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Abstract

Estimating functions have been widely used for parameter estimation in var-
ious statistical problems. Regular estimating functions produce parameter es-
timators which have desirable properties, such as consistency and asymptotic
normality. In quasi-likelihood inference, an important example of estimating
functions, correct specification of the first two moments of the underlying distri-
bution leads to the information unbiasedness, which states that two forms of the
information matrix: the negative sensitivity matrix (negative expectation of the
first order derivative of an estimating function) and the variability matrix (vari-
ance of an estimating function) are equal, or in other words, the analogue of
the Fisher information is equivalent to the Godambe information. Consequently,
the information unbiasedness indicates that the model-based covariance matrix
estimator and sandwich covariance matrix estimator are equivalent. By com-
paring the model-based and sandwich variance estimators, we propose informa-
tion ratio (IR) statistics for testing model misspecification of variance/covariance
structure under correctly specified mean structure, in the context of linear regres-
sion models, generalized linear regression models and generalized estimating
equations. Asymptotic properties of the IR statistics are discussed. In addition,
through intensive simulation studies, we show that the IR statistics are powerful
in various applications: test for heteroscedasticity in linear regression models,
test for overdispersion in count data, and test for misspecified variance function
and/or misspecified working correlation structure. Moreover, the IR statistics ap-
pear more powerful than the classical information matrix test proposed by White
(1982).

In the literature, model selection criteria have been intensively discussed, but
almost all of them target choosing the optimal mean structure. In this thesis,
two model selection procedures are proposed for selecting the optimal vari-
ance/covariance structure among a collection of candidate structures. One is
based on a sequence of the IR tests for all the competing variance/covariance
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structures. The other is based on an “information discrepancy criterion” (IDC),
which provides a measurement of discrepancy between the negative sensitivity
matrix and the variability matrix. In fact, this IDC characterizes the relative ef-
ficiency loss when using a certain candidate variance/covariance structure, com-
pared with the true but unknown structure. Through simulation studies and anal-
yses of two data sets, it is shown that the two proposed model selection methods
both have a high rate of detecting the true/optimal variance/covariance structure.
In particular, since the IDC magnifies the difference among the competing struc-
tures, it is highly sensitive to detect the most appropriate variance/covariance
structure.

v



Acknowledgements

First and foremost, I would like to express my deep and sincere gratitude to
my supervisors, Professor Mary E. Thompson and Professor Peter X.-K. Song.
They have supported me throughout my thesis with their wide knowledge, great
patience, constant encouragement and personal guidance.

I also wish to express my special appreciation to Professor Richard J. Cook,
Professor Grace Y. Yi, Professor Anindya Sen, and Professor Charmaine Dean
for their assistance and valuable advice and for serving as thesis committee mem-
bers.

Many thanks go to all faculty members, administrative staff and my fellow
graduate students for their help rendered to me during my studies.

Finally, I am forever indebted to my parents for their understanding, endless
encouragement and unconditional love.



Dedication

This is dedicated to my dear father.

vi



Contents

[List of Tables

[List of Figures|

1 Introduction|

Xvi

XX

1

1.1 Literature Review| . . . . . . . ... ... ... ... ...... 2
(1.2 Objectives| . . . . . . . . . . . e 6
L3 MamResults| . . ... ... ... oo 7
(1.4 Organizationof Thesis| . . . . . ... ... ... ... ..... 8

2 Estimating Functions| 10
2.1  Preliminariesl . . . . .. .. .. ... Lo o 10
2.2 Properties| . . . . . . . ... ... 16
2.3 Quasi-likelihood Inference| . . . . . . . ... ... ... .... 20
2.3.1 Quasi-score equations in GLM for independent data) 20

12.3.2  Generalized estimating equations (GEE) 1n longitudinal |

| dataanalysis| . . . .. ... ... ... ... ..., 27
2.4 _Robustness of Sandwich Variance Estimatorsl . . . . . . . . .. 30



2.4.1 Simulation experiments| . . ... ... ... ... ... 32

2.5 Information Matrix Test (IM) for Model Misspecification Pro- |

| posed by Hulbert White| . . . . . . ... ... .. ........ 40
2.5.1 Information matrix test statistics| . . . . . . .. ... .. 42

3  Godambian Estimator of Dispersion Parameter| 45
3.1 Generalized Linear Regression Models|. . . . . . ... ... .. 46
3.1.1 Special Case: Godambian estimators of the variance pa- |

| rameter o2 in LM . . . . . . ... 52
[3.2 Generalized estimating equations| . . . . . . . .. ... ... .. 56

4 Information Ratio Ti 63
4.1 Asymptotic Distributions of the Dispersion Parameter Estimators] 65
“4.1.1  Generalized Linear Models|. . . . . ... ... ... .. 65

“.1.2  Generalized Estimating Equations| . . . . . . ... ... 70

4.2 Information Ratio Statistics| . . . . . . . . .. .. ... 74
4.2.1 If the true value of c? isknown| . . . ... ... .... 74

4.2.2 If the true value of o isunknownl . . . . . . ... ... 76

4.3 Application of Information Ratio Statistics|. . . . . . . . .. .. 79
“.3.1 Test for heteroscedasticity 1n linear regression models| 79

“.3.2  Test for overdispersion in countdata . . . . . . ... .. 100

“4.3.3  Test for misspecified variance function and/or working |

| correlaion matrix m GEEl . . . . ... ... 0L 106

Viil



Model Selecti 113
0.1 Model Selection Critertonl. . . . . . . . . .. .. ... ... 114
BD.1.1  Selection of Variance/Covariance Structure based on Hy- |

| pothesis Testing|. . . . . .. ... ... ... ...... 115
15.1.2  Information Discrepancy Criterion| . . . . . . . ... .. 122

2 merical [llustrationl . . . . . . . .. ... ... ... ..., 129

5.2.1 Selection of Variance Functionl . . . . . ... ... ... 129

5.2.2  Selection of Working Correlation Structure| . . . . . . . 131

0.3 DataAnalysis| . . . . ... ... o 136
0.3.1 Vehicle Insurance Datal . . . . . . ... ... ...... 136

15.3.2 Madras Longitudinal Schizophrenia Study|. . . . . . .. 144

6 Summary and Future Work| 150
6.1 Summary| . ... ... ... ... .. 150
62 Future Workl . . . . ... ... L 152
APPENDICES 154
Bibliography| 174

1X



List of Tables

2.1 Empirical coverage probabilities of the 95% sandwich Cls and |
| model-based Cls with different sample sizes.|. . . . . . .. ... 33

(2.2 'The empirical standard deviations of the coeflicient estimates, |
| denoted by S D,, the average sandwich standard deviations, de- |
| noted by S D, and the average model-based standard deviations, |
| denoted by S D}, based on 1000 rephicates.| . . .. .. ... .. 34

2.3 Empirical coverage probabilities of the 95% sandwich Cls and |
| model-based Cls under the negative binomial regression model |
| and the Poisson regression model with different valuesof k.|. . . 36

2.4 The empirical standard deviations of the coefficient estimates, |
denoted by S D,, the average sandwich standard deviations, de- |
noted by S D, and the average model-based standard deviations, |
denoted by S D7, under both of the negative binomial regression |
model and the Poisson regression model, based on 5000 replicates.| 37

2.5 Empirical coverage probabilities of the 95% model-based Cls |
| and the 95% sandwich Cls with different proportions of outliers. |
| The sample size of the data1s 200, . . . . .. . ... ... ... 38

[2.6  Average biases of the LS estimates of regression coefficients, |
| based on 500 replicates, with different proportions of outliers. |
| The sample size1s200.| . . . . .. . ... ... ... ... .. 38




|27 Average biases of the LS estimates of regression coeflicients,

based on 500 replicates, with different sample sizes. The pro-

portion of the outliers 1s 2%.|

4.1

The empirical type I errors of the standardized IR statistics, IR;7

o0ol’

IR, IR}, and IR, as well as the White's IM test statistic 7', over

different sample sizes at the significance level 5%, under the as-

sumption that the true value of the variance parameter 1s either

known or unknown

4.2

The empirical type I errors of the standardized IR statistics,

IR’ |
pool

IR,, IR}, and IR’ using the normalized X~ approximation for

small sample size n = 20 at the significance level 5%. . . . . . .

92

4.3

The empirical power of the standardized IR statistics, IR) . IR},
poo

and IR, as well as the White’s IM test statistic T, over different

sample sizes 20 and 200, at the significance level 5% to reject

the null hypothesis Hy (4.31) under the heteroscedasticity Hy :

Var(Y,-) = O'zhii.

!

The empirical power of the standardized IR statistics, IR, IR,
poo

and IR, as well as the White's IM test statistic 7, over different

sample sizes at the significance level 5% to reject the null hy-

pothesis Hy (4.31) under the heteroscedasticity Hy : Var(Y;) =

21.(D)
o~h;,

4.5

The empirical power of the standardized IR statistics, IR, , IR|
poo

and IR, as well as the White’s IM test statistic T, over different

sample sizes at the significance level 5% to reject the null hy-

pothesis Hy (4.31) under the heteroscedasticity Hy : Var(Y;) =

i

X1



4.6

The empirical power of the standardized IR statistics, IR .

IR}, and IR;, as well as the White’s IM test statistic T),, over

different sample sizes at the significance level 5% to reject the

null hypothesis Hy (4.31]) under the alternative hypotheses Hy :

Var(Y;) = o expifi(xi — 1) + fo(xip — X)), Hy : Var(Y)) =

o2 exp{B1(xy — x1)} and Hy : Var(Y;) = o2 exp{Bi(xn — %)} . .

98

4.7

The empirical type I errors of the standardized IR statistics, IR,
poo

IR, and IRy, from the limiting N(0, 1) distribution, over different

sample sizes at the significance level 10%, 5% and 1%, under the

null hypothesis Hy (4.32)) for Model 1 (moderate range of y;’s)

and Model 2 (large range of w;’s).|. . . . . . . . .. ... ...

4.8

The empirical power of the standardized IR statistics, /R’ » IR,
poo

and IR;, score test T, proposed by [20], Pearson Y~ statistic P,

and deviance statistic D, among 5000 replicates, for Model 3 and

Model 4 at the significance level 5% to reject the null hypothesis

Hy (4.32)) under the mixed Poissonmodel.| . . . . ... ... ..

105

4.9

The empirical type [ errors of the pooled IR statistic /R, , which
poo

take ratios of the unbiased pooled Godambian estimator to the

nbi P n_momen 1mator or the transformed momen

estimator among 2000 replicates. The type I errors are obtained

from the limiting N (O, 1) distribution, over different sample sizes

at the significance levels 10%, 5% and 1%, under the null hy-

pothesis Hy (4.34). | . . . . . . . . . . ... oL

Xii



4.10 The empirical power of the pooled IR statistic /R? . which takes

pool’

a ratio of the unbiased pooled Godambian estimator to the unbi-

ased Pearson moment estimator (4.17)) or the transformed mo-

ment estimator (4.18)). The results are obtained from the limiting

N(O, 1) distribution among 5000 replicates for small sample size

K = 20, and 2000 replicates for the sample size K = 50 from

the true correlation structure: exchangeable with the correlation

parameter .5, at the significance level 5% to reject the null hy-

potheses Hy, Hpand Hys.| . . . . . . . . . . . ... ... ...

110

4.11

The empirical power of the pooled IR statistic /R, _,, which takes
Ppoo

a ratio of the unbiased pooled Godambian estimator to the unbi-

ased Pearson moment estimator (4.17)) or the transformed mo-

ment estimator (4.18)). The results are obtained from the limiting

N(O, I) distribution among 5000 replicates for small sample size

K = 20, and 2000 replicates for the sample size K = 50 from

the true correlation structure: AR(1) with the correlation param-

eter 0.5, at the significance level 5% to reject the null hypotheses

H()1, H()z and H03. | .........................

111

5.1

The empirical frequencies of selecting each candidate variance

function 1n *J among 1000 replicates using the two model selec-

tion procedures based on the IR tests and the IDC over different

sample sizes and different true values of xy. The numbers 1n the

parentheses are the ratios of the detection rate, obtained from

the model selection procedure based on the IDC, to the detection

rate, obtained from the model selection based on the IR tests, of

h riance function. | . . . . . . . .. ... ... ...

X1il



.2 The empirical frequencies of selecting each of the independence

(IND), exchangeable(EXCH) and AR(1) correlation structures,

among 1000 replicates using the QIC, CIC and IDC for the Study

I of Model 1. QIC,., CIC, and IDC., represent the QIC, CIC and

IDC using the true value of o2 QICp, CICp and IDCp repre-

sent the QIC, CIC and IDC using the Pearson moment estimator

4.17) of o2, QIC,., CIC,, and IDC,, represent the QIC, CIC and

IDC using the transformed moment estimator (4.18)) of o>. For

each replicate, the data 1s of size K = 30, with 5 observations for

each subject. The true correlation structure 1s either exchange-

able or AR(1), and the true value of the correlation parameter 1s

0.5. Two types of covariate are generated: time-dependent and

time-independent but individual-level.,| . . . . . ... ..o 137

53

The empirical frequencies of selecting each of the independence

(IND), exchangeable(EXCH) and AR(1) correlation structures,

among 1000 replicates using the QIC, CIC and IDC for the Study

2 of Model 1. QIC,, QICp, QIC,,, CIC,, CICp, CIC,,, IDC,,

IDCp, and IDC;, are the same as Table|5.2, For each replicate,

the sample size 1s K = 30, and 5 or 10 repeated measurements

were taken for each subject. The true correlation structure 1s e1-

ther exchangeable or AR(1), and the true value of the correlation

parameter 1s 0.5. The covariate 1s time-dependent. | . . . . . . . 138

X1V



5.4

The empirical frequencies of selecting each of the independence

(IND), exchangeable(EXCH) and AR(1) correlation structures,

among 1000 replicates using the QIC, CIC and IDC for the Study

3 of Model 1. QIC,, QICp, QIC,,, CIC,, CICp, CIC,,, IDC,,

IDCp, and IDC,, are the same as Table|5.2. For each replicate, 5

repeated measurements were taken for each subject. The sample

size 1s 20 or 100. The true correlation structure 1s exchangeable,

and the true value of the correlation parameter 1s 0.1, 0.5 or 0.9.

The covariate 1s time-dependent.| . . . . . . . ... ... ....

139

55

The empirical frequencies of selecting each of the independence

(IND), exchangeable(EXCH) and AR(1) correlation structures,

among 1000 replicates using the QIC, CIC and IDC for the Study

3 of Model 1. QIC,, QICp, QIC,,, CIC,, CICp, CIC,,, IDC,,

IDCp, and IDC,, are the same as Table|5.2. For each replicate, 5

repeated measurements were taken for each subject. The sample

size 1s 20 or 100. The true correlation structure 1s AR(1), and

the true value of the correlation parameter 1s 0.1, 0.5 or 0.9. The

covariate 1s time-dependent.| . . . . . ... . ... ... L.

5.6

The empirical frequencies of selecting each of the independence

(IND), exchangeable(EXCH) and AR(1) correlation structures,

among 1000 replicates using the QIC, CIC and IDC for the Model

2. QIC, CIC and IDC represent the QIC, CIC and IDC using the

true value of o2. For each replicate, the sample size is K = 30,

and S repeated measurements were taken for each subject. The

true correlation structure 1s either exchangeable with the corre-

lation 0.2 and 0.5, or AR(1) with the correlation 0.2, 0.5 and 0.7.

The covariate 1s time-dependent.| . . . . . .. ... ... ....

5.7

The variables given 1n vehicle insurance dataset| . . . . . . ..

5.8

The covariates used in the model fitting.| . . . . . ... .. ...

XV

141

145



5.9

Parameter estimates of regression coefficients with the sandwich

standard errors (in the parentheses) obtained from the GLMs,

under different working variance functions, for the vehicle in-

surance data with at least one claim. The * represents rejection

of the null hypothesis Hy : § = 0 using the Wald test at the

significance level 0.05.) . . . . . . ... ... ... ... ...

5.10

The IDC, p-values of the IR test (p;z), AIC and BIC obtained

from the GLM models with different working variance functions.| 147

5.11

Parameter estimates of regression coefficients with the sandwich

standard errors (in the parentheses) obtained from the GEE mod-

els under different working correlation structures, for the Madras

Longitudinal Schizophrenia data. The * represents rejection of

the null hypothesis Hy : 5 = O using the Wald test at the signifi-

cance level 0.05.. . . . . . . . . ..

149

5.12

The IDC, QIC, CIC and p-values of the IR test (p;g) obtained

from the GEE models under different working correlation struc-

UrES. . . . . . . . e e e e e e e e e e e,

XVi

149



List of Figures

2.1 A sample of 200 observations from a simple linear regression |
| model with 1% of outliers (solid square).|. . . . . .. ... ... 39

D

3.1 The kernel estimates of the weights wg associated with the co-
variate x;, regressing on both x;; and X, respectively, with the |
bandwidth 2. The left panel shows the kernel estimates regress- |
1ng on Xx;;, and the right panel shows the kernel estimates regress- |
INZON X0« « v v o e e e e e e e e e e e e e e e e 57

2)

associated with the co-

3.2 The kernel estimates of the weights wE
| variate x,, regressing on both x;; and x;, respectively, with the |
| bandwidth 2. The left panel shows the kernel estimates regress- |
|
|

1ng on X;;, and the right panel shows the kernel estimates regress- |
INZ ON X2, « o v v v e e e e e e e e e e e 58

.1  The kernel density estimates of the standardized pooled IR statis- |
tic (4.22) over different sample sizes, under the assumption that
the true value of the variance parameter o> = 0.25 is known.

| The solid line 1s the density function of the limiting normal dis- |

| tribution N (0, 1) under the null hypothesis. The dashed line rep- |
| resents the kernel density estimates of the standardized pooled |

IR statistic IR;OO

Ploe e e e e e e e e

Xvii



i)

The kernel density estimates of the standardized fy-specific IR

statistic (4.21)) over different sample sizes, under the assump-

tion that the true value of the variance parameter o> = 0.25 is

known. The solid line 1s the density function of the limiting nor-

mal distribution N(O, 1) under the null hypothesis. The dashed

line represents the kernel density estimates of the standardized

Bo-specific IR statistic IR, . . . . .. ... ... ... ...

A3

The kernel density estimates of the standardized (;-specific IR

statistic (4.21)) over different sample sizes, under the assump-

tion that the true value of the variance parameter o> = 0.25 is

known. The solid line 1s the density function of the limiting nor-

mal distribution N(0, 1) under the null hypothesis. The dashed

line represents the kernel density estimates of the standardized

Bi-specific IR statistic IRy, . . . . ... ... ...

44

The kernel density estimates of the standardized (3,-specific IR

statistic (4.21)) over different sample sizes, under the assump-

tion that the true value of the variance parameter o> = 0.25 is

known. The solid line 1s the density function of the limiting nor-

mal distribution N(0, 1) under the null hypothesis. The dashed

line represents the kernel density estimates of the standardized

Bo-specific IR statistic IRS.| . . . . . . ... ...

a5

The kernel density estimates of the standardized pooled IR statis-

tic (4.26)) over different sample sizes, under the assumption that

the true value of the variance parameter o is unknown. The

solid line 1s the density function of the limiting normal distribu-

tion N(0, 1) under the null hypothesis. The dashed line repre-

sents the kernel density estimates of the standardized pooled IR

statistic IR®
poo

I

XViil



16

The kernel density estimates of the standardized f;-specific IR

statistic (4.25)) over different sample sizes, under the assumption

that the true value of the variance parameter o is unknown. The

solid line 1s the density function of the limiting normal distribu-

tion N(0O, 1) under the null hypothesis. The dashed line repre-

sents the kernel density estimates of the standardized (3;-specific

IR statistic IR;" | ..........................

a7

The kernel density estimates of the standardized (,-specific IR

statistic (4.25)) over different sample sizes, under the assumption

that the true value of the variance parameter o2 is unknown. The

solid line 1s the density function of the limiting normal distribu-

tion N(0, 1) under the null hypothesis. The dashed line repre-

sents the kernel density estimates of the standardized (3,-specific

IR statistic IR§.| ..........................

8

Q-Q plots of the standardized IR statistics, IR;, IR}, IR, and

IR;OOP from top to bottom, for small sample size n = 20 under

the assumption that the true value of o> = 0.25 is known. The

left panels plot the quartiles of the standard N(O, 1) distribution

versus the quartiles of the standardized IR statistics. The right

panels plot the quartiles of the normalized )(3 distribution versus

the quartiles of the standardized IR statistics,| . . . . .. .. ..

4.9

Q-Q plots of the standardized IR statistics, IR|, IR, and IR,

pool’

from top to bottom, for small sample size n = 20 under the as-

sumption that the true value of o> is unknown. The left panels

plot the quartiles of the standard N(O, 1) distribution versus the

quartiles of the standardized IR statistics. The right panels plot

the quartiles of the normalized )(3 distribution versus the quar-

1l f th ndardized IR IStIcS. . . ...

XiX



.1 The relative discrepancy between two variance functions, mea-

sured by [V*(u)/V,(u) — 1| = |u*°/u" — 1] evaluated at small and

large values of u. The solid line represents ko = 1.2. The dashed

line represents xy = 1.5. The dotted line represents ko = 1.8.| . . 133

XX



Chapter 1

Introduction

Estimating functions have been widely used for parameter estimation in vari-
ous statistical models. Estimating function theory can be regarded as a general-
ization of maximum likelihood theory, which was originally introduced by [28]
and [29]. An estimating function takes a form W(y, 8), where y represents the
data, and @ is a set of parameters of interest. An estimate of the parameter 6 is
obtained as a solution to an estimating equation of the form

¥(y,0) = 0.

Estimating equations may be derived from a fully specified parametric model.
For example, a score equation derived from a log linear regression model for
count data is an estimating equation, where 6 is the vector of regression coeffi-
cients. This equation produces the maximum likelihood estimator (MLE) of 0,
known as being a fully efficient estimator. However, often statistical models can-
not be fully specified, due to the lack of enough information or knowledge about
the underlying probabilistic mechanism from which the data are generated. In
other cases, from the previous analysis of similar data, it may be suspected that
some of the distributional assumptions are violated. As a result, investigators are
only able to impose assumptions on some aspects of the probability distribution.
For instance, in least squares estimation for linear regression models (LM), only
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the first two moments of the data distribution are assumed, instead of a complete
parametric distribution.

1.1 Literature Review

The term “equation of estimation” was first used in [30]. [S1] presented a
non-trivial example of an estimating function, where estimating equations are
proposed to construct confidence regions for the parameters in Gumbel distribu-
tions. Later, [60] generalized Kimball’s idea of stable estimating equations to
establish a theory of sufficiency and ancillarity for estimating functions.

The theory of optimal estimating functions was first studied by [35]. He in-
troduced a measure, now known as Godambe information, as a criterion to define
an optimal estimating function among the class of regular estimating functions.
In addition, he pointed out that the score function is optimal in the sense that it
has the maximum Godambe information, and this maximum Godambe informa-
tion is equal to the Fisher information (Also see [36]). Moreover, the asymp-
totic covariance matrix of the parameter estimator is equal to the inverse of the
Godambe information. An estimator of this covariance matrix was called the
heteroscedasticity-consistent covariance matrix estimator in the LM (see [43]
and [88]]), and was later referred to as the sandwich variance estimator, which
has been widely used in longitudinal data analysis; see [23], [53]] and [54]. Even
when the distributional assumption cannot be fully specified or fails to hold, the
sandwich estimator is still able to provide a consistent estimate of the asymp-
totic covariance matrix for parameter estimators. Because of this property, the
sandwich covariance matrix estimator is also called the robust covariance matrix
estimartor.

In the theory of maximum likelihood estimation, if the distributional assump-
tion for the data analysis is correct and regularity conditions are satisfied, the
Bartlett identity holds. That is, the Fisher information matrix can be expressed



as a negative sensitivity or variability matrix form, namely
E{-l®)| = var{i®)}.

where [(6) is the log-likelihood function, and [ and [ stand for the first order and
second order derivatives of the function / with respect to (w.r.t.) 6, respectively.
This implies that when the Bartlett identity fails, a certain distributional assump-
tion is misspecified. By comparing the negative sensitivity and variability matri-
ces, [87] introduced an information matrix (IM) test for model misspecification.
The IM test can detect the inconsistency of the usual maximum likelihood co-
variance matrix estimator at the very least, as well as possible inconsistency of
the MLE for parameters of interest. This IM test will be reviewed in this thesis.

As an important example of estimating functions, quasi-likelihood inference
in the context of generalized linear models (GLMs) (see [86]) only imposes the
assumptions of the first two moments, instead of fully specifying the parametric
distribution. If the quasi-score function is unbiased, which usually results from
the correct formulation of the mean structure of the responses, the resultant esti-
mator of the parameter of interest is consistent. Moreover, if the assumption of
the variance structure is correctly specified, the resultant estimator will achieve
the same estimation efficiency as that of the most efficient estimator. In the sta-
tistical literature, three test statistics were most commonly considered for testing
the adequacy of the mean structure under the likelihood and quasi-likelihood
theory: the Wald test based on comparison of estimated coefficients with their
standard errors ( [82]); the (quasi) likelihood ratio test based on comparison of
deviances among nested models ( [39] and [6]]); and the (quasi) likelihood score
test ([39], [83] and [69]). In longitudinal data analysis, [68]] proposed a method
of quadratic inference functions (QIF) to test for regression misspecification. On
the other hand, it is also of importance to assess the validity of the second mo-
ment assumption for the sake of estimation efficiency.

In the LM setting, it is conventional to assume that the error terms all have
equal variances, which is referred sometimes to as a homogeneity assumption.
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Methods for checking on this assumption have been well investigated in the lit-
erature. [88]] obtained a direct test for heteroscedasticity, which is a special case
dealt with by the IM test of [87]. In the literature, many other tests were pro-
posed either on the basis of a specific alternative model for heteroscedasticity
(see for example [3], [7] and [14]), or on the basis of a certain non-parametric
or semi-parametric variance function model (see for example [62] and [22]), or
on the basis of plausible, but ad hoc grounds (see for example [37]; [34]; [42]).
In addition, some robust tests were proposed by [7]; see also [39] and [11]].

In the context of GLM, overdispersion is a common case contributing to vi-
olation of the mean-variance relation. It prohibits investigators from using a
specific parametric distribution, for example, a Poisson regression model, for
the count data. [20] proposed score tests against arbitrary mixed Poisson al-
ternatives, which are generalizations of tests of [27] and [13]. See also [21].
However, for other types of misspecification of the mean-variation relation, there
are few proposals available to develop and assess statistical methods for testing
the variance structure. For longitudinal data analysis, in the context of gener-
alized estimating equations (GEE), there i1s a lack of a thorough investigation
on tests for misspecification of covariance structure, including variance function
and/or working correlation structure.

Model selection is the task of choosing a statistical model, from a set of po-
tential models, which is the best approximation of reality manifested in the ob-
served data. In the statistical literature, numerous model selection criteria have
been intensively discussed. Some model selection procedures can be constructed
based on a sequence of hypothesis testing. For example, forward selection, back-
ward selection and stepwise regression are popular model selection methods in
LM (See [3S3]). In their applications, controlled by one or two thresholds, the
model is selected based on statistical hypothesis testing. See [52] and [61]. To
avoid the difficulty in the choice of thresholds, some alternative model selection
procedures were suggested based on the prediction errors. [1] defined a final
prediction error (FPE), which is the mean squared prediction error when a model
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fitted to the current data is applied to another independent future observation, or
to make a one step prediction. The FPE is asymptotically equivalent to the C,
criterion proposed by [56].

In LM, a large number of predictors are usually introduced at the initial stage
of modeling. [80] proposed a new approach, called least absolute shrinkage
and selection operator (LASSO), which simultaneously selects variables and es-
timates parameters. The LASSO is closely related to the penalized likelihood
with the L; penalty. Cross-validation was discussed as a common method for
model selection in terms of the predictive ability of model. See [78]], [24],
[4] and [33]. Some model selection criteria were constructed based upon the
Kullback-Leibler distance (information). One of the most important and popu-
lar criteria is Akaike’s information criterion (AIC) defined by [2], based on the
concept of minimizing the expected Kullback-Leibler distance. The AIC takes
the form:

AIC = -2 log(maximum likelihood) + 2k,

where k is the number of parameters, which provides a balance of goodness of
fit and simplicity of the model. To address the inconsistency of AIC, [3] and
[[73] introduced two equivalent consistent model selection criteria, SIC and BIC
respectively, from a Bayesian perspective.

In the context of GEE, if we use a more general working correlation matrix,
there is no guarantee that a corresponding quasi-likelihood exists unless certain
conditions are satisfied ( [39]). Furthermore, even if it exists, in general it is dif-
ficult to construct. [63] proposed a modification to AIC, named the “quasi-log-
likelihood under the independence working correlation information criterion”
(QIC). The QIC involves using the quasi-likelihood constructed under the work-
ing independence model, and the penalty term involves both the model-based
and sandwich covariance matrix estimates of estimated regression coefficients.
However, [43] conducted an investigation about the performance of the QIC
concerning the selection of working correlation structure. They found that the
performance of the QIC is impaired by the fact that the key term of goodness
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of fit, =2 log L(b\), 1s theoretically irrelevant to the parameters in any correlation
structure, but has to be estimated with an error. [43] proposed a correlation in-
formation criterion (CIC), which is defined by only the utility of the penalty term
of the QIC. Extensive simulation studies in this paper have shown that the CIC
has remarkable improvements in selecting the true correlation structure. Almost
all the model selection criteria above aim at selecting the optimal mean struc-
ture. However, there is lack of powerful methods providing systematic criteria
for selecting the optimal variance/covariance structure, even though the CIC is
used to select a working correlation structure.

1.2 Objectives

In this thesis, we focus on the quasi-likelihood inference for independent data
in the context of GLM and the GEE method for longitudinal data analysis. Both
the quasi-score equations and GEE require only the assumptions of the first two
moments. Under the correct formulation of the mean structure, if the variance
structure is correctly specified, two forms of the information matrix, the negative
sensitivity matrix and the variability matrix, will be equivalent. As a result, the
asymptotic covariance matrix of the regression coefficient estimator can be es-
timated by either the model-based covariance matrix estimator, or the sandwich
covariance matrix estimator. On the other hand, certain model misspecifications
of the second moment assumption will lead to a discrepancy between these two
covariance matrix estimators.

Thus, the main objective of the thesis is, through comparison between the
model-based and sandwich covariance matrix estimators, to construct a system-
atic test, called the information ratio (IR) test. This IR test targets testing for
model misspecifications of the variance/covariance structure, assuming that the
mean structure is correctly specified. In addition, the p-values from the pro-
posed IR tests may be used to select the optimal variance/covariance structure



among a collection of candidates. Moreover, for the variance/covariance selec-
tion, we propose an “information discrepancy criterion” (IDC), which measures
the discrepancy between two forms of information matrices under a general vari-
ance/covariance structure.

1.3 Main Results

(1) We propose a new estimator of the dispersion parameter in the context of
GLM and GEE. In model-based variance estimators, the dispersion param-
eter is usually estimated by the method of moments, if its true value is un-
known. Analogously, we show that the sandwich variance estimator of each
individual regression coeflicient estimator provides a Godambian estimator
of the dispersion parameter in the form of a weighted sum of the squared
Pearson residuals for GLM, or a weighted sum of the squared transformed
residuals for GEE. The weights in these Godambian estimators are differ-
ences between the leverage from two hat matrices, which characterize the
influence from the corresponding covariate variables.

(11) We propose information ratio statistics by taking ratios of the Godambian
estimators to the true value, if known, or the moment estimator, otherwise,
of the dispersion parameter. It shows that the information ratio statistics are
asymptotically distributed as N(0, 1) random variables. The finite-sample
distribution of the proposed IR statistic is found to be heavily right skewed,
but a normalized y? approximation can improve the performance. Through
several simulation studies, we apply the information ratio statistics to test
for heteroscedasticity in LM, test for overdispersion in count data, and test
for misspecified variance function and/or working correlation structure in
GEE. The simulation experiments have shown that the information ratio
statistics are robustly powerful to reject the null hypothesis under different
scenarios of alternative hypotheses.



(111)) We propose a new criterion for selecting the optimal variance/covariance
structure. This criterion is constructed on the discrepancy between two
forms of information matrices, so it is called the “Information Discrep-
ancy Criterion” (IDC). We show via simulation studies and data analyses
that the proposed IDC has a high rate of detecting the true/optimal vari-
ance/covariance structure.

1.4 Organization of Thesis

Chapter 2 gives an introduction to the theory of estimating functions. In
this chapter, properties of regular estimating functions are discussed. Quasi-
likelihood inference for GLM and GEE method are studied in detail. In addition,
several simulation studies illustrate the model robustness of the sandwich vari-
ance estimators. At the end of the chapter, we review the information matrix test
proposed by [87], which is one of the important contributions to tests for model
misspecification.

Chapter 3 focuses on the formulation of the Godambian estimators of the
dispersion parameter in the sandwich variance estimators. We show that the
Godambian estimator takes the form of a weighted sum of the squared Pearson
residuals in GLM or the squared transformed residuals in GEE. Properties of the
weights in the Godambian estimators have been investigated in the special case

of LM.

In Chapter 4, we propose information ratio statistics that take ratios of the Go-
dambian estimators to the true value or the moment estimator of the dispersion
parameter. Several simulation studies are carried out to investigate the asymp-
totic distributions of these test statistics under the null hypothesis. Moreover, we
assess and compare the power of the proposed IR tests under different alternative
hypotheses with the information matrix test proposed by [87].



We propose two model selection procedures in Chapter 5 for selecting the op-
timal variance/covariance structure from a collection of candidates. One is based
on the information ratio tests proposed in Chapter 4, and the other is based on
an “information discrepancy criterion” which measures the discrepancy between
two forms of information matrices under a general variance/covariance structure.
Two simulation experiments are conducted to assess the detection rate of these
two model selection methods. In addition, two data sets are analyzed using these
two model selection methods to choose the most appropriate variance/covariance
structure.

Chapter 6 gives a summary and discussion of future work.



Chapter 2

Estimating Functions

2.1 Preliminaries

Let y be a point of the sample space Y, on which a measure u is defined.
Furthermore, let p(y, @) denote the probability density function w.r.t. u from
a family of parametric statistical models, which is completely specified for all
y € Y, where @ € ® c R”. An estimating function is a function of the form
Y(y, 8), which contains at least p independent components. When the dimension
of the estimating function is larger than p, according to [40], the parameter
1s said to be over-identified. In this thesis, we consider only the regular case of
non-over-identification. The following definitions are given in [77].

Definition 2.1 (Estimating functions) A function ¥ : Y x ® — R? is called
an estimating function (or inference function) if Y(-;0) is measurable for any
0 € © and Y(y; ) is continuous in a compact subspace of ® containing the true
parameter 6y for any sample y € Y.

Given an estimating function ¥ and a single observation y € Y, an estimating
equation can be defined by
Y(y;0) =0,
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and as a result, an estimate 6 = E(y) of parameter 6 is obtained as an solution to
this equation.

Definition 2.2 (Equivalent estimating functions) Let Y, and ¥, be any two es-
timating functions. If they give the same estimate of 0, or equivalently, they lead
to the same solution to the equations Y (y; 0) = 0 and ¥,(y; 0) = 0 for any given
sample y € Y, VY| and Y, are said to be equivalent, denoted by ¥, ~ P,.

It turns out that with any estimating function ¥y, we can construct a class of
equivalent estimating functions {'¥ : ‘Y(y; ) = K(6)¥Yy(y; 0)}, where K(0) is a p X
p matrix of full rank and independent of observation y.

Definition 2.3 (Unbiased estimating functions) An estimating function VY is said
to be unbiased if it has expectation zero in the sense that

Eg{¥(Y;0)} =0,V 6c®CR".

Consider a sample of observations y = (y1,--- ,y,)", independently drawn
from a parametric statistical model with the probability density function p(y; 6y),
where 6 is the true value of the parameter . An additive estimating function is
defined by

Vu(y;0) = ) P (i:6).
i=1

Note that if ¥ is unbiased, the additive estimating function ¥, is also unbiased.
Consequently, an estimate 6, = 6,(y) of the parameter 6 is obtained by solving
the equation

Wo(y:60) = D ¥ (3i:0) = 0. 2.1)
i=1

We are interested in defining a class of unbiased estimating functions, within
which the resultant estimators 6,,, of parameter 6 have desirable properties, such
as consistency and asymptotic normality. Let us begin with a simple case where
the parameter 6 is one-dimensional (p=1).

11



Definition 2.4 An estimating function ¥ is said to be regular, if it satisfies the
following conditions:

(i) Eg{¥(Y;0)}=0,V8e®CR;
(i) O¥(y;0)/00 exists, V' y € Y,

(iii) The order of integration and differentiation may be interchanged

0 o
%0 f FOY(; 0)p(y; O)dy = f f(y)% {(P(y;0)p(y; 0)}dy
Y Y

for any bounded measurable function f(y) that is independent of 6;

(iv) 0 < E, {‘I’Z (Y; 9)} < cor

: 2 :

(v) 0 < {Eg|0¥(Y; 9)/(99|}2 = {Eg |‘I’(Y; 9)|} < oo, where ¥ denotes the first-
order derivative of the estimating function ¥ w.rt. 6, that is, Y(y;6) =
0¥ (y; 6)/06.

Let & denote the class of all the regular estimating functions. Given an estimat-
ing function ¥ € &, let ¥Y'(y; 0) = k(0)¥(y; 0), where k(6) # 0 is a differentiable
function of € in ®. By the definition Y’ is an equivalent estimating function
to ¥. However, the variance of the estimating function ¥’, given by

Varg (W (Y;6)) = K*(0)Vary {¥(Y;6)},

could be substantially smaller or larger than that of ¥, depending on the choice
of k(0). Thus, it is not reasonable to compare two estimating functions on the
basis of variance alone. [33] proposed the standardization of estimating func-
tions before comparing their variances. For any estimating function ¥ € &, the
standardized version of ' is defined by

¥, = ¥/E, {‘P(Y; 9)}.
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Then, the standardized versions, ¥y and ¥}, of equivalent estimating functions
Y and ¥’ are equivalent, and consequently, they have the same variance, i.e.,
Varg {V'.(Y;0)} = Varg {¥(Y;0)}, or equivalently,

Varg (V' (Y;0)} _ Varg {Y(Y; 6)}
Efrsoll [ firolf

As aresult, the variance of the standardized estimating functions is unique among
equivalent estimating functions, and its inverse 1s referred to as the Godambe in-
formation in the following definition.

Definition 2.5 (Godambe information) For a regular estimating function ¥ €
& and a single observation Y € Y,

(i) the sensitivity, denoted by Sy, of ' is defined as

G‘I’(Y;Q)} e o

Sw(6) = Eo (¥ (Y:6)} = Eg{ e

(ii) the variability, denoted by V, of ¥ is defined as

Va(0) = Eo (W2 (Y:0)} = Vary (¥(Y:6)} .0 € ©;

(iii) the Godambe information, denoted by Jy, of ' is defined as

0cO. (2.2)

A regular estimating function ¥, is said to be at least as good as the regular
estimating function ¥ if

Varg¥) _ Vary(Ys)

(o) (50 ()]
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or equivalently,

Jw,(0) = Jw,(0).

Moreover, from Theorem [2.2]in Section 2.2, we note that, for large samples, the
asymptotic mean square error of the resultant estimator 6, is equal to {nJy(60)} ",
where 6 1s the true value of the parameter 6. Then, the larger the Godambe
information is, the more efficient the resultant estimator is. In other words, a
desirable estimating function should have large sensitivity (\Y(y; 8y + d6p) should
be as far away from zero as possible) and small variability (‘F(y; 6p) should be as
close to zero as possible).

Definition 2.6 A statistical model is said to be regular if its score function

u(y;0) = dlog p(y; 6)/06

is a regular estimating function; that is, u(y;0) € ,0 € ® c R. Moreover, for a
regular model and a single observation Y € Y, the Fisher information is defined

by
3% log p(Y; 6) Ou (Y;0)
10) = -E =—-E¢gs——¢.
For a regular score function u(y, 6), the Bartlett identity implies that
ou
Eg|— |+ Esu?) = 0,
o ( 5 6) o(u”)

or equivalently,
S.(0) +V,(0) =0.

In other words, the equality of Godambe information and Fisher information
J.(6) = I(0) holds for the regular score function.

Now let us consider the case where the parameter @ = (6, - ,HP)T 1s a p-
dimensional vector. Similarly to univariate estimating functions, a regular multi-
dimensional estimating function is defined as follows. A p-element estimating
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function .
P(y:0) = (¥1(:0). - . ¥, (1 0))

1s said to be regular if it satisfies the following conditions:
(1) Eg{¥(Y;60)} =0,V 0 € O;
(i) - W,(y; 0) exists, ¥y € Y, and jk=1,---, p;

(ii1)) The order of integration and differentiation may be interchanged

A f JOVESy: Opy: 0)dy = f f(v)— (¥ 0)p(y: 0)} dy

for j,k=1,---, p, and any bounded measurable function f(y) that is inde-
pendent of 6;

(iv) Eg {‘PJ-(Y; O, (Y; 0)} exists for j,k =1,---, p, and the p X p matrix
Vu(8) = Eg{¥(v; 0¥ (Y;6)}
1s positive-definite. Vy(0) is called the variability matrix.
(v) EO{ V(Y 0)} exists for j,k =1,---, p, and the p X p matrix
Sy(6) = Eg {VgP(Y: 6)}
is non-singular. Sy(0) is called the sensitivity matrix.

Here the Vg denotes the gradient operator on real function f(0) w.r.t. 6, defined
by

af @) af(é)))f

Let & denote the class of all p-dimensional regular estimating functions. For
a given regular estimating function ¥ € &, the standardized version of ¥ is
defined by
¥,(:0) = Sy (O)¥(1; ),

15



and the Godambe information matrix then takes the form
Ju(0) = SLO)VL (0)Sw (). (2.3)

Note that the inverse of the Godambe information also equals to the covariance
matrix of the standardized estimating function ¥;. Moreover, similarly to com-
paring univariate estimating functions, the regular p-element estimating function
Y, € & is said to be at least as good as the p-element regular estimating function
¥, € &, if Jy, — Jy, is non-negative definite, denoted by Jy, > Jy,.

[12]] showed that the following three inequalities are equivalent:
(1) matrix inequality: Jy, — Jy, 1s non-negative definite;
(ii) trace inequality: tr (Jy,) > tr (Jy,);

(iii) determinant inequality: |Jy,| > |Jw,|.

2.2 Properties

Consider a regular statistical model p(y, 8), and suppose that the true value of
the parameter 6 is 6y. Let ¥ be a regular estimating function in &, and let {On}
be a sequence of roots to the sequence of additive estimating equations (2. 1)):

V(0.0 = ) P =0, n=12-,
i=1

where y = (y1,---,y,)! is a sample of independent observations from the sta-
tistical model p(y, #). The properties of regular estimating functions have been
discussed and summarized in [77]. Here we only list the main properties, and
omit all the proofs of the following theorems shown in [77].
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Theorem 2.1 (Consistency) Let

A®) = Eg, (¥0X:00) = [ H(30)p0r: 001y

If A(0) has a unique zero at 0y, then
/0\,1 2 0o, under P00‘

Let us first discuss other properties of regular estimating functions in & for
the case where the parameter 6 is a scalar (p = 1).

Theorem 2.2 (Asymptotic Normality) Suppose that the estimator, 0, of pa-
rameter 0 is consistent, namely

—~ p
6, — 6y, under Py,

Moreover, suppose that the second derivative of ¥ w.r.t. 0 is bounded in the
sense that there exist a constant ¢ and a Pg-measurable function M(y) with finite
expectation, i.e. Eq{M(Y)} < oo, such that

[P 0)| < M), for 6€ (8 —c,b+c).

Then,
VG, — 60) 5 N (0.J5'(6)),  under Py,

where J;,l (0) is the Godambe information of ¥ given by (12.2).

Therefore, as mentioned in Section 2.1, the motivation of defining the class of
all regular estimating functions & is that the resultant estimator of parameter
0 is consistent and asymptotically normally distributed. Among these regular
estimating functions in class &, [35] defined an optimal estimating function as
the one which maximizes the Godambe information. Thus the optimal estimating
function produces an estimator with the smallest asymptotic variance and hence
has the highest asymptotic efficiency.
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Definition 2.7 (Optimal estimating function) A regular estimating function ¥* €
& is said to be an optimal estimating function if

Jw(0) > Jo(0), forall ¥ € &, and 0 € © C R.

Moreover, [35] also showed that if the class & includes the score function, the
optimal estimating function is equivalent to the score function, which leads to
maximum likelihood estimation.

Theorem 2.3 (Godambe Inequality) Assume an estimating function ¥ € &.
Then

Ju(0) <IH), VY0e€0OCR,

where the equality holds if and only if ¥ ~ u, namely Y is equivalent to the score
function.

In general, let {¥;(y;;0);i = 1,--- ,n} be a set of elementary estimating functions
belonging to the class &. Now define a special subclass &, of regular estimating
functions in the following form of a linear combination of elementary estimating

functions,
n

¥(0) = D cOFi(yi0), 0€OCR,
i=1
where c;(0) 1s a non-random function of 6. The resultant estimator of 8, obtained
from solving the equation W¥.(0) = 0, is consistent. The subclass &, is referred to
as the Crowder class of regular estimating functions. Furthermore, [17] obtained
the optimal estimating function in class &..

Theorem 2.4 (Crowder Optimality) Consider regular estimating functions ¥, €
&.. Then, the optimal estimating function in the class &, the one which has the

largest Godambe information, is the one with the c,(-) functions being a ratio of

the sensitivity over the variability, namely

Eg {‘Pi(Yi; 9)} _ Sy(9)

_ . 0cOCR.
Varg (Y 0)] Va0 0 C

ci(0) =
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These properties of univariate regular estimating functions can also be gener-
alized to the case with the p-dimensional parameter 8 = (6, - - , Hp)T.

Theorem 2.5 (Multivariate Asymptotic Normality) If 5,1 is consistent, and in
a small neighborhood, N (0,), centered at the true value 6,

(G Ol < M(y), 8 € N(6o),

with a Pg-measurable function M(y) such that Eg{M(Y)} < oo, then

V8, - 89) > MVN, (0,75 (60)). (2.4)

where J;,l (0) is the Godambe information of Y given by (|2.3)).

Definition 2.8 (Multivariate optimal estimating function) A regular estimat-
ing function ¥* € & is said to be an optimal estimating function if

Jw-(0) > Jw(0), forall¥ € G, and @ € © C R”.

Theorem 2.6 (Multivariate Godambe Inequality) Consider a regular estimat-
ing function ¥ € &. Then

Jy(0) <I(0), V60O CR?,

where the equality holds if and only if ¥ ~ u, the score function.

Define a Crowder class of regular estimating functions &, by
Ye(y;0) = ) COP,(y;:6),0 € © CR?,
i=1

where C;(0) is a non-random p X p matrix of € such that the sequence of roots,
{On, n> 1}, to the estimating equation W.(y; ) = 0O is consistent.
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Theorem 2.7 (Multivariate Crowder Optimality) Consider regular estimating
functions Y. € &.. Then, the optimal estimating function in the Crowder class
&, the one which has the largest Godambe information, is the one with the
matrix C;(-) functions given by

Ci(0) = Ej{Vg¥i(Yi; 0)) Vary (¥,(Y;;0)}, 6e®©CR”. (2.5)

2.3 Quasi-likelihood Inference

The score function is the optimal estimating function among all the regular
estimating functions. However, in practice, because the underlying mechanism
is not fully understood or there is lack of previous informative experience of
analyzing similar data, it 1s common that the probability density function from
which the data are generated cannot be fully specified. In addition, in some cases,
from some preliminary analysis, practitioners found that the parametric models
proposed for the data analysis were violated, for example, due to overdispersion.

Usually, the main interest of data analyses attaches to how the response vari-
ables are affected by one or multiple explanatory variables. Often, it is natural for
investigators to propose assumptions on some aspects of the probability mecha-
nisms, such as the first two moments, instead of the full parametric distributions.
[86] proposed an idea of quasi-likelihood estimation for regression coeflicients
in the setting of GLM. Also see [39].

2.3.1 Quasi-score equations in GLM for independent data

Consider a set of observations {(yl-,xl.T),i =1,--- ,n}, independently drawn
from a regular statistical model, where y; is the response variable, and x;1sa px 1
vector of covariates. When the parametric model cannot be fully specified, part
of the objectives in data analysis can be addressed by the following regression
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model, specified only by the first two moments:
pi = E(Y) = h(x{p), (2.6)

where B 1s a p X 1 vector of regression coefficients, and A(-) is the link function,
which is assumed to be known and continuous; and

Var(Y;) = o*V(w), (2.7)

where o is called the dispersion parameter, which is usually unknown in prac-
tice, and V(-) is called the unit variance function. Usually, the intercept term is
included in the covariate vector x;’s. In the rest of the thesis, for each i, the co-
variate vector is a px 1 vector with the firstelement 1,1i.e., x; = (1, x;1,- -, x,-,p_l)T,
and the coefficient vector is denoted by B = (Bo,B1, -+ »Bp-1)" -

Lety = (yi, -+ ,yn)! be an n X 1 vector of response variables. To estimate
the coefficient vector B, it is suggested to solve a p-element additive estimating
equation,

" T
(aui(ﬂ)) yi—1i(B) 0, (2.8)

‘Pn(ﬂ;y)=z B | o) -

i=1
where ¥, (B) is referred to as a quasi-score function. Correspondingly, it 1s pos-
sible to yield a function similar to the likelihood function in the MLE setting,
called quasi-likelihood, by taking integration w.r.t. u, that is,

1L,(y; ) =f ——dt.
! y V@

Fori=1,---,n,definen, = xl.Tﬂ, and then, rewrite du;(B)/0B as
OpiB) _ Opiomi _ [
aﬂ anl aﬂ A4 2]
where [1; stands for the first order derivative of u; w.r.t. n;. For the additive
quasi-score function W,(8;y) (2.8)), the aggregated sensitivity matrix is given by

o [RBD N
0=\ = gy e
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and the aggregated variability matrix is given by

n -2
g Var(Y;)
Vo) = Eg {(¥.BVYBY) [ = ) ———x;
d = e v
The aggregated Godambe information matrix is given by

Ju,(B) = S§ BV (B)Sv,(B). 2.11)

Let En denote the estimator of the parameter 8 obtained by solving the quasi-
score equation '¥,(B; y) = 0. Under some mild regularity conditions in Theorem

xl. (2.10)

1

2.1|and Theorem [2.5] the estimator B, is consistent, and vn(B, — B,) is asymp-

totically multivariate Gaussian distributed with zero mean and covariance matrix
of the form lim,, nJ;,}I (B.), where B, is the true value of the parameter S.

In order to use this result to make inference about the parameter 8, for exam-
ple, constructing confidence intervals, an estimated Godambe information matrix
with B, replaced with ,En 1s usually used to obtain an estimate of the asymptotic
covariance matrix of En

Let us first give some necessary notation which will be used in the rest of the
thesis. Let X denote an n X p matrix, referred to as the design matrix, with the i-th
row given by xl.T. For each i, with the estimator En, the fitted values are defined
by u; = ,ul-(/[}n) = h(xiTﬁn). Then, the raw residuals are defined by r; = y; — u;, and
the Pearson residuals are given by

_ Vi — Hi

. , i=1,---,n, (2.12)
VV()
the standardized residuals. Let
A = diag{, -+ .o, (2.13)

be an n X n diagonal matrix, where E = p,-(En), and let
V = diag (V@) - ., V@) (2.14)
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be an n X n diagonal matrix, and

R = diag{ri.-- .17}. (2.15)

’'n

Then, based on the data {(y;, x;);i = 1,--- ,n}, the sensitivity matrix (2.9) is
estimated by

n -2
—_ - 1 o8 T
Sl{"n(ﬂn) = __2 l xlxl
o i=1 V@)
1 e~
- ——2XTAV‘1AX, (2.16)
g

when the true value of the dispersion parameter o> is known. However, in prac-
tice, the true value is rarely known, so the dispersion parameter o2 is estimated
by, for example, a moment estimator

n

52 = — > 2.17)

n=pI

In addition, the variability matrix (2.10) is estimated by
2

Y. (R 1 Y K =~\24. 4T
Vg, (B,) = (Vi — i) XiX;
' (02)? Z V2()

1 —_— —_
= Z)ZXTA(V“R(V‘IAX. (2.18)
g

Consequently, the Godambian information matrix is estimated by
—_ —~ o~ T (~ o~ =1 —~ -
Jo,(B,) = {-Sv, B} {Vu,(B)]  {-Sv,8))}.

Its inverse can be an estimator of the asymptotic covariance matrix of ﬁn, which
is given by

-T

(Jo, B0 = (X"AV"AX) " (X"AV 'RV Ax} (XTAV'AX) . (2.19)
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Because of its unique sandwich structure, this covariance matrix estimator has
been referred to as the “sandwich covariance matrix estimator” in [33]]’s paper
on generalized estimating equations. Moreover, its diagonal elements can be
used to estimate the asymptotic variances of individual regression coefficient
estimator E’s. We will call these estimators the sandwich covariance matrix

estimator, denoted by ASC OVS(E,), or sandwich variance estimators, denoted
by AS VAR((;), in the rest of the thesis.

There are several appealing features associated with the utility of the quasi-
score equation for the estimator En First of all, the quasi-score function only
requires the assumptions about the first two moments without specifying the ex-
plicit form of the underlying parametric models. Secondly, it does not need to
estimate the dispersion parameter o2, because this parameter is a constant which
can be canceled out in the equation ¥, (B;y) = 0, as well as in the calculation of
the sandwich covariance matrix estimator (2.19).

Furthermore, if the two assumptions (2.6) and (2.7) correctly specify the true
mean and variance structures of the responses, the quasi-score function preserves
the two key properties of the real score function. They are:

(1) The quasi-score function is unbiased in the sense that E B {(PB;Y)} = 0if
the mean structure is correctly specified. The unbiasedness of the quasi-
score function guarantees the consistency of the resultant estimator S, ;

(2) Consider a vector of elementary estimating functions ¥;(B8; y;) € &, defined
by
VB yi) = yi — i(B). (2.20)
By the Crowder Optimality Theorem in the Crowder class &, defined
by

V(B = ) CiBPi(B: ),
i=1
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the optimal estimating function is given by

v'(B) = ZST BV (B) i - 1i(B)

Var(Yi) ‘

Thus, if the assumption of the second moment is correct, the quasi-
score function (2.8)) is actually equivalent to the optimal estimating function
among the Crowder class of the elementary estimating functions (2.20).
Moreover, the negative sensitivity matrix and the variability matrix
are equivalent. In other words, the following identity

ov,(B;Y)
Eﬂ{‘T

holds if the unit variance function V(-) correctly specifies the true variance
structure of the response variables. This equality ensures that the asymp-
totic covariance matrix of the resultant estimator En equals to that of the
most efficient estimator, i.e., the GLM analogue of the inverse of Fisher in-
formation matrix. If the underlying distribution belongs to the exponential
family, even though explicit parametric models are not assumed, the esti-
mator En can achieve the same estimation efficiency as that of the MLE,
which is the fully efficient estimator.

} = Varg {¥a(B; )}

As a result, the asymptotic covariance matrix of En can be estimated by
—~ = -1 —— i~ -1
{-Sy, B} =0?(X"AV"AX) 2.21)
if the true value of the dispersion parameter o is known; otherwise,

(S, (B} =7 (X"AVAX) (2.22)
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where 72, is the moment estimator of ¢-2. This covariance matrix estimator
has been referred to as the “model-based covariance matrix estimator”, de-
noted by ASC OVm@n). Consequently, its diagonal elements are regarded
as the asymptotic variance estimators of individual regression coefficient
estimators. Here, they are called the model-based variance estimators, de-
noted by AS VARm@ ;). Therefore, confidence intervals constructed from
the sandwich and model-based variance estimators are called the sandwich
confidence intervals and the model-based confidence intervals, respectively.

Example 2.1 (Linear Regression Models) LM for continuous data is regarded
as a special case of GLM. The first moment assumption is
/JizxiTﬁ’ i=1,---,n,

where the link function A(-) is an identity function, i.e., h(n;) = n;. The error
terms are usually assumed to be independent random variables with mean O and
constant variance o>. The second moment assumption is

Var(Y;) = o, i=1,---.,n,
where the unit variance function V(u;) = 1.

Least squares (LS) estimation provides an estimator of the regression coeffi-
cient vector B, given by

—_—

B, = (X"x)" xy, (2.23)

by solving the estimating equation
1 <« T
¥aBiy) = — Z xi(y; — x! B) = 0.

Note that the quasi-score function ¥,(f) is equivalent to the real score function
if the responses y = (y1,---,y,) are independent observations from a normal
distribution with the probability density function, given by

{ (yi—xiTﬂ)Z} .
expy————¢, [=1,---,n

p(ylaﬂ) =

202

1
V2no?
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In this case, the LS estimator ,En 2.23)) is the MLE.

With the estimator ﬁn, the sandwich covariance matrix estimator is given by
—~ -1 -1
ASCOV,(B,) = (XTX) (XTRX) (XTX) : (2.24)

where the matrix R is given in (2.15). In addition, the model-based covariance
matrix estimator is given by

ASCOV,(B,) =72 (x"x) ", (2.25)

where 02 is a moment estimator of the dispersion parameter o, if the true value

is unknown, given by

1 n
o2 = Z . (2.26)
n—p 4

i=1
Note that in LM, the Pearson residuals reduce to the raw residuals. That is,
r,, =r,fori=1,--- n

2.3.2 Generalized estimating equations (GEE) in longitudinal data analy-
sis

Longitudinal data is a data type frequently encountered in many subject-
matter areas such as biology, medical and public health sciences and social sci-
ence. Since the defining feature of longitudinal data is that the measurements
of the same individuals are taken repeatedly over a period of time, the primary
interest of longitudinal data analysis lies in the mechanism of change over time,
including growth, aging, time profiles or effects of covariates.

In most cases, the maximum likelihood inference is either unavailable or nu-
merically too intricate to be implemented. One of the popular methods is the
generalized estimating equations (GEE) approach proposed by [53]], which does
not require us to specify a complete probability model. In fact, the GEE method
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can be viewed as a multivariate extension of the quasi-likelihood method pro-
posed by [86], which only requires us to correctly specify the first two moments
of the underlying data distribution.

Consider a longitudinal data set denoted by
(yl],leatl]),]: 1,-.- ’nl’,i = 1,... ’K,

where y;; is the response variable and x;; is a set of covariate variables observed
at the j-th time point #;; for subject i, and n; is the number of measurements for
the subject i. In total, there are K subjects in the data set. Lety, = (v, - - ,yi,ni)T,
and y; = (W1, - - ,,ui,n,.)T, fori=1,---, K. Assume that the first two moments of
the response vector y; are given by

EY) =p;, with pu;;=p;(B)= h(xiTjﬂ)

where B 1s a p X 1 vector of regression coefficients and A(-) is the link function;
and
ConY)) = 0°%; = oG, *Ri(p)G, ",

where o is the dispersion parameter, G; is an n; X n; diagonal matrix given by
Gi = dlag {V(Hll)a IR V(Mi,n[)} ’

with V(-) being the unit variance function, and R;(p) is an n;Xn; correlation matrix
that is fully characterized by a g-dimensional correlation parameter vector p.
This R;(p) is referred to as a working correlation matrix. A p-element estimating
function is given by

1 K
¥xB.p) = — D DI BT B.p) b: ~ m(B) = 0. (2.27)
i=1

where D (B) = X[ diag {h(,u,-l), e h(,u,-,nl.)}, with X; being an n; X p design matrix
for the subject i. The equation Wg(B) = 0 is termed as the generalized estimating
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equation (GEE) by [33]], where the nuisance parameter p is involved, and the
dispersion parameter o2 is factorized out of the equation . Consequently,
the estimator, EK, of parameter S is obtained as the solution to the GEE (2.27).
[S3]] showed that the estimators of these coefficients are consistent and asymp-
totically normal even when the correlation structure is incorrectly specified.

For the estimating function Wk (), the sensitivity and variability matrices are
obtained, respectively, as

K

_ 1 Ty—-1
S‘PK(ﬂ) - _P Z Di Ei Di

i=1
and

1
(02)?

K
Vy (B) = > DIE Con(¥)E ' Dy
i=1

Hence the Godambe information matrix is given by

Jo.(B) = (S, (B} Ve, (B)} {-Sw, (B}

K K -1 K
{Z D; Eilbl} {Z D; Eilcov(Y»z,.lD,} {Z sz,.lpi} .

i=1 i=1 i=1

When the covariance structure, including the variance function involved in G;
and the working correlation structure R;(p), is correctly specified, the following
information matrix equality holds:

S‘I—’K(B) + V‘I"K(B) = 0’ or J‘PK(ﬂ) = _S\PK(ﬂ)‘

Let D; and %; be the matrices which use the estimates EK and py in the matrices
D; and %;. The residuals are defined by

rij = yij— Mij = Yij— MiiBr)s  j=1,,mi=1,- K

Let r; = (rj1,-++ ,7in)" be an n; X 1 vector of the residuals for subject i, for
i =1, ---,K. Then, the sandwich covariance matrix estimator of the parameter
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estimator EK is given by

K K -1
ASCOV,(By) = {Z D's'D } {Z D'E 1rir,?§;15,} {Z Eﬁ;lﬁi} .
i=1

i=1

(2.28)
Moreover, the model-based covariance matrix estimator is given by
K -1
ASCOV,(By) = 0 {Z 5}5;15,} : (2.29)
i=1
if the true value of the dispersion parameter o is known; otherwise,
K -1
ASCOV,,(By) = 72 {Z Bfi.lﬁi} , (2.30)
i=1
where 72, is a moment estimator of the dispersion parameter o2, suggested by
(531,
1 K 1 K n;
_ T. _ 2
- ;rmrm -5 ;;r (2.31)

where N = Z n;.
i=1

2.4 Robustness of Sandwich Variance Estimators

The covariance matrix estimator in LM (2.24) has been referred to as the
heteroscedasticity-consistent covariance matrix estimator, originally introduced
by [45] and [88]]. In the context of LM, this method provides a consistent covari-
ance matrix estimator even when the errors of the LM are heteroscedastic. In the
context of GEE for correlated data, efficient estimation for parameters of interest
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requires correct specification of the correlation structure among the observations,
which is, however, typically unknown. Therefore, a so-called working correla-
tion structure 1s employed in point estimation. The sandwich estimator yields a
consistent estimate of the covariance matrix under a misspecified working cor-
relation matrix as well as under heteroscedastic errors. In both of these two set-
tings, the sandwich method provides asymptotically consistent estimates of the
covariance matrix for parameter estimators when the distributional assumptions
fail to hold or are not specified. Due to these two desirable model-robustness
properties, the sandwich covariance matrix estimator is also called the robust
covariance matrix estimator or the empirical covariance matrix estimator.

[S0] commented that the argument in favor of the sandwich estimate is that
asymptotic normality and asymptotic coverage of confidence intervals require
only a consistent variance estimate, so there is no direct need to construct a
highly accurate covariance matrix estimate. But the consistency of the sand-
wich variance estimate has its price in increased variability; that is, sandwich
variance estimators generally have a larger variance than model-based classical
variance estimates. In addition, the authors pointed out that under certain con-
ditions when the model assumptions are correct, the sandwich estimator is often
far more variable than the usual parametric variance estimates. The additional
variability directly affects the coverage probability of confidence intervals con-
structed from the sandwich variance estimates, which is the price one pays to
obtain consistency even when the parametric model fails. More discussions are
given in [91], [9] and among others.

In the quasi-likelihood estimation for GLM, the sandwich covariance matrix
estimators, such as (2.19) and (2.24)), lead to a consistent estimation of the covari-
ance matrix even when the variance structure in the second moment assumption
1s incorrect. Note that under the misspecification of the first moment as-
sumption (2.7), confidence intervals constructed from the sandwich estimators
do not achieve the nominal coverage probability, because the estimators of the
parameters of interest are inconsistent.
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2.4.1 Simulation experiments

In this section, we describe three simulation studies to investigate the cov-
erage probabilities of confidence intervals (CIs) from the sandwich covariance
matrix estimators and the model-based covariance matrix estimators under mis-
specifications of the variance structure or the mean structure.

Simulation 2.1 (LM - Heteroscedastic errors) A sample of observations
{()’i,xi);i = 17 ’n}
is generated from the following simplest linear regression model:

y,-:,80+ﬁ1xi+e,-, izl,---,n.

Here the covariate x;’s are 1.1.d. observations from a Gaussian distribution with
mean 0 and variance 1. In practice, it is common that the sampling errors show
large variability when the observations drawn from the population are far from
the center. Therefore, in this experiment, the error terms e; are independently
generated from a Gaussian distribution with mean 0 and heteroscedastic variance
Var(Y;) = o2h;, where hj; is the i-th diagonal element of the hat matrix H,
defined as H = X (XTX)_1 XT. The true values of the two regression coefficients
are By = 1 and B; = 2, and the parameter o is set to be 100. We generate the
data with different sample sizes n = 20, 50, 100, 200, 500. Note that the average
variance Var(Y;) would be 10, 4, 2, 1, and 0.25, corresponding to each of the
sample sizes.

Based on 1000 replicates, we show, in Table the empirical coverage prob-
abilities of the 95% sandwich Cls (95% ClIs obtained from the sandwich variance
estimates), and the 95% model-based ClIs (95% ClIs obtained from the model-
based variance estimates), with different sample sizes n = 20, 50, 100, 200, 500.
Table2.2]reports the results of the empirical standard deviations of the coefficient
estimates, denoted by S D,, the average squared root of the sandwich variance
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estimates, 1.e. the average sandwich standard deviations, denoted by S D%, and
the average squared root of the model-based variance estimates, i.e. the average
model-based standard deviations, denoted by S D5, .

Conclusion

As shown in Table 2.1] as the sample size increases, the empirical coverage
probabilities of the sandwich Cls for each regression coefficient, 5y and B;, ap-
proach the nominal value 0.95. Compared to the sandwich CIs, the model-based
CIs perform poorly in the sense that they cannot attain the nominal coverage
probability, especially for the slope parameter 8;. Moreover, in Table we
find that the average sandwich standard deviations, S D¢, are closer to the empir-

ical standard deviations S D, than the average model-based standard deviations,
SDs.

Table 2.1: Empirical coverage probabilities of the 95% sandwich CIs and model-based CIs with
different sample sizes.

Bo Bi
sample size model-based sandwich model-based sandwich
20 0.925 0.911 0.820 0.852
50 0.938 0.937 0.819 0.903
100 0.951 0.948 0.820 0.926
200 0.953 0.949 0.830 0.939
500 0.943 0.942 0.836 0.954

Simulation 2.2 (GLM - Misspecified variance structure) A set of observations
{(Vi,xi);i = 1, 3”’}
is generated from the following model:

yilpi ~ Negative Binomial(k, p;),
B 1
1+ exp(m)/k’

Di where 1; = Bo + B1xi,

33



Table 2.2: The empirical standard deviations of the coefficient estimates, denoted by S D,, the
average sandwich standard deviations, denoted by § D¢, and the average model-based standard
deviations, denoted by S D, , based on 1000 replicates.

Bo Bi
sample size SD, SD; SDS SD, SD; SDg
20 0.752 0.694 0.723 1.038 0.663 0.819
50 0.291 0.281 0.285 0.412 0.278 0.367
100 0.141 0.141 0.142 0.204 0.14 0.19
200 0.07 0.071 0.071 0.101  0.07 0.098

500 0.029 0.028 0.028 0.04 0.028 0.039

fori =1,---,n. Note that the mean and variance of y; from this model are given
by E(Y;)) = p; = exp(Bo + B1x;) and Var(Y;) = u(1 + p;/k), fori = 1,--- ,n.
Here the covariate x;’s are independently sampled from a Gaussian distribution
with mean 0 and variance 0.1. The true values of the regression coefficients are
Bo = 1 and B = 2. The sample size is set to be n = 200. In addition, the value of
kissettobe 1,5, or 9.

We fit the data with a negative binomial log-linear regression model and a Pois-
son log-linear regression model, respectively. That is, for the negative binomial
regression model, the estimate of 8 = (B, 51)7 is obtained by solving the equa-
tion

C Vi — Mi
Z mﬂixi =0, (2.32)
i-1 Hi T H;

where x; = (1, x;)T and u; = exp{n;}, from the log likelihood function

L(B) &< > klog pi + yilog(l = py).

i=1

For the Poisson regression model, the estimate of 8 = (By,5:1)" is obtained by
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solving the equation

DA =0, (2.33)
o1 Hi

from the log likelihood function

[n(B) o Z yilog pi — ;.
i=1

Note that in both of these two models, the mean structure is correctly specified.
The variance structure, given by Var(Y;) = u; + ,ul.2 /k, is correctly specified in the
negative binomial regression model, but is misspecified in the Poisson regression
model, with the variance function V(u;) = u;.

We calculate the empirical coverage probabilities of the 95% sandwich Cls
and the 95% model-based CIs under the negative binomial regression model and
the Poisson regression model, based on 5000 replicates. The results are shown in
Table 2.3] Table 2.4 reports the empirical standard deviations of the coefficient
estimates, denoted by S D,, the average sandwich standard deviations, denoted
by S D¢, and the average model-based standard deviations, denoted by S D7 ,
under both of the negative binomial regression model and the Poisson regression
model.

Conclusion

As shown in Table [2.3] under the negative binomial regression model which
correctly specifies the variance structure, the model-based CIs and sandwich Cls
give approximately the same empirical coverage probabilities. In addition, for
the slope parameter S8, the model-based CIs have slightly more stable perfor-
mance than the sandwich CIs. This conclusion agrees with the discussion about
the variability of sandwich variance estimators by [50]. Under the Poisson re-
gression model, for each value of &, the sandwich CIs perform better than the
model-based Cls in the sense that the empirical coverage probabilities of the
sandwich ClIs are closer to the nominal value 95% than those of the model-based
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CIs. Moreover, from Table 2.4, we find that under the negative binomial re-
gression model, the average sandwich standard deviations S DY and the aver-
age model-based standard deviations S Dj, are approximately equally closer to
the empirical standard deviations S D,. However, under the Poisson regression
model, the average sandwich standard deviations S D¢ are closer to the empirical
standard deviations S D, than the average model-based standard deviations S D5,.
In addition, as the value of k increases, the difference between these two average
standard deviations shrinks.

Table 2.3: Empirical coverage probabilities of the 95% sandwich Cls and model-based CIs under
the negative binomial regression model and the Poisson regression model with different values
of k.

Negative Binomial

k Bo B
model-based sandwich model-based sandwich
1 0.949 0.944 0.952 0.938
5 0.952 0.948 0.951 0.944
9 0.941 0.939 0.952 0.942
Poisson
k Bo Bi
model-based sandwich model-based sandwich
1 0.698 0.943 0.689 0.943
5 0.888 0.947 0.880 0.943
9 0.900 0.939 0.912 0.942

Simulation 2.3 (LM - outliers) A sample of observations
{i,x);i=1,--- ,n}
1s generated from the following simplest linear regression model:
vi=Bo+pPixi+e, i=1,---,n

Here the covariate variables x;’s are 1.1.d. observations from a Gaussian distribu-
tion with mean 0 and variance 1. The error terms e; are independently generated

36



Table 2.4: The empirical standard deviations of the coefficient estimates, denoted by S D,, the
average sandwich standard deviations, denoted by § D¢, and the average model-based standard
deviations, denoted by S D{,, under both of the negative binomial regression model and the Pois-
son regression model, based on 5000 replicates.

Negative Binomial

Bo Bi
k SD, SDs, S D¢ SD, SDs S D¢
1 0.0835 0.0831 0.0822 0.7764 0.7881 0.7633
5 0.0536 0.0538 0.0535 0.487 0.4864 0.4771
9 0.051 0.0495 0.0491 0.4897 0.4879 0.4807
Poisson
Bo Bi

kK~ SD, SD° SD° SD, SD° SD°

I 0.0836 0.0436 0.0822  0.7902 0.4069 0.7797
5 0.0536 0.0435 0.0535  0.4902 0.3865 0.4785
9 0.051 00435 0.0491  0.4900 04255 0.4814

from a Gaussian distribution with mean 0 and variance 1. The true values of the
two regression coeflicients are Sy = 1 and 8; = 2. The sample size n is set to be
200. In order to create a certain proportion of outliers, we select the observations
with the smallest values of the covariate x; (usually negative), and then drag them
horizontally around the reflect point of zero as they were likely to be recorded
with a mistake of sign, shown in Figure 2.1 The proportion of outliers is set to
be 0.5%, 1%, 1.5% or 2%.

Based on 500 replicates, we show, in Table 2.5] the empirical coverage prob-
abilities of the 95% sandwich CIs and the 95% model-based CIs. In addition,
Table reports the average biases of the LS estimates of the regression co-
efficients, based on 500 replicates, with different proportions of outliers for the
given sample size 200. Table reports the average biases of the LS estimates
of the regression coeflicients, based on 500 replicates, with different sample sizes
for a given proportion 2% of outliers.
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Conclusion

As shown in Table and Table the biases of the LS estimates of re-
gression coeflicients increase as higher proportions of outliers are included in
the data. In addition, in the presence of a certain proportion of outliers, these
biases will not vanish even when the sample size gets larger. Due to the biases,
the sandwich CIs are not able to attain the nominal coverage probabilities ex-
cept for a substantially small proportion of outliers, say 0.5%. The model-based
CIs have even poorer performance. Especially for the slope parameter S, the
model-based CIs have zero tolerance, namely, they are tolerant at most for 0%
percentage of outliers, but the sandwich ClIs are tolerant for a lower percentage
of outliers, say lower than 1%.

Table 2.5: Empirical coverage probabilities of the 95% model-based CIs and the 95% sandwich
CIs with different proportions of outliers. The sample size of the data is 200.

Bo Bi
proportion of outliers model-based sandwich model-based sandwich
0.5% 0.950 0.958 0.604 0.976
1.0% 0.926 0.902 0.250 0.922
1.5% 0.870 0.822 0.030 0.752
2.0% 0.838 0.756 0.012 0.374

Table 2.6: Average biases of the LS estimates of regression coefficients, based on 500 replicates,
with different proportions of outliers. The sample size is 200.

proportion of outliers 0.5% 1.0% 1.5% 2.0%
Bias(Bo) -0.050 -0.084 -0.123 -0.149
Bias(B;) -0.153 -0.263 -0.369 -0.453
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Figure 2.1: A sample of 200 observations from a simple linear regression model with 1% of
outliers (solid square).

39



Table 2.7: Average biases of the LS estimates of regression coefficients, based on 500 replicates,
with different sample sizes. The proportion of the outliers is 2%.

sample size 50 100 200 500
Bias(8y) -0.153 -0.150 -0.149 -0.151
Bias(8;) -0.432 -0.441 -0.445 -0.457

Summary

(1) The first two simulation studies have illustrated the consistency of the sand-
wich variance estimates even when the variance structure is misspecified.

(2) The validity of the consistency property requires the correct specification of
the mean structure. In Simulation [2.3] since outliers violate the mean struc-
ture, neither the sandwich CIs or model-based CIs can attain the nominal
coverage probabilities due to the presence of biases. However, the sandwich

ClIs are more tolerant of a low proportion of outliers than the model-based
ClIs.

(3) In Simulation 2.2] as k — oo, the variance structure assumed in a negative
binomial regression model V(u) — u. The sandwich and model-based vari-
ance estimators become closer, as the unit variance function approaches the
true variance structure of the data distribution. Due to this property, a test
statistic is proposed in Chapter 4 by comparing the two types of variance
estimators.

2.5 Information Matrix Test (IM) for Model Misspecification
Proposed by Hulbert White

As shown from the three simulation studies in Section 2.4, if the distributional
model is misspecified, the coverage probabilities differ substantially between the
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sandwich and model-based confidence intervals. This is due largely to the dis-
crepancy between the sandwich variance estimates and the model-based variance
estimates, and furthermore, essentially to the difference between the negative
sensitivity matrix and the variability matrix. According to [88]], a direct test for
heteroscedasticity in LM can be constructed by comparing the elements of the
difference between the consistent estimates of the negative sensitivity matrix and
the variability matrix. With the absence of heteroscedasticity, these two matrix
estimates will be approximately equal, but will generally differ otherwise. [87]
extended this test further to more general situations.

Suppose that f(y, 6) is the density function of the parametric distribution im-
posed for the data analysis, where 8 = (6,,--- ,6,) is the parameter of interest.
Define two p X p matrices

B ’log f(Y;0)\) _
A(O)_{E( %606, )}—{AU(O)},

01 Y;0)01 Y;0
B() = | p[ 2108/ 12 0)dlog /(Y3 6)
00; a6
Note that these two matrices are essentially the negative sensitivity and variabil-
ity matrices of the p-element estimating function

= B0}

Vglog f(y:6) = (910g f(y:0)/26,. - .dlog f(y:0)/d6,)

If the model is correctly specified, according to [87], the Bartlett identity holds
at 6 = 6y, namely

—Aij(00) = B,-j(HO), or AZJ(H()) + BZJ(G()) = O, fOI' l,_] = 1, I 2

which is called the information matrix equivalence [87], also referred to as the
“information unbiasedness” ( [/5]). On the other hand, the failure of the infor-
mation matrix equivalence indicates that the model is misspecified. [87] pro-
posed an information matrix (IM) test for model misspecification based on the
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argument above. First, define another two p X p matrices:

10 9% log f(yi; 0)
A"“’)-{;; 86,00, }

B.(6) - {1 3 510gf(yi;0)0logf(yi;0)}.

n p (991 691

The matrices A,,@:n) and Bn(b\n) are consistent estimators of A(6@) and B(0), re-
spectively, where ), is the so-called quasi-maximum likelihood estimator (QMLE),
which maximizes L,(y; ) = % " log f(y:; 0), the quasi-log-likelihood of the

sample y = (y1,---, )l __[87] derived the asymptotic distribution of the ele-
ments of \n (An(On) + Bn(Hn)). With a consistent estimator for the asymptotic

covariance matrix, denoted by V,(6,), he constructed an asymptotic y* statistic
of the [82] type. The IM test by White is discussed in detail in Section 2.5.1.

2.5.1 Information matrix test statistics

Consider the upper triangle elements of A(0) + B(6),

di(y.6) = dlog £(y,6)/36; - dlog f(y.8)/36, + 6 log £(y.6)/96;36),

wherel=1,--- ,p(p+1)/2;j=1,--- ,p;t = J,---, p. Itis useful to consider a
test on certain linear combinations of these elements, or simply a subset of these
elements. This is because, firstly, some may be identically zero, and secondly,
d;(y, ) may consist of the set of linear combinations of the others.

Define the g X 1 vector d(y, 0), g < p(p + 1)/2. Then

D) =n"" > d(y,6,) and D) = E{d(Y,6))

i=1
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are both g x 1 vectors. Also define the g X p Jacobian matrices

VD,(6) = {n_l > c’)dl(y,-,O)/@Qk} and  VD(O) = {E (3d/(Y,0)/06,)} .
i=1

Define
V() = E{|d(Y.6)~ VD@O)A®) 'V log f(V.6)|
[d(v,6) - VD®A®) ' Viog £, 6)] |
Note that V(6)) is the asymptotic covariance matrix of \/ﬁDn(En) under the null

hypothesis that the model is correctly specified, and it can be consistently esti-
mated by

n

V@) = n7' ) [d(i,8,) = VD,(0,)A(8,)7'V log £ (31, 6,)]
i=1

(40, 8,) - VD,0,)4,0,) 'V log £(3,6,)] -

Theorem 2.8 (White’s Information Matrix Test) Under mild regularity con-
ditions, if the model f(y; 0) is correctly specified,

(i) NnD,(6,) d MVN (0, V(8y));

(ii) Vn(gn) a.s, V(60y), and Vn(gn) is nonsingular almost surely for all n suffi-
ciently large;

(iii) the information matrix test statistic

nDn(/én)TVn(b\n)_an(b\n) ~ )(fl, asymptotically.
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More details can be found in [87]. In the rest of the thesis, we call this test
the White’s IM test. Rejection of the null hypothesis that the model has been
correctly specified implies that, at least, the model-based covariance matrix es-
timator An(ﬂn) is inconsistent, and possibly, the QMLE 6, for the parameters
of interest is inconsistent. However, in practice, the calculation of the estimator
Vn@) can be cumbersome due to the requirement of third derivatives. Often
it can be shown under the null hypothesis that VD(6,) vanishes, so that V(6y)
is consistently estimated by n~! 3, d(i,0,)d(;,6,)T. When VD(8,) does not
vanish, V(6) can be consistently estimated by

> d(3i, 6,)d(i, 6,)" = VD,(8,)Ca(6,)VD,(6,),

i=1

where C,(0) = A,(6)"'B,(0)A,(6). However, even though these alternative esti-
mators can be employed for simplification, they are neither consistent nor nec-
essarily positive semi-definite when the null hypothesis fails.

Moreover, if the model misspecifications amount only to the loss in efficiency
associated with quasi-maximum likelihood estimation, rather than inconsistency
of the resultant parameter estimator or covariance matrix estimator, the informa-
tion matrix test will lose power. To overcome this shortcoming, in Chapter 4, we
propose an information ratio test, targeting model misspecification of the vari-
ance/covariance structure, but with the correct specification of the mean struc-
ture. Several simulation studies show that the proposed information ratio test is
more powerful than the White’s IM test when the model misspecification leads to
consistent but inefficient estimators of parameters of interest, such as regression
coefficients.
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Chapter 3

Godambian Estimator of Dispersion
Parameter

Model misspecification leads to a large discrepancy between the model-based
and sandwich variance estimators. Usually, the dispersion parameter o2, in the
model-based variance estimators, is estimated by a moment estimator, if its true
value is unknown. The moment estimators, for example, and (2.31), can
be regarded as an equally weighted sum of the squared Pearson residuals. In
this Chapter, it can be shown that in the sandwich variance estimators, compared
with the model-based variance estimators, the dispersion parameter o is anal-
ogously estimated by a weighted sum of the squared Pearson residuals in GLM
or the squared transformed residuals in GEE. This estimator is called the Go-
dambian estimator of the dispersion parameter. In addition, we show that, for
each individual regression coefficient, the weights in the Godambian estimator
take a form of the difference between the diagonal elements of two hat matrices:
one is obtained from the full “weighted” design matrix, and the other is obtained
from the sub-matrix, with the corresponding covariate column deleted from this
full matrix. Moreover, in LM, it can be shown that the weights in the Godambian
estimator, related to a certain individual regression coefficient, characterize the
influence from the corresponding covariate.
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We will start with the GLM for independent data, and then extend the result
to the context of GEE for correlated data.

3.1 Generalized Linear Regression Models

In the context of GLM, the model-based and sandwich covariance matrix es-
timators, (2.22)) and (2.19), of the regression coefficient estimator 8, are given
by, respectively,

ASCOV,,(B,) = T2 (XTKfT/‘lZX)_l :

where the matrix A is given in (2.13)), the matrix YV is given in (2.14)), and the
dispersion parameter o2 is estimated by a moment estimator >,, if the true value
1s unknown, and

ASCOV.(B,) = (X"AV'ax)" (XTAV'RV'AX) (X AV 'AX)

Let V'/2 be an n x n diagonal matrix with the i-th diagonal element /V (). Let
R, be an n X n diagonal matrix, defined by

R, :diag{ril,o-- 7 } (3.1)

Pn

where r,, is the Pearson residual, given by

_ JiT Hi i=1,--.n

rP,i ’
VV @)

Define U = V-1/2AX. Note that the matrix U consists of the weighted co-
variates with the weights f,/ +/V(u;) for each subject, so it can be regarded as
a “weighted” design matrix. Then, the model-based and sandwich covariance

matrix estimators, (2.22)) and (2.19)), can be written as

ASCOV,(B,) =72 (T'T) ", (3.2)
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and

Ascov,@, = (T'0) " (U"R,0)(T70) . (3.3)

Theorem 3.1 Suppose that, for the regression coefficient Bj_y, j = 1,---, p, the
sandwich variance estimator of the coefficient estimator 3;_| can be written as

ASVAR(B;-1) = T°_,a;, (3.4)

-1
where a; is the j-th diagonal element of the matrix (U Ty ) , given in the model-
based covariance matrix estimator ([3.2).

Here 5?_1 can be regarded as an estimator of the dispersion parameter o2,

written as a weighted sum of the squared Pearson residuals, that is,

]I_ZA(] Ve j=1-p. (3.5)

The weights ij “ are given by

W = hy = h, (3.6)

124

where E,- is the i-th diagonal element of the hat matrix H, defined as

H=U(0'0) U, 3.7)

and h ) is the i-th diagonal element of the hat matrix H H) , defined as

— — — — 1 =r
H = Uy (UL, Ucp) UL,
obtained from the sub-matrix ﬁ(_ j) with the j-th column deleted from U, for
j=1,---,p.
2

The estimator 5’]-1 is called the ;_1-specific Godambian estimator of the

dispersion parameter o>
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Note that the hat matrix H (3.7) is also referred to the leverage matrix for Poisson
regression models ( [32] and [89])).

Proof. First of all, suppose that the matrix U is an orthogonal matrix, i.e.,
U'U = I,, where I, is a p-dimensional identity matrix. Its diagonal elements
area; = 1,for j=1,---, p. In addition, the sandwich variance estimator of 8;_;

1s given by

ASVARBj-)= Y w2, 2, j=1,.p,
i=1

where u; j_ 1s the (i, j)-th element of the matrix U. Tt follows from 3.4)) that

n n

~2 —~(j-1D. 2 _ 2 2
01~ w; Foi = Z Ui j=1Tps>
i=1 i=1
where the weights are w A(] D u2 _, with 377, w A(J D=1,
The hat matrix H (3.7) has the i-th dlagonal element h,, = Qe luzk - If we

delete the j-th column from the matrix U, the resulting matrix U( j) 1s also an
orthogonal matrix, i.e., U U( —j = I,—1. Then, the corresponding hat matrix
H®" has the i-th diagonal element/h\( D= Z u;._,. Thus, the weights
k]
1
’\(] )_ l_h”_h ])'

l

Secondly, let us consider the case that the matrix U is an arbitrary matrix of
full rank. By the QR factorization [38], the matrix U can be decomposed as
follows:

M="Uo, (3.8)

where Q is a p X p upper triangular matrix, and II is an orthogonal matrix, i.e.,
'l = I,. Under this decomposition, (UTU)™" = QQ7, and the sandwich
covariance matrix estimator (3.3]) can be re-written as

ASCOV,(B,) = Q(II"R,IT) Q" (3.9)
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Let us start with the parameter §,_;, the last element of the coeflicient vector 8.
Let U, denote the sub-matrix which deletes the p-th column from the matrix
U. Re-express the matrix I as

II = ( H1 T ),
where I1; is an n X (p — 1) matrix containing the first p — 1 columns of the matrix
II, and r = (my,--- ,m,)" is the last column vector of IT. We can also re-express
the matrix Q as
O q
0 (% 1),
q22

where Q1 1sa (p—1)X(p—1) upper triangular matrix, g, is a (p — 1) X 1 vector,
Oisalx(p— 1) zero vector, and g,; is a scalar.

The p-th diagonal element of the matrix (U”U)~! is a, = ¢,. The sandwich
variance estimator of 8,_; can be written as

ASVAR,(By-1) = gy’ Ry = a3, ) mire. (3.10)
i=1

Then, we can obtain

=y w2 = N (3.11)

where the weights are w\" " = 72,

The hat matrices are invariant under orthogonalization. That is, the hat matrix H
3.7) w.r.t. U is equivalent to the hat matrix H, w.r.t. I, i.e.,

— —\ —

H=0U(0'0) 0" =n(n'n) o’ = H,.

I

Since H, = ILI1] + zx’, the i-th diagonal element, i, of H equals to the sum
of the i-th diagonal elements of the matrices H1H1T and inl, fori=1,---,p.
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Moreover, the QR decomposition of ﬁ(_ p) 18 obtained by

IT; = ﬁ(—p)Qll,

from the QR decomposition (3.8]). Then, the i-th diagonal element,/l;(_p ), of H=P)

ii
equals to the i-th diagonal element of H1H1T. Because the i-th diagonal element
2 KP4 72, Therefore, the weights W'~

i’ i

of anl isn
written as

we can obtain h;; = can be

L S A )

i l i

fori=1,---,p.

Next consider other elements of the coeflicient vector B, By, - -+ ,B,—2. Given
anindex j € {1, , p — 2}, let X be the resulting matrix that swaps the j-th and
last columns of the matrix X, that is,

X =XS,

where the matrix S is a p X p matrix given by

J p
1 0 0--- 00
0 1

0O 0 0--- 10
p0--1--00

Let E = (EO, e ,Ep_l) denote the vector which switches the j-th and p-th
element of the regression coeflicients B, i.e., E = SB. Let En = (,EO, e ,Ep_l)
denote the corresponding estimator of B It is easy to show that En = Sﬁn,

which implies that the estimator En switches the positions of Ej_l and §,_; in
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the estimator 8,. That is, B;_; = ,Ep_l. Let U = V-2AX = US, which swaps
the j-th and p-th columns of the matrix U. Note that the fitted values, variance
function and Pearson residuals remain the same under the swap because they
depend on the regression coefficient estimator only through the linear predictors

)?,E = X,E. The sandwich covariance matrix estimator of En can be written as
ASCOV,(B,) = S{AsScov,B,)}s.

which swaps the j-th and p-th diagonal elements of ASC OVs@n). It implies that
the sandwich variance estimator of 3;_;, given by

ASVAR(Bj-1) = 55_,a;,

1s equivalent to that of 5,_;, given by

p-1

= ~2
ASVARB,_,) = 0 ,_1ap,

—_ —

= 1 —~ . .
where a; is the j-th diagonal element of (U Ty ) and a,, 18 the p-th diagonal el-

T —~

-1 -1
=T= =T= -1
ement of (U U ) . Under the swap, (U U ) =S (U Ty ) S, which indicates

—_ =2
that @, = a;. It follows that &, ; = 0°_,.

n
. =2 =(p-1) )
According to the results (3.11)), Oy = w; rii, where the weights are

i=1
=p-n = =P
—hy

Wi = hy;

, (3.12)

= ~ = ([=T=\"l=r
where £;; is the i-th diagonal element of the hat matrix H = U (U U ) U ,and

=(=p)
h..  1s the i-th diagonal element of the hat matrix

12
—~(=p) = =T = -l <7
H =Up|UpUcp| Ucp.
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— —_

Here, U (-p) 18 the sub-matrix with the last column deleted from U, which is the
same as the sub-matrix U_, with the j-th column deleted from U. Consequently,
=-p) . = -

h; = ’ﬁfl_’ ). In addition, since the hat matrix is invariant w.r.t. swap, h; = h;;.

Therefore, &'?_1 , given in the sandwich variance estimator AS VARS(,EJ-_l), can be

written as
A(J 1)2 -_

A(] = h,, /h\fl_J ). This completes the proof of Theorem 3.1|

where the weights w

3.1.1 Special Case: Godambian estimators of the variance parameter o>
in LM

In the context of LM, under the assumptions
pi=x/B, and V(u) =1,

the matrix U reduces to the original design matrix X, and the Pearson residuals
r,,, reduce to the raw residuals r;.

Corollary 3.1 Suppose that, for the regression coefficient Bj_y, j=1,---, p, the
sandwich variance estimator of the coefficient estimator 3;_1 can be written as

ASVAR(B;-1) = 7°_,a;, (3.13)

-1
where a; is the j-th diagonal element of the matrix (XTX) , given in the model-
based covariance matrix estimator (2.25)).

2

Here Ej_ 2

| can be regarded as an estimator of the variance parameter o~,
written as a weighted sum of the squared residuals, that is,

Jl—ZW”)?, j=1-.p. (3.14)
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The weights wl(.j 7’ are given by

w D =y — 17, (3.15)
where hj; is the i-th diagonal element of the hat matrix H, defined as
-1
H=Xx(x"x) X', (3.16)

and hl(.l._j) is the i-th diagonal element of the hat matrix H=/ obtained from the

sub-matrix X_j, with the j-th column deleted from the full design matrix X,
defined as

—9 -1
H™) = X)) {X(T—j)X(—j)} XL (3.17)

2
j-1
variance parameter 0'2.

The estimator o_, is called the B;_,-specific Godambian estimator of the

Here, the weights take differences between the diagonal elements, also called
leverages, from two hat matrices. [44] discussed that the diagonal element, A;;,
of the hat matrix can be interpreted as the amount of leverage or influence of the
i-th observation exerted on the fitted value based on the full model. Specifically, a
large value of h;; represents high influence if the i-th observation (x;o, - -« , x; p—1)
is far away from the sample center in the space R”. This observation is called a
“high leverage point”. On the other hand, when the observation is closer to the
center, it has lower influence on the fitted value, and consequently, the value of
h;; becomes smaller.

Similarly, hgl._j) characterizes the amount of influence on the fitted value by
the i-th observation (x;o, - - , X; j—2, X j,* "+ , Xi p—1) 1n the space R”~! based on a
sub-model without the j-th covariate. Therefore, the weights ng D= h; — hgi_j)
can be interpreted as the amount of influence of the i-th observation on the fitted
value contributed from the j-th covariate. It is worth pointing out that
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) YW= 1 forj= 1y
i=1

(2) it is expected that when the observation x; ;_; approaches to the sample
center of the j-th covariate variable, the value of wEJ D tends to get smaller;

on the other hand, the value of ng Vs likely to get larger if the observation

deviates from the center.

Simulation

Through a simulation study, we will investigate the properties of these Go-
dambe weights in the LM setting with independent covariates. Consider a sam-
ple of observations {xii,---,x, 1} independent drawn from a Gaussian distri-
bution N(1, 1), and another sample {x;,- - , X, 2} from a Gaussian distribution
N(2,0.5). The sample size n is 200. The full design matrix X is given by an
n X 3 matrix with the i-th row (1, x;;, xp), fori = 1,--- ,n. Foreach j =1,2,3,

the weights ng 1 calculated from (

3.15

, are regressed non-parametrically on

all the three covariate variables {x_1,--- , Xu4-1}, K = 1,2,3, using a kernel
smoothing technique (see [64] and [74]). That is, for each i, the kernel regres-

(k=1)

i

sion estimate of the weight w

n

on the covariate x; j_;’s is given by

k=1
Z Kn(X1j-1 — X;, j—1)W§ )

~(fr— =1
W(.k D =

l n

’ jak:172’39

Z Kn(X1,j—1 — Xi j-1)

=1

where k() is the kernel function, and /4 is the bandwidth. Here we use a Gaussian
kernel with bandwidth 2. For j = 1, x;0 = 1, fori = 1,--- ,n. Then, the kernel

estimates of the weights wl(.o)
n
meann~' Yy w!” = 1/n = 0.05.

i=1
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Figure [3.1| displays the kernel estimates of the weights wl(.l) regressing on Xx;

and xj, respectively. As expected, in the left panel of the figure, the pattern of
the kernel estimates of the weights ng) strongly associated with the covariate x;;
agrees with what we have discussed above. That is, the estimates get smaller
when the covariate x;; gets closer to the sample center. In addition, the right
panel shows that the kernel estimates are almost constant, without any obvious

relation between the weights ng) and the covariate x;;. Similar results are found

in Figure 3.2, which shows the kernel estimates of the weights sz) regressing on
x;1 and x;, respectively.

Summary. This simulation experiment shows that the weights ng D are strongly

associated with the covariate x; j_;, but rarely have relation with other covariates,
for j =1,---, p. In LM, the error terms are usually assumed to be independent
random variables with mean 0, and constant variance o2 Checking on these
assumptions is often carried out by visual examination of appropriate residual
plots. For instance, plotting the residuals versus certain covariate variables is
able to show certain kinds of heteroscedasticity, which violate the assumption of
constant error variance. Let r; denote the residual from the i-th data point. It can
be shown that under the homoscedasticity assumption,

E(r})=(—hypo?, i=1,---,n.

Suppose that a certain covariate, say x; j—i, accounts for the heteroscedasticity in
the model; that is, the squared residuals can be modelled in the following form:

;= =hpo’ +gxij)+& i=1,---,n,

where g(-) is a certain function defined on only the covariate x;;_i, and &; is
an error term, assumed to have expectation 0. Consider a weighted sum of the
squared residuals with a certain standardization procedure,

n (k—l)

S
T 1= hoy g2
Zl:l( ll)W g

i=1 i
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fork=1,---,p. If kK # j, its expectation is

n W(.k_l)
E : rl-2 =1,
{; S = hiw Vo }

if we assume that the covariate (x; 4_1,- - , X,4—1) is sampled independent of the
covariate (xl, =1t X je 1). If k = j, its expectation is

k-1 -1
. wi Y o| i Ve j0)
E Z n -1 i =1+ no (-1 ’
Y (I = hiw” o we (1=

= T h;))o2
i=1 i=1 u
which deviates from 1. As a result, this property is helpful to identify the covari-

ate which is responsible for the heteroscedasticity by the information ratio test,
proposed in Chapter 4, when the null hypothesis is rejected.

3.2 Generalized estimating equations

In this section, all the results derived from the quasi-likelihood inference in
GLM for independent data will be extended to the GEE in longitudinal data
analysis. The model-based and sandwich covariance matrix estimators of S are

given by (2.30) and (2.28))
K -1
ASCOV,(By) = 2 {Z B,TE;‘E} :
i=1

and
-1
ASCOV,(By) = {Z D's'D } {Z DIs'rils; D} {ZK: B{A;IE,}.

K
Let N = Z n;. Let y be an N X 1 vector, defined as
i=1

= (y’{’ 9y]7;)’
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Kernel regression on x1 Kernel regression on x2
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Figure 3.1: The kernel estimates of the weights wgl) associated with the covariate x;;, regressing

on both x;; and x;,, respectively, with the bandwidth 2. The left panel shows the kernel estimates
regressing on x;;, and the right panel shows the kernel estimates regressing on x;,.
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Figure 3.2: The kernel estimates of the weights wgz) associated with the covariate x;,, regressing

on both x;; and x;,, respectively, with the bandwidth 2. The left panel shows the kernel estimates
regressing on x;;, and the right panel shows the kernel estimates regressing on x;,.
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and u(B) be an N X 1 vector, defined as
uPB)" = (ui,- - pp),
and D(B) be an N X p matrix, defined as
DP)T = (D1T D1T<)
and X(B, p) be an K X K block diagonal matrix, defined as
L(B,p) = diag{Xy,--- , 2k} .
Then, the GEE (2.27)) can be written as

1
Yx(B.p) = ;@(ﬁﬁ:w, p) "y —p@P)} =0. (3.18)

Let B, and Py denote K'/2-consistent estimators of the regression coefficient 8
and correlation parameter p. Let u, D and X denote the vector and matrices p,
D and X evaluated at the estimates B and py. Define the residual vector r by

r=y-p. (3.19)

Note that the residual vector can be written as r’ = (r,---,rk), where r; =

y;—M;, fori=1,---, K. The sandwich covariance matrix estimator of 8 can be
written as

. PR T P N P O e e |
ASCOV,(By) = {@Tz 11)} {@Tz 'Ry 11)} {@Tz 11)} . (3.20)
where R is a K X K diagonal block matrix, defined as

R = diag {rir{, - . rgri). (3.21)

Fori = 1,---, K, suppose that the matrix R;(py) is positive definite. By the
Cholesky decomposition ( [31]), this matrix can be decomposed as follows

Ri(pyx) = LiL!, (3.22)
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where L; is a lower triangular matrix. Define the Pearson residual vector for
subject i, which can be written as

T
r, = (rP,i,] LR rP,i,n,-) ’ (3.23)
where r,, . is the j-th Pearson residual for subject i, given by

Yij = Hij . .
r, =———, i=1,--- K, j=1,---,n; 3.24
Pij V@]) J l ( )
The Pearson residual vector r,, for subject i can also be written as r,, = 51._1/ ’r,.
Define a transformed residual vector for the i-th subject by

—

F=L'G ri=L'r,, =1 K (3.25)

where the matrix L; is given in the decomposition (3.22). In this way, the resid-
uals are so-called “de-correlated” so that they mimic residuals from a standard
linear regression, which have constant variance and zero correlation. [31] gave
an interesting interpretation of the transformed residuals. For example, the first
element of r; is the standardized residuals for the first repeated observation (of-
ten the baseline measurement). The subsequent residuals represent standardized
deviations from the conditional mean of the response given all previous observa-
tions. Specifically, the k-th transformed residual 7;; estimates

Vik = EulYir, -+, Yig-1)
VVXilYit, -+ Yiko1)

Let R be a K x K diagonal block matrix, with the i-th diagonal matrix 777, . Let
U; be an n; X p matrix, defined by

k=2,---,n;.

—

U =L1"'G D,
and let U be an N x p matrix, defined by
7T T T
U = (U7, .U).

60



Then the model-based and sandwich covariance matrix estimators, (2.30) and
(2.28]), can be rewritten as

) —~2 (q7Ta7)"!
ASCOV,(By) =7, (U'U) (3.26)
and _ I
ASCOV,(B) = (U™U)  (U"RU) (U U)
Theorem 3.2 Suppose that, for the regression coeﬁicien{\ Bi-1, j=1,---,p, the

sandwich variance estimator of the coefficient estimator 3;_| can be written as

ASVAR(Bj-1) = 55_,a;, (3.27)

. —~\—1
where a; is the j-th diagonal element of the matrix ((LI T(L[) , glven in the model-
based covariance matrix estimator (3.206)).

Here 5?_1 can be regarded as an estimator of the dispersion parameter o,

written as a sum of quadratic forms in the transformed residuals , that is,
K
) U}
oy = W r, j=1,--,p. (3.28)
i=1

The weight matrices Wl.(j Y can be written as

WYl = H; - H, 7, (3.29)

ii

where Hj; is the i-th diagonal matrix of the K X K block hat matrix H , defined as

—

H =Tl Uy (3.30)

and I:I\I(Z_J ) is the i-th diagonal matrix of the K X K block hat matrix ﬂ(_j), defined
as

— . — — — -1 —
HD = Uy (UL, Uy) UL, (3.31)

61



obtained from the sub-matrix (Z\{(_ j) with the j-th column deleted from U, for
j=1,---,p.

The estimator 5‘?_1

dispersion parameter o>,

is called the ;_1-specific Godambian estimator of the

Compared to the proof of Theorem [3.1}, in the context of GEE, the matrix U
plays the same role as the matrix U in GLM. The i-th diagonal element of the
hat matrix 1s an n; X n; matrix, instead of a scalar. Consequently, the weights are
matrices. Analogous to the form of a weighted sum of the squared residuals in
LM or the squared Pearson residuals in GLM, the Godambian estimator of o2
can be written as a sum of quadratic forms in the transformed residuals.

Under certain model misspecification of variance/covariance structure, dis-
crepancy between the sandwich and model-based variance estimators will lead
to the discrepancy between the Godambian estimator of the dispersion parameter
and its true value or the moment estimator. In the next section, assuming that the
mean structure of the response is correctly specified, we construct a test statistic
by taking a ratio of the Godambian estimator to its true value or the moment
estimator.
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Chapter 4

Information Ratio Test

Testing for model misspecification of the mean structure has drawn much
attention in the literature. A large class of test statistics has been proposed, in-
cluding the quasi-likelihood ratio tests, Rao’s score tests and Wald’s statistics.
In addition, [68] developed a chi-squared inference function for testing nested
models and a chi-squared regression misspecification test using quadratic infer-
ence functions (QIF) for longitudinal data analysis. More details can be found
in Section 1.1. However, assessing the adequacy of the variance/covariance as-
sumption is also important. For example, it is a common assumption of LM that
the error terms all have equal variances. When this assumption is not met, the
loss in efficiency when using ordinary least squares estimation may be substan-
tial. Moreover, the incorrect estimation of standard errors may lead to invalid
inference. For regression analysis of count data, overdispersion is often encoun-
tered. Although the excess variation has little effect on estimation of the regres-
sion coefficients of primary interest, standard errors, tests and confidence inter-
vals may be seriously in error unless it is appropriately taken into account. The
GEE method for regression modeling of clustered outcomes allows for specifica-
tion of covariance structure, including variance function and working correlation
matrix. Much work has been done on investigating the impact of misspecifying
the correlation structure. [84] pointed out that an inappropriate choice will lead
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to inefficient parameter estimation. Also see [79]. Moreover, [85] studied the
effects of the variance-function misspecification on estimation of the mean pa-
rameters for quantitative responses. Their numerical studies showed that even if
the variance function is misspecified, correct choice of the correlation structure
may not necessarily improve estimation efficiency. Even though some methods
have been considered to test for model misspecification of variance/covariance
structure, e.g. heteroscedasticity and overdispersion, there is no systematic sta-
tistical test available in the framework of regression analysis using GLM for
independent data and GEE for correlated data.

In this chapter, we will develop a statistical test for misspecification of vari-
ance/covariance structures. For independent data, let O'ZV*(,u,-), i=1,---,n,
denote the true variance structure of the underlying distribution. Let V(-) de-
note the working unit variance function which is actually used in the quasi-score
equation (2.8) in GLM. Analogously, for correlated data, the true covariance
structure is denoted by 0! = 0G;'*R:G:'/?, where G; = diag {V*(i;)}. Let
X = Gl.l/ ZR,-Gl.l/ 2 denote the working covariance structure, including the work-
ing unit variance function and the working correlation matrix, used in the GEE
(2.27). We consider to test the null hypothesis

Hy: V() =V*(), 4.1)

in GLM, or
Hy:%L, =%, i=1,---K, 4.2)

in GEE.

By taking a ratio of the Godambian estimator of the dispersion parameter
o2, given in the sandwich variance estimators, to its true value or the moment
estimator, given in the model-based variance estimators, we propose a statistic,
called the information ratio (IR) statistic, to test for model misspecification of
the variance/covariance structure. When the mean structure is misspecified, test-
ing for misspecifying the second moment is meaningless because the residuals
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would be distorted by the incorrect mean function. Therefore, the test proposed
in this chapter and model selection of the optimal variance/covariance structure
suggested in Chapter 5 are constructed based on the assumption that the mean
structure has been chosen and correctly specified.

4.1 Asymptotic Distributions of the Dispersion Parameter Es-
timators

Both of the Godambian estimators and moment estimators of the dispersion
parameter are functions of the Pearson residuals r,, (2.12) in GLM, or the trans-
formed residuals 7; (3.23) in GEE.

4.1.1 Generalized Linear Models

Pearson residuals are based on the Pearson goodness-of-fit statistic

2 _ - (yi_ﬁi)z
= V)

In the literature of GLM, the Pearson residuals have been widely studied. See
[16], [S7], (58], [66] and [15]].

Let B, denote the limiting value of the sequence of the estimators
B.n=12.--1,

namely, B, —, B,, as n — oo.

Note that since the estimator En 1s consistent, the limiting value B, equals to
the true value of the parameter 8. Define

e =Yi—H; :y,-—h(xiTﬂ*), i=1,---,n.
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Note that ¢;’s are independent random variables with mean 0 and variance V*(u).
Lete = (e1, - ,e,)!. Under mild regularity conditions, straightforward asymp-
totic expansion of the residual vector r = y — u yields

r= {1,, ~AX (XTA*(VQIA*X)_l XTA*(Vgl} e+0,(1),

where A, and V., are the resulting matrices which substitute the estimate En in
the matrices A and V, (2.13)) and (2.14), with its limiting value B,. See [20].
Then,

(i) the expectation of the Pearson residual r,, = (y; — 1;)/ V() for the i-th
observation is approximately 0, and

(11) from [23], it can be shown that, for large sample size, the covariance matrix
of the Pearson residual vector r, = (r,,,- -, rP’n)T may be approximated by
oI, — H)Q.(I, — H,), where the matrix H, is given by

-1

H,=V'"?AX(X"AV'AX) XAV, (4.3)

and the matrix €, is an n X n diagonal matrix with the i-th diagonal element
w; = V)V,

fori = 1,---,n. Note that under the null hypothesis Hy (4.1, V*(u) =
V(u;), 1.e., w; = 1, and consequently the matrix Q. = I,.

Suppose that €, is an n-variate random vector with mean 0 and covariance
matrix 02Q,. Then, for large sample size, the Pearson residual vector can be
approximated by

r,~{,—H,)e,. 4.4)
For Gaussian responses, the Pearson residual vector r, is asymptotically multi-
variate normal distributed. However, this statement is not always true for non-
Gaussian responses, e.g., binary data, count data and etc. [47] discussed so-
called “small dispersion asymptotics”. In general, when the dispersion parame-
ter is small, the Pearson residuals are asymptotically normally distributed. Also
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see [48] and [77]. But for the Poisson and binomial cases, this small-dispersion
asymptotic normality needs to be modified because the dispersion parameter o
i1s assumed to be 1 when no over-dispersion or under-dispersion is concerned.
For the Poisson case, the Pearson residuals

_yi—ﬁi

Vo = -4 N(, 1), as yu — oo,
Hi

For the binomial case, the Pearson residuals r,, are asymptotically normal as the
number of Bernoulli trials m approaches infinity. In this sense, 1/m sometimes
is regarded as the “dispersion” parameter. Note that because of this, the Pearson
residuals in the binary case would not have asymptotic normal distribution.

Godambian estimators

The Godambian estimators of o can be re-written as quadratic forms in the
Pearson residuals r,, @) Specifically, for j = 1,---, p, the B,_;-specific
Godambian estimator of o2 can be written as

(4.5)

po

—_ — (-1
0'2._1 = rT W
J P

. . =0=-D. ) . . . .
where the Welght matrix W’ isannxn diagonal matrix with the i-th diagonal
element w A(J ), given in (3.6).

Let Wfkj Dbeannxn diagonal matrix with the i-th diagonal element ng:l),

which substitutes the estimateﬁ in the weights w A(J Y 3.6), with 8,.

Lemma 4.1 Under the null hypothesis Hy ({.1), for j = 1,---,p, the B;_i-
specific Godambian estimator has expectation

e
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where /lzjgl), k=1,---,n, are the eigenvalues of the matrix
I, -H)WYV (1, - H).

Lemma.1]is proved in the appendix. Note that
AT =@, - HoWU " @, - H).

for j = 1,---, p, where tr{-} denotes the trace of a matrix. Under the null hy-
pothesis Hy (4.1),

o) = Z wih Z Hwd™D =1+ 0(1/n),
=1

because h;; = O(1/n) and w.J_l) = O(1/n), following from }°_, h: = p and
2y w(] b = 1, where 7, is the i-th diagonal element of the matrix H.. Then,
with the order of O(1/n), the Godambian estimator 0']._1 1s an asymptotically
unbiased estimator of the dispersion parameter o2, under the null hypothesis H.

For finite sample size, with a bias correction, an unbiased version of the 8;_;-
specific Godambian estimator of o is proposed as

n A(j—l) Gol)
~ Wi o
7y, = Z SEIC w, r,, (4.6)
— D Wy i
—=(-1) .
Where W ""Visannxn dlagonal matrix with the i-th diagonal element W’ J(1—

e 1 hkk) forj=1,---,p.

In Sectlon 3.1.1, we have discussed, in LM, the fact that the weights in the
Bj-1-specific Godambian estimator characterize the influence from the corre-
sponding covariate x; ;—;’s. To incorporate the overall impact from all the co-
variates, a new Godambian estimator is defined by

n
~2 _ Ap()()l 2 TAPOOI
T ool = W, or, = rW r, 4.7)

i=1
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—pool , . . . . . —~
where W is an n X n diagonal matrix with the i-th diagonal element w? ool =

Ei /p. Here, since the influences from all the covariates are pooled in the weights
W this estimator is called the pooled Godambian estimator of the dispersion
parameter o>. We can also show that the pooled Godambian estimator Eiool is
asymptotically unbiased with the order of O(1/n), under the null hypothesis Hy.
For finite sample size, an unbiased pooled Godambian estimator of % is defined

by

n —~pool l

—~2 _ i 2 TToPboo

DY AL (4.8)
perall hkk/p

—pool , . . . . . -~
where WSOO is an n X n diagonal matrix with the i-th diagonal element A;;/(p —
i gy

Moment estimator

2

The moment estimator (2.17) of the dispersion parameter o“ can be written

as a quadratic form in Pearson residuals

_ 1
T2 = rT( I )rp. (4.9)

m Pl’l—pn

It can be shown that under the null hypothesis Hy (4.1I), the moment estimator

02, is approximately a Pearson y? statistic, i.e.,

-2
(n - p)o_m o 2
02 n_p.

Also see [39]. Moreover, it is approximately an unbiased estimator of the dis-
persion parameter 0.
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4.1.2 Generalized Estimating Equations

In the context of GEE, let B, be the limiting value of the sequence of the
estimators {,BK, K=12--- }, that 1s,

EK—>,,B* as K — oo.

The limiting value S, equals to the true value due to the consistency of the esti-
mator S.

It is rarely encountered that an arbitrary working correlation matrix with given
values of the correlation parameters is assumed, so we only consider the cases
where the values of the correlation parameters in the working correlation matrix
are unknown. For the sequence of the estimators {py, K = 1,2, - -}, suppose that
there exists a limiting value p,, namely,

Px—pp. as Koo

Note that if the working correlation matrix correctly specifies the true correlation
structure, the limiting value p, is equal to the true value of the correlation param-
eter involved in the true correlation structure. On the other hand, if the working
correlation matrix departs from the true correlation structure, the estimator of the
“working” correlation parameter converges to a certain value, which is unlikely
to be equal to the true value of the “true” correlation parameter.

Similarly to GLM, suppose that € is an N-variate random vector with mean 0
and covariance matrix 02Q,, where Q. isa K X K diagonal block matrix with
i-th diagonal matrix

Q = L;,G,, "GRG G, L (4.10)

The matrix G;, substitutes the estimate EK in the matrix G; with its true value
B.. and under the null hypothesis Hy #.2), G;. = G;. The matrix L;, is an
n; X n; lower triangular matrix such that L,-,*LZ.T* = Ri(p,), and under the null
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hypothesis Hy (4.2), Li.L], = Ri(p,) = R;. Thus, the matrix €. is equivalent to
an identity matrix I under the null hypothesis Hy (4.2). For large sample size,
the transformed residual vector 7 can be approximated by

r=(Iy—-H.)e, 4.11)

where H, is the matrix substituting the estimate EK and py with its limiting

values in the hat matrix H (3.30). Similarly to GLM, in the case of Gaussian re-
sponses, or non-Gaussian responses for small dispersion, the transformed resid-
ual vector 7 is asymptotically normal distributed.

Godambian estimator

For j = 1,---,p, the B;_1-specific Godambian estimator of the dispersion
parameter o can be written as a quadratic form in the transformed residuals 7;,
1.€.,

o =T WUF, (4.12)

where WU is a K x K diagonal block matrix with the i-th diagonal matrix
WD given i
- given in (3.29).

Lemma 4.2 Under the null hypothesis Hy ({.2), for j = 1,---,p, the B;_i-
specific Godambian estimator ({#.12) has expectation

2-{fe

where A](ngl), k=1,---,N, are the eigenvalues of the matrix

Iy - H)WI DIy -H,).
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Lemma 4.2]is proved in the appendix. Similarly to GLM, the g;_-specific Go-
dambian estimator is an asymptotically unbiased estimator of ¢ to the order of
O(1/K), under the null hypothesis Hy (4.2). Let

b; 1—tr{( ?{)(W(J 1)( 72(\)}

For finite sample size, an unbiased §;_;-specific Godambian estimator is defined

by
K

72 =Wy = Z?TW D7, (4.13)

j—Lu i
i=1

where (!/A\/(j VisaKxK diagonal block matrix with the i-th diagonal matrix
Wi W(f D/b; i, forj=1,---,p.

Moreover, the pooled Godambian estimator of o is defined by

G2 = yreoty Zr WP, (4.14)

pool

where WPl is a K x K diagonal block matrix with the i-th diagonal matrix
Wpool T L
. = H;/p. Let

b = tr (R — FH) Wl (1 — H)}

The unbiased pooled Godambian estimator of o2 is defined by

5:2 _ ~T(/M7p00 Z~T Wpoolfv (4.15)

pool,u

where W’ is a K x K diagonal block matrix with the i-th diagonal matrix
WPl = Wi/b.
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Moment estimators

In the context of GEE, the moment estimator (2.31)) of the dispersion param-
eter o® can also be written as a quadratic form in the transformed residuals

— 1 — 1
0';%1:’] Iy rP:rT — 7’7 r—rTWr (4.16)
PAN-p N-p
where r, = (rPl, -, T )T is a K X 1 Pearson vector with the i-th element r,,
given in (3.23), and ¥ = (‘ ry,o- T )T isa K K x 1 transformed residual vector w1th

the i-th element r;, given in (3.25), and W 1saKxK dlagonal block matrix
with the i-th diagonal matrix L ATL /(N — p), with the matrix L given in (3.22)).
Under the null hypothesis Hy (4.2 -, this estimator is approximately a Pearson
Xf,_p statistic. However, under the null hypothesis Hy, (4.2)), the expectation of

this “Pearson” moment estimator is given by

E(75) = o?tr{(Iy = HY)W, Iy — H)} = 0* + O(1/K).

m

Then, with the order of O(1/K), the “Pearson” moment estimator is asymptoti-
cally unbiased, under the null hypothesis Hj. For finite sample size, with a bias
correction, the unbiased “Pearson” moment estimator of o is defined by

2 =T (w /m) (4.17)

m,u

—_ —

where m, = tr {(IN - 7‘{) WP (IN - 7‘{)}

However, Liang and Zeger pointed out that any consistent estimate of o2 is
admissible. Due to the “de-correlation” property of the transformed residuals, a
new moment estimator of the dispersion parameter o in GEE is defined by

7o =T F/(N=p) = —— Z“fTE (4.18)

Under the null hypothesis Hy (4.2 , this new moment estimator o> is approxi-
mately an unbiased estimator of 0%, and moreover, is approximately distributed
asay; statistic.
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4.2 Information Ratio Statistics

As shown in Chapter 3, the discrepancy between the sandwich variance esti-
mators and model-based variance estimators reduces to a discrepancy between
the Godambian estimator of the dispersion parameter (in the sandwich variance
estimators) and the true value, if known, or the moment estimator, otherwise (in
the model-based variance estimators). Thus, a large difference between the Go-
dambian estimator and its true value or the moment estimator indicates a certain
model misspecification of the variance/covariance structure. Here, we will pro-
pose a statistic by taking a ratio of the Godambian estimator of o to its true
value, if known, or the moment estimator, otherwise. Due to the ratio construc-
tion, the statistics proposed are called the information ratio (IR) statistics. In
addition, asymptotic distributions of the statistics are discussed.

4.2.1 If the true value of ¢ is known

In some cases, the true value of the dispersion parameter is assumed to be
known. For example, the variance structure of binary data is usually assumed to
be u(1 — p), which implies that the dispersion parameter o is known to be 1.
Generally, if the true value of o is known, define the 8 i—1-specific information
ratio statistic by taking a ratio of the unbiased ;_;-specific Godambian estimator
of o to its true value

52

i—1,u .
IRy =—=5=, j=1,---,p, (4.19)
o
where 'o”'?_ » is the unbiased ;_;-specific Godambian estimator, (4.6]) or (4.13),

of 0. Analogously, the pooled information ratio statistic is defined by

~2
pool,u

IR ool =
p 0_2 ’

(4.20)
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where 5:]27001,u is the unbiased pooled Godambian estimator, (4.8)) or (4.15]), of o2,

By Lemma and these information ratio statistics /R;_; and IR ,,; can
be approximated by quadratic forms in random variables. [46] discussed some
central limit theorems for quadratic forms. By normalization, pivotal statistics,
standardized information ratio statistics, are proposed as follows.

Theorem 4.1 In the context of GLM, under the null hypothesis Hy (4. 1)),

(i) the standardized ;_1-specific information ratio statistic
IR;_; -1

IR‘;._1 = d N(@,1), asn— oo, 4.21)
=D
V23 [

. PR | —
where //ifj Y are the eigenvalues of the matrix (I n—H ) W;j ) (I n—H ) and
—(j—1
Wi] )isgiven in (4.6), for j=1,---,p;

(ii) the standardized pooled information ratio statistic
s IR o0 — 1
IRPOO[ = — d N(@,1), asn — oo, (4.22)
00
V23 [
— N —
where /15001 are the eigenvalues of the matrix (In - H) Wzoo (In - H ) and
— pool
"% s given in (4.8).
In the context of GEE, under the null hypothesis Hy (4.2)),
(iii) the standardized B;_1-specific information ratio statistic
i IR;_; -1
IRJ._1 = d N@O,1), asn— oo, (4.23)

n [qU-D]?
V3 [
where jléj D are the eigenvalues of the matrix (I N — 77) (/H\/f/ -V (I N — 77),
and’/\/l\/i,j_l) is given in (4.13), for j=1,---,p;
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(iv) the standardized pooled information ratio statistic

IR )p01 — 1
\/2 ZZ:I [’/{iool]z

where 35001 are the eigenvalues of the matrix (I N — 77) (/M\/ﬁmﬂ (I N — 7‘(),
and 7\/1\/5001 is given in (4.15)).

1 R[SJool =

ﬁl} N(@,1), asn — oo, (4.24)

The proof of Theorem [4.1]is provided in the appendix.

4.2.2 If the true value of ¢ is unknown

If the true value of o is unknown, the dispersion parameter o2 is estimated by
a moment estimator. Then, information ratio statistics can be defined by taking
ratios of the Godambian estimators to the moment estimators of o2,

Theorem 4.2 In the context of GLM, under the null hypothesis Hy (4.1)),

(i) the standardized B;_1-specific information ratio statistic

~ =
Ty oo =1

—(j-D]?
\/2 k=1 _Tk]

?_1’ , I8 the unbiased B;_1-specific Godambian estimator (4.6}, o2
1)

is the moment estimator (4.9), and ?{kj

IRj._l = ﬁl, N@©,1), asn— oo, (4.25)

where o

are the eigenvalues of the matrix

(1, - H) (Wﬁf‘” - i pln) (.- H),

for j=1,---,p;
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(ii) the standardized pooled information ratio statistic

~2 -2
O-pool,u/o-m 1

IRpool = ool ]? il) N(@,1), asn — oo, (4.26)
\/ 25 7]
where Eiool’u is the unbiased pooled Godambian estimator (4.8), 5%1 is the

: I : .
moment estimator, and T, - are the eigenvalues of the matrix

—\ [ —~=pool 1 —
(1. - H) (WM = n_pln) (1. - H).

Theorem [4.2]is proved in the appendix.

In the context of GEE, the dispersion parameter o can be estimated by either

the “Pearson” moment estimator o, , (4.16) or the “transformed” moment esti-
mator o, (4.18). Correspondingly, the information ratio statistics are defined by
taking ratios of the Godambian estimators to the “Pearson” moment estimator or

“transformed’”” moment estimator of o-2.

Theorem 4.3 In the context of GEE, under the null hypothesis Hy (4.2)),

(i) the standardized ;_-specific information ratio statistic

—) —)
O'j_l’u/O'm’u -1

IR | = d N@O,1), asn— oo, 4.27)
’ n gD T
22 k=1 [Tk ]
where 5?_1# is the unbiased 3 ;_-specific Godambian estimator (4.13)), E,%W

is the unbiased “Pearson” moment estimator (4.17), and /Téj_l) are the
eigenvalues of the matrix

—

(I = H) (WS =W, jm,) (Iy - H).

and’TA\/P is given in (4.17), for j=1,--- ,p;
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(ii) the standardized pooled information ratio statistic

00 I/t/ 1
IR, = Toool, d NO,1), asn— o, (4.28)
n —pool -
\/2 2j=1 [Tk ]
where Eiool,u is the unbiased pooled Godambian estimator (4.15), o2, , is

e L3 . l .
the unbiased “Pearson” moment estimator, and ’fioo are the eigenvalues of
the matrix

(IN - ﬁ) (@5001 - ;M\/P/mp) (IN — ﬂ) .
Theorem 4.4 In the context of GEE, under the null hypothesis Hy (4.2)),

(i) the standardized B j 1-speciﬁc information ratio statistic

T =1
IR | = Th d N(@,1), asn— oo, (4.29)
s " A<j—1) 2
V23 )
where o 0' is the “transformed” moment estimator (4.18)), and ?kj_l) are the
ezgenvalues of the matrix
o [ — 1 —
(Iy - H) ((Wﬁ/ D _ IN) (Iv - H).
- P
forj=1,---,p;
(ii) the standardized pooled information ratio statistic
5129001 u/a\-tzr -1
IR® : ii) N(@©,1), asn — oo, (4.30)

pool — \/2 ZZ:I [’Tf‘”’l]z

(L3 l .
where T2 is the “transformed” moment estimator, and ¢ T °” are the eigen-
values of the matrix

(IN _ 7’_\{) ((’M\/I;:ool _

— pIN) (I - H).

The proof of Theorem [4.3|and {4.4]is similar to the proof of Theorem {.2]
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4.3 Application of Information Ratio Statistics

4.3.1 Test for heteroscedasticity in linear regression models

As discussed in the beginning of this chapter, in LM, it is common to assume
that all the error terms have equal variance. Consider testing the null hypothesis
of homoscedasticity,

Hy: Var(Yy) = --- = Var(Y,) = 0. 4.31)

In Simulation 4.1, we investigate the asymptotic distributions of the proposed
information ratio statistics under the null hypothesis Hy (4.31). In addition, in
Simulations - we compare the power of the proposed IR statistics with
that of the White’s IM test, under different scenarios of heteroscedasticity.

A data sample {(y;; xi1, xi2),i = 1, -+, n} is generated from the following cen-
tered linear regression model:

yvi=PBo+Bi1(xit — X)) +Bo(xpp—X)+e; i=1,--- n,

where x;; and x;; are both generated from the Gaussian distributions N(0, 1).
Here, X, = n™' Y, x;; and X, = n™' 3, xp. The true values of the regression
coefficients are By = 1, 81 = 2 and B, = 2. The sample size n is set to be 20,
100, 200 and 400. For each sample size, we generate 5000 replicates. To stress
that the covariates are here fixed, for a given sample size n, the same covariates
values were used for each replicate.

Note that because the covariate variables are centered, the unbiased S-specific
Godambian estimator of the variance parameter o is identical to the moment
estimator, i.e., 'o”'(%,u = 6:,2,1. As a result, if we assume that the true value of o2 is
unknown, the Sy-specific IR statistic IRy = 1, so it is not included in the compar-

ison.
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Simulation 4.1 To evaluate the null distributions, the error terms e;’s are gener-
ated from a Gaussian distribution with mean O and constant variance 0.25. First,
we consider the case that the true value of the variance parameter o> = 0.25 is
known. Figures {.1] @4.2] 4.3| and 4.4] display the kernel density estimates of the
standardized IR statistics IRlsml, IR, IR] and IR, over different sample sizes.
In addition, we also assume that the true value of o is unknown. Figures
4.6)and 4.7 display the kernel density estimates of the standardized IR statistics,
IR;O()Z, IR| and IR;. Table 4.1| reports their empirical type I errors, the propor-
tions of rejecting the null hypothesis (4.31]), among the 5000 replicates, at the

significance level 5%, when the true value of o2 is either known or unknown.

Conclusion.

As shown in these figures, under the null hypothesis Hy (¢.31)), the IR statis-
tics are heavily right skewed with small sample sizes, but their performance im-
proves in terms of approaching limiting N(0, 1) distribution as the sample size
increases. Compared to the coeflicient-specific statistics, the distributions of the
standardized pooled IR statistics are closer to the limiting N(0, 1).

Similar results are found in Table d.1] The empirical type I errors of all the IR
statistics approach the nominal level as the sample size gets larger. In addition,
the type I errors of the standardized pooled IR statistics are closer to the nominal
level than those of the coefficient-specific statistics. Compared to these proposed
IR statistics, the empirical type I error of the White’s IM test differs from the
nominal level substantially. Due to the poor performance of the IR statistics with
small sample size, a proper approximation or bootstrap method is required to
obtain the correct upper 5% quartiles.

Finite-sample Approximation

For small sample size, the distributions of the IR statistics are heavily right
skewed. In addition, as shown in Table with small sample size, say n = 20,
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standardized pooled information ratio statistic
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Figure 4.1: The kernel density estimates of the standardized pooled IR statistic (4.22)) over dif-
ferent sample sizes, under the assumption that the true value of the variance parameter o> = 0.25
is known. The solid line is the density function of the limiting normal distribution N(0, 1) under
the null hypothesis. The dashed line represents the kernel density estimates of the standardized

pooled IR statistic IR} .
poo.
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Figure 4.2: The kernel density estimates of the standardized By-specific IR statistic (4.21))
over different sample sizes, under the assumption that the true value of the variance parame-
ter o> = 0.25 is known. The solid line is the density function of the limiting normal distribution
N(O, 1) under the null hypothesis. The dashed line represents the kernel density estimates of the
standardized f,-specific IR statistic /Ry
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Figure 4.3: The kernel density estimates of the standardized S-specific IR statistic (4.21))
over different sample sizes, under the assumption that the true value of the variance parame-
ter o2 = 0.25 is known. The solid line is the density function of the limiting normal distribution
N(0, 1) under the null hypothesis. The dashed line represents the kernel density estimates of the
standardized §3,-specific IR statistic /Ry.
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Figure 4.4: The kernel density estimates of the standardized B,-specific IR statistic (4.21))
over different sample sizes, under the assumption that the true value of the variance parame-
ter o2 = 0.25 is known. The solid line is the density function of the limiting normal distribution
N(0, 1) under the null hypothesis. The dashed line represents the kernel density estimates of the
standardized f3,-specific IR statistic /R;.
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Figure 4.5: The kernel density estimates of the standardized pooled IR statistic (4.26)) over dif-
ferent sample sizes, under the assumption that the true value of the variance parameter o is
unknown. The solid line is the density function of the limiting normal distribution N(0, 1) under
the null hypothesis. The dashed line represents the kernel density estimates of the standardized

pooled IR statistic IR} .
poo.
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Figure 4.6: The kernel density estimates of the standardized S;-specific IR statistic (4.25]) over
different sample sizes, under the assumption that the true value of the variance parameter o is
unknown. The solid line is the density function of the limiting normal distribution N(0, 1) under
the null hypothesis. The dashed line represents the kernel density estimates of the standardized
Bi-specific IR statistic IR;.
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Figure 4.7: The kernel density estimates of the standardized S,-specific IR statistic (.25]) over
different sample sizes, under the assumption that the true value of the variance parameter o is
unknown. The solid line is the density function of the limiting normal distribution N(0, 1) under
the null hypothesis. The dashed line represents the kernel density estimates of the standardized
B>-specific IR statistic IR3.
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Table 4.1: The empirical type I errors of the standardized IR statistics, IR;M, IR, IR}, and IR},
as well as the White’s IM test statistic T, over different sample sizes at the significance level 5%,
under the assumption that the true value of the variance parameter is either known or unknown

sample size IR IR IR} IR T,
poo.
o2 = 0.25 is known
20 0.0500 0.0434 0.0534 0.0514 0.0032

100 0.0456 0.0540 0.0434 0.0436 0.0308
200 0.0462 0.0532 0.0498 0.0468 0.0718
400 0.0478 0.0478 0.0464 0.0460 0.0736

o2 is unknown

20 0.0358 - 0.0464 0.0362 0.0032
100 0.0466 - 0.0492 0.0432 0.0308
200 0.0532 - 0.0496 0.0458 0.0718
400 0.0508 - 0.0518 0.0510 0.0736

the type I errors of the proposed IR statistics are considerably smaller than the
nominal level 0.05. Thus, the limiting distribution N(0, 1) is not appropriate in
order to obtain the critical value for the purpose of testing.

As shown in the proof of Theorem and Theorem the IR statistics
can be approximated by quadratic forms in the vector €,, which has mean 0 and
covariance matrix oI, under the null hypothesis H, . For example, if the
true value of the dispersion parameter o> is known, the pooled IR statistic can
be approximated by

— —~pool —
IRpoo = €' (I, — YW, (I, — H)e,.

In the case of Gaussian responses or non-Gaussian responses for small disper-
sion, since the Pearson residuals have asymptotically normal distribution, the
quadratic forms are approximately distributed as weighted sums of )(% distribu-
tions. For example, the pooled IR statistic

n

pool
IRpool = Z /12700)(2,
k=1
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where ﬁiooz, k=1,2,---,n, are the eigenvalues of the matrix

(I, - HW'" (1, - H).

In this case, a certain proper approximation is required. In the literature, some
approximation methods have been developed. [72] suggested to approximate the
distribution of a quadratic form by that of ay?, with a and v chosen to equate the
first two moments of the two distributions. Also see [26]. This approximation
seems to perform well but no theoretical justification has been derived. Another
approximation proposed by [76] is to use a(y?)?, with the parameters being
chosen to equate the first three moments. However, this approximation is difficult
to use in practice as the equations defining a, b and v require an iterative solution.
Later, [10] proposed to use a normalized y? to approximated the normalized
quadratic forms. The value of v is chosen by equating the first three moments
of the quadratic form with those of a)(ﬁ + b. Here, we used the method of this
normalized y? approximation to obtain the upper 5% quartile. Suppose that we
approximate Y7_; Axx> by a normalized x2, i.e., (x2 — v)/ V2v. The value of v is
chosen to be

(zp, )
(S )

Therefore, (y2(0.95) — v)/ V2v can be obtained as the approximate 95% quartile,
where x2(0.95) is the 95% quartile of the distribution y2.

Figure [4.8] shows the Q-Q plots of the standardized IR statistics versus the
limiting N(0, 1) distribution, and the normalized )(3 distribution, respectively, for
small sample size n = 20, under the assumption that the true value o> = 0.25
1s known. Figure 4.9 shows the Q-Q plots under the assumption that the true
value of o2 is unknown. Table [4.2|reports the empirical type I errors of the stan-
dardized IR statistics IR‘;OO[, IR;, IR}, and IR using the critical values at the
significance level 5% obtained from the normalized y? approximation for small
sample size n = 20. Both of the Q-Q plots and numerical results show that with
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small sample size, the normalized y? distribution gives a better approximation to
the distribution of the standardized IR statistics than the limiting N(0, 1) distri-
bution, especially in the cases where the true value of the dispersion parameter
o2 is unknown. In addition, the empirical type I errors are closer to the nom-
inal level 5% when the normalized )2 approximation is used, compared to the

limiting N (0, 1) distribution.

limiting standard normal distribution normalized XZ approximation
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Figure 4.8: Q-Q plots of the standardized IR statistics, IR, IR}, IR} and IR;ool, from top to bot-
tom, for small sample size n = 20 under the assumption that the true value of o> = 0.25 is known.
The left panels plot the quartiles of the standard N(0, 1) distribution versus the quartiles of the
standardized IR statistics. The right panels plot the quartiles of the normalized y? distribution
versus the quartiles of the standardized IR statistics.
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Figure 4.9: Q-Q plots of the standardized IR statistics, IR}, IR} and IR’
for small sample size n = 20 under the assumption that the true value of o% is unknown. The left
panels plot the quartiles of the standard N(0, 1) distribution versus the quartiles of the standard-
ized IR statistics. The right panels plot the quartiles of the normalized y? distribution versus the
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Table 4.2: The empirical type I errors of the standardized IR statistics, IR; IR, IR}, and IR}

using the normalized y? approximation for small sample size n = 20 at the significance level 5%.

00l’

IR, IR, IR IR
o? = 0.25 is known
N, 1) 0.0500 0.0434 0.0534 0.0514
(X‘z, -v)/ V2v 0.0540 0.0514 0.0524 0.0528
o? is unknown
N(0, 1) 0.0358 - 0.0464 0.0362

(2 -v)/V2y 00450 - 0.0476 0.0428

In LM, the true value of the variance parameter o is usually unknown in
practice. Then, in the following simulation studies, we focus on only the power
of the proposed IR statistics, which take ratios of the Godambian estimators to
the moment estimators, under the assumption that the true value is unknown. In
the following simulation studies, we will carry out power comparison among the
proposed IR statistics and the White’s IM test for small sample size 20 and large
sample size 200. Because the White’s IM test cannot attain the nominal level
5%, the critical values used for comparing power, 7.878 for sample size 20 and
11.758 for sample size 200, are obtained from the empirical 95% quartiles of the
5000 replicates under the null distribution in Simulation .1}

In many applications, when the observations drawn from the population are
far from the center, the sampling error variability tends to be larger. Thus, the
error variance could be a function of the leverage h;;, the diagonal elements of

the hat matrix H = X (XTX)_l X’

Simulation 4.2 In this experiment, the error terms e;’s are generated from a
Gaussian distribution with mean O and variance

VCH"(Y,') = O.Zhii,

fori =1,---,n. Here, we compare the power of the proposed IR statistics with
the White’s IM test to reject the null hypothesis Hy (4.31) under the alternative
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hypothesis,
Hy :Var(Y;) = O'Zh,-,-, i=1,---,n,

with small sample size n = 20 and large sample size n = 200.

Table {.3]| reports the empirical power, which is in fact the proportion of re-
jecting the null hypothesis among the 5000 replicates, of the standardized
IR statistics, IR;M, IR|, and IR}, as well as the White’s IM test statistic 7, at
the significance level 5%. For small sample size n = 20, the results obtained
from the normalized y? approximation are also included in this table.

Conclusion.

The power of all the test statistics improves as the sample size increases. For
small sample size n = 20, the normalized y? approximation improves the power
of the IR tests. Compared with the IR tests, the White’s IM test is much less
powerful to reject the null hypothesis. Moreover, the standardized pooled IR
statistic outperforms the coeflicient-specific statistics.

Table 4.3: The empirical power of the standardized IR statistics, IR:mol’ IR}, and IRS, as well as
the White’s IM test statistic 7, over different sample sizes 20 and 200, at the significance level
5% to reject the null hypothesis H (4.31) under the heteroscedasticity H, : Var(Y;) = oh;.

n=20 n =200

N©O,1) (3 -/ V2v
*oor 02500 0.2728 0.9964
IR 0.2224 0.2300 0.8894
IR} 0.1082 0.1680 0.8804
T, 0.0992 0.4838

Simulation 4.3 In some applications, the heteroscedasticity in the model is as-
sociated with a certain covariate. For example, when the covariate x;; is sampled
far from the corresponding population center, the error variance gets large. In
this case, the error variance is a function of the covariate x;;. In this experiment,
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the error terms e¢;’s are generated from a Gaussian distribution with mean 0 and
variance

Var(¥) = 020", b = (xa = 2)%/ ) (xa - )%,
k

fori =1,---,n. Then, the alternative hypothesis in this simulation is given by

H, : Var(Y;) = o?h'V

i =1 n

Table 4.4| reports the empirical power of the standardized IR statistics, IR‘I‘ml,
IR{, and IR}, as well as the White’s IM test statistic 7', at the significance level
5% with the sample size 20 and 200. In addition, this table lists the results by
using the normalized y? approximation for small sample size n = 20.

Conclusion.

Similarly to the results in Simulation 4.2} the power of all the test statistics im-
proves as the sample size increases. The normalized y? approximation improves
the power of the IR statistics for small sample size. In addition, the White’s IM
test is generally less powerful to reject the null hypothesis H than the
proposed IR statistics. Among all the IR statistics, the standardized pooled IR
statistic and the 3;-specific IR statistic have the top two highest empirical power.
However, at the significance level 5%, there is no evidence to reject the null
hypothesis when using the standardized S3,-specific IR statistic.

Simulation 4.4 The error terms e;’s are generated from a Gaussian distribution
with mean O and variance

Var(¥) = 0.2h7, b = (xp - %2)°/ ) (v - %)%,
k

fori =1,---,n. Then, the alternative hypothesis in this simulation is given by

H, : Var(Y;) = c?h®?

@ =1, ,n.
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Table 4.4: The empirical power of the standardized IR statistics, IR;ool, IR} and IR}, as well as
the White’s IM test statistic 7', over different sample sizes at the significance level 5% to reject
the null hypothesis H, || under the heteroscedasticity Hy : Var(Y;) = o-zlhf.l.l).

n =20 n =200
NO.1) (3 -v)/ V2

IR, 0.1840  0.2396 1.0000

IR 06016  0.6922 1.0000

IR, 00126 00108 0.2528

T, 0.1626 0.7650

Table 4.5 reports the empirical power of the standardized IR statistics, IR;M,
IR}, and IR}, as well as the White’s IM test statistic 7', at the significance level
5% with the sample size 20 and 200. In addition, this table lists the results by

using the normalized y? approximation for small sample size n = 20.

Conclusion.

The results are similar to those of Simulation 4.2 Among all the proposed
IR statistics, the pooled IR statistic and the S,-specific IR statistic are the most
powerful to reject the null hypothesis Hy (4.31]). However, under the significance
level 5%, there is no strong evidence to reject the null hypothesis when using the
standardized B;-specific IR statistic.

In some applications, the error variance is associated with the mean values.
For example, the sampling error variability gets larger when the mean values
increase. In this case, the error variance is a function of the mean values. In
the following three simulation experiments, the error variances are modelled as
exponential functions of the covariates. In addition, we will also investigate the
effect of the covariate variability on the performance of the IR statistics. Thus,
in the following simulation studies, the covariate x;; is generated from N(O, 1),
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Table 4.5: The empirical power of the standardized IR statistics, IR;ool, IR} and IR}, as well as
the White’s IM test statistic 7', over different sample sizes at the significance level 5% to reject
the null hypothesis H, || under the heteroscedasticity Hy : Var(Y;) = 0'2]}11(.1.2).

n =20 n =200

NO.1) (3 -v)/ V2
IR, 03834 04236 1.0000
IR 0.1204  0.1266 0.2522
IR, 05954  0.6370 1.0000
T, 0.1620 0.6638

and the covariate x;, is generated from N(0, 0.1). Since x;; and x;, are generated
independently, their centered versions are approximately orthogonal.

Simulation 4.5 In this experiment, the error terms e;’s are generated from a
Gaussian distribution with mean O and variance

Var(Y:) = 0.5 exp{Bi(xi1 — %1) + Balxip — X2)},
fori =1,---,n. Then, the alternative hypothesis here is given by

Hy : Var(Y)) = o exp{Bi(xi — X)) + fo(xp — %)}, i=1,-+,n.

Simulation 4.6 In this experiment, only the covariate x;; accounts for the het-
eroscedasticity in an exponential form. Therefore, the error terms e;’s are gener-
ated from a Gaussian distribution with mean O and variance

Var(Y;) = 0.5 exp{Bi(xi1 — X1},
fori =1,---,n. The alternative hypothesis is given by

Hy : Var(Y) = o expifi(xa — X)), i=1,---,n.
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Simulation 4.7 The error terms ¢;’s are generated from a Gaussian distribution
with mean O and variance

Var(Y;) = 0.5 exp{Ba(xi2 — X2)},
fori = 1,---,n. The alternative hypothesis is given by

Hy : Var(Y) = o> expifo(xp — %)}, i=1,---,n.

Table 4.6| reports the power of the standardized IR statistics, IR;M, IR} and
IR3, at the significance level 5% among 5000 replications under the three differ-
ent alternative models in Simulation @.5| 4.6/ and 4.7, For the small sample size
n = 20, the results are obtained from the normalized y? approximation for small
sample size n = 20.

Conclusion.

The numerical results in Table @.6] appear similar to the results in Simula-
tions 4.2] 4.3/ and 4.4l Since the variability in the covariate x;, is considerably
smaller than that in the covariate x;;, the heteroscedasticity results from mainly
the covariate x;; even though the error variances are functions of both of the co-
variates x;; and x;. Thus, it shows that the IR} statistic is less powerful than
the IR] statistic as well as the IR;OO[ statistic. Especially, in Simulation 4.7, the
error variances are less heteroscedastic due to its form as an exponential of the
value of x;», so all the IR statistics have a lower frequency of rejecting the null
hypothesis.

Summary

(1) Under the null hypothesis (4.31)), the standardized IR statistics are heavily
right skewed for small sample size, but their performance improves as the
sample size increases. In addition, among all the proposed IR statistics, the
pooled IR statistic outperforms the coefficient-specific statistics.

97



Table 4.6: The empirical power of the standardized IR statistics, IR:mol’ IR}, and IRS, as well as
the White’s IM test statistic 7', over different sample sizes at the significance level 5% to reject
the null hypothesis Hy (4.31) under the alternative hypotheses Hy : Var(Y;) = o2 exp{B;(xi —

%1) + Bo(xn — X)), Ha : Var(Y;) = o expiBi(xi — X1)} and Hy : Var(Y;) = o2 exp{Bi(xp — %2)}.

Hy  exp{Bi(xi — X1) + Ba(xip — X))} exp{fi(xi — X1)} exp{Ba(xip — X2)}

n =20 n =200 n=20 n=200 n=20 n=200

IR;OO[ 0.3884 0.9988 0.4776  0.9998 0.0392  0.0692
IR}  0.4170 1.0000 0.4842 1.0000 0.0446 0.0468
IR  0.2564 0.3948 0.2064 0.3902 0.0446 0.1084

(2) Compared with the IR statistics, the White’s IM test has poorer performance
under the null hypothesis. Its type I error differs from the nominal level
substantially.

(3) Compared with the White’s IM test, all the IR tests are more powerful
to reject the null hypothesis under certain alternative hypotheses of het-
eroscedasticity. In addition, if the heteroscedasticity arises from a certain
covariate, say the j-th covariate x;;_;, orthogonal to the rest, the corre-
sponding f3;_;-specific IR statistic 1s more powerful than the other regres-
sion coeflicients. The result illustrates the discussion about the properties
of the weights incorporated in the Godambian estimator in linear regression
models in Section 3.1.1. Since the weights ng Y characterize the influence
from the j-th covariate, the §;_;-specific IR statistic, IR;_, is expected to
be far from 1, compared to the other regression coeflicients. Therefore, the
statistic /R;_; is more powerful to reject the null hypothesis. In addition,
since the weights in the standardized pooled IR statistic IR, reflect the
overall influence from all the covariates, the statistic IR, 1s also powerful
to reject the null hypothesis.

In the literature of LM, residuals play an important role in graphical di-
agnostics, such as plotting residuals versus a certain covariate. However,
few statistical methods are available to carry out a formal statistical test for
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dependence of the error variance on a certain variable. The Godambian
estimator of the variance parameter o is able to identify the responsible
covariate variable for the heteroscedasticity in LM, due to the unique form
of a weighted sum of squared residuals, as well as the properties of these
weights. But the IR test is not able to provide any information about the
explicit form of the error variance associated with the responsible covari-
ates. In addition, the test will be less sensitive to capture the dependence
if the heteroscedasticity is caused by complex interactions among multiple
covariates. Thus, the IR test is recommended as part of the exploratory
analysis in LM.

(4) In the literature of LM, some tests for heteroscedasticity are based on spe-
cific alternative hypotheses; see [3]; [7] and [14]. However, these tests
may not be powerful under other types of heteroscedasticity. The simula-
tion studies have shown that the strong power of the proposed IR statistics
are consistent among various scenarios of heteroscedasticity.

(5) A two stage-wise procedure of testing heteroscedasticity can be suggested.
First, if the p value obtained from the standardized pooled IR statistic is
less than 0.05, the null hypothesis of homoscedasticity (4.31)) is rejected
at the significance level 5%. Secondly, each regression coeflicient specific
test will be carried out. If a certain 8;_;-specific IR statistic gives a p value
smaller than 0.05, we may conclude that the error variance is a function of
the j-th covariate.

(6) The proposed IR statistics have poor performance for small sample size us-
ing the limiting N (0, 1) distribution. The simulation studies have shown that
normalized y2 approximation improves the performance for small sample
size.
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4.3.2 Test for overdispersion in count data

Poisson regression models are widely used in analyzing count data. In these
models, given independent responses Y; and associated px 1 covariate vectors x;,
the distribution of Y;, given x; is assumed to be Poisson with mean u; = u;(x;; B),
where B is a p-dimensional vector of regression coefficients. Here, the mean
structure of the responses is given by

pi=EY)=hx/B), i=1,---,n,

where /(.) is the link function associating the mean of the responses with the
covariates. The log-linear regression model, where y; = exp(xl.Tﬂ), 1S most com-
monly considered. The variance structure of the responses is given by

Var(Yl'):/Jh izl’”',n’

which indicates that the unit variance function V(u;) = y;, fori = 1,--- ,n, and
the dispersion parameter is 1.

In this section, we apply the proposed IR statistics to test for overdispersion
in Poisson regression models. Then, the null hypothesis is defined as

Ho: V() =pi, i=1,---,n (4.32)

Because the dispersion parameter o~ in Poisson regression models is assumed to
be known as 1, we focus on the IR statistics which take ratios of the Godambian
estimators to the true value, for example, (4.21]) and (¢.22).

Simulation 4.8 In this simulation study, we investigate the asymptotic distribu-
tions of the proposed IR statistics under the null hypothesis Hy (4.32). A data set
{(yis xi),1=1,--- ,n} is generated from a Poisson distribution as follows:

Y; | x; ~ Poisson(u;)
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where u; = exp(By + B1x;), fori = 1,--- ,n. The covariate x;’s are independently
generated from a uniform distribution UNIF(0,1). We consider two models
where the range of y;’s is moderate or large.

Model 1: The true values of the regression