.

The following lists of features are taken from the documentation of the
respective programs and cover only the basic systems (i.e., third party
extensions available are not covered).

R

The software can be found at http://www.r-project.org/. It can be used
on many operating systems. It is based on R programming language which
is similar to S language. R is open source software. Software mirrors all
over the world exist.

Linear regression and generalized linear models: The R functions 1m and
glm are implemented in the package stats which is one of the basic
packages.

Extensions: Several books describe extensions to generalized linear and
nonlinear regression models, see, e.g., Faraway (2006) and Venables and
Ripley (2002). There are hundreds of packages available for probably any
kind of statistical problems. We recommend using R for developing own
statistical functions and algorithms. Also the R News are a valuable source
of information.

Gauss

Available several operating systems. Information can be found under
http://wuw.aptech.com/. Gauss is a programming language especially
designed to handle matrices.

Linear Regression: The linear regression module is a set of procedures
for estimating single equations or a simultaneous system of equations.
Constraints on coefficients can be incorporated. Two-stage least squares,
three-stage least squares, and seemingly unrelated regression are available.
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Gauss calculates heteroscedastic-consistent standard errors, and per-
forms both influence and collinearity diagnostics inside the ordinary least
squares routine. Performs multiple linear hypothesis testing with any form.

Loglinear Analysis: The estimation is based on the assumption that the
cells of the K-way table are independent Poisson random variables. The
parameters are found by applying the Newton-Raphson method using an
algorithm found in Agresti (1990). User-defined design matrices can be
incorporated.

S-plus

Available for Windows, Unix, Linux.
Information under http://www.insightful.com/. S-plus is based on the
S language (Becker, Chambers and Wilks, 1988).

Linear Regression: Linear regression includes basic linear regression, poly-
nomial regression, least-trimmed-squares regression, constrained regression,
logistic regression, generalized linear models, generalized estimating equa-
tions, linear mixed-effect models, minimum absolute-residual regression,
and robust MM regression.

Nonlinear Regression and Maximum Likelihood: Nonlinear regression, non-
linear maximum likelihood, constrained nonlinear regression, nonlinear
mixed effects.

A good resource book which illustrates the use of S-functions is Venables
and Ripley (2002).

Nonparametric Regression: Generalized additive models, local regression
(loess), projection pursuit, ACE, AVAS, and tree-based models.

ANOVA: Fixed effects, random effects, rank tests, repeated measures, vari-
ance components, split-plot models, MANOVA, and multiple comparisons.

(X )Lisp-Stat

Available for Macintosh, UNIX systems running X11, Windows.
Information under ftp://ftp.stat.umn.edu/pub/xlispstat/.
This package is by Luke Tierney (free).

(From the documentation): Lisp-Stat is an extensible statistical com-
puting environment for data analysis, statistical instruction, and research,
with an emphasis on providing a framework for exploring the use of dy-
namic graphical methods. Extensibility is achieved by basing Lisp-Stat on
the Lisp language, in particular on a subset of Common Lisp.

A portable window system interface forms the basis of a dynamic graph-
ics system that is designed to work identically in a number of different
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graphical user interface environments, such as the Macintosh operating
system, the X window system, and Microsoft Windows.

The object-oriented programming system is also used as the basis for
statistical model representations, such as linear and nonlinear regression
models and generalized linear models. Many aspects of the system design
were motivated by the S language.

Minitab
Available for Windows. Information under http://www.minitab.com/.

Regression Analysis: Regression analysis includes simple and multiple lin-
ear regression, model selection using stepwise or best-subsets regression,
residual plots, identification of unusual observations, model diagnostics,
and prediction/confidence intervals for new observations.

Logistic Regression: Binary, ordinal, or normal data; diagnostic plots,
polynomial regression, with or without log transforms.

ANOVA: General linear model for balanced, unbalanced and nested de-
signs; fixed and random effects; and unbalanced nested designs. Multiple
factor ANOVA for balanced models; fixed and random effects; multiple
comparisons; multivariate analysis of variance; analysis of fully nested de-
signs; sequential sum of squares; identification of unusual observations;
model diagnostics; residual, main effects, and interaction plots; and tests
of homogeneity of variances.

SAS
Available for Windows, Unix.

Information under http://www.sas.com/.

Regression Analysis: Regression analysis includes ridge regression; lin-
ear regression; model-selection techniques (backwards, forwards, stepwise,
based on R-squared); diagnostics; hypothesis tests; partial regression lever-
age plots; outputs predicted values and residuals; graphics device plots;
response surface regression; nonlinear regression; derivative-free; steepest-
descent; Newton, modified Gauss-Newton, Marquardt and DUD methods;
linear models with optimal nonlinear transformation; and partial least
squares.

Analysis of Variance: ANOVA for balanced data; general linear models;
unbalanced data; analysis of covariance; response-surface models; weighted
regression; polynomial regression; MANOVA; repeated measurements anal-
ysis; least squares means; random effects; estimate linear functions of
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the parameters; test linear functions of the parameters; multiple com-
parison of means; homogeneity of variance testing; mixed linear models;
fixed and random effects; REML; maximum likelihood, and MIVQUEQ
estimation methods; least-squares means and differences; sampling-based
Bayesian analysis; different covariance structures (compound symmetry,
unstructured, AR(1), Toeplitz, heterogeneous AR(1), Huynh-Feldt); mul-
tiple comparison of least-squares means; repeated measurements analysis;
variance components; nested models; and lattice designs.

SPSS

Available for Windows, Macintosh.
Information under http://www.spss.com/.

Regression: Multiple linear regression, curve estimation, weighted least
squares regression, two-stage least squares, logistic regression, probit
models, optimal scaling, nonlinear regression, model-selection techniques
(backward, forward, stepwise), hypothesis tests, predicted values and
residuals, residual plots, and collinearity diagnostics.

ANOVA: General linear model: general factorial, multivariate, repeated
measures and variance components covers the the ANOVA and ANOVA
models.

Missing Values: SPSS also provides a missing-values module. Patterns of
missing data can be displayed, and t-tests and cross-tabulation of cat-
egorical and indicator variables can be used to investigate the missing
mechanism. Esitmation of missing values is available via the EM algorithm,
regression estimation, and listwise or pairwise estimation.

Systat

Available for Windows.
Information under http://www.systat.com/.

Regression: Classification and regression trees, design of experiments, gen-
eral linear model, linear regression, logistic regression, loglinear models,
nonlinear regression, probit, and two-stage least squares.

ANOVA: One and two way ANOVA, post hoc tests, mixed models,
repeated measures ANOVA and MANOVA.

JMP

Available for Windows, Macintosh and Linux.
Information under http://www.jmp.com/.
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JMP (by SAS) is an environment for statistical visualization and ex-
ploratory data analysis. Analysis of variance and multiple regression and
nonlinear fitting are offered.

BMDP

Information under http://www.statsol.ie/.

Regression: Simple linear, multiple linear, stepwise, regression on principal
components, ridge regression, and all possible subsets regression.

Nonlinear regression: Derivative-free non linear regression, polynomial re-
gression, stepwise logistic regression, and polychotomous logistic regression.

Mathematical Software

Mathematical software such as Maple (see http://www.maplesoft.com/),
Mathematica (see http://mathematica.com/), or Matlab (see http://
www.mathworks.com/) often comes with libraries for statistical problems.
For example, Matlab’s statistics library contains functions for linear models
including regression diagnostics and ridge regression.

C.2 Special-Purpose Software

MAREG/WinMAREG

Available for Windows and Unix, Linux (MAREG only) (free software).
Information under
http://www.stat.uni-muenchen.de/sfb386/software/mareg/
winmareg.html.

MAREG is a tool for estimating marginal regression models. Marginal
regression models are an extension of the well-known regression models to
the case of correlated observations. MAREG currently handles binary, cate-
gorical, and continuous data with several link functions. Although intended
for the analysis of correlated data, uncorrelated data can be analyzed. Two
different approaches for these problems—generalized estimating equations
and maximum-likelihood methods—are supplied. Handling of missing data
is also provided.

WinMAREG is a Windows user interface for MAREG, allowing method
specification, selection and coding of variables, treatment of missing values,
and selection of general settings.
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GLIM

Information under http://www.nag.co.uk/stats/GDGE soft.asp.

GLIM is a specialized, interactive statistical modeling package that al-
lows the user to fit a variety of statistical models developed by the GLIM
Working Party of the Royal Statistical Society. It has a concise command
language that allows the user to fit and refit simple or complex models it-
eratively. GLIM is better run interactively because model fitting is largely
an iterative process, but GLIM may also be run noninteractively. Linear re-
gression models, models for the analysis of designed experiments, log-linear
models for contingency tables, probit analysis, and logistic regression are
available.

C.3 Resources

StatLib Server

http://lib.stat.cmu.edu/. StatLib is a system for distributing statisti-
cal software, datasets, and other information for the Statistics Community.
It is hosted by the Department of Statistics at Carnegie Mellon University.
Several sites around the world serve as full or partial mirrors to StatLib.
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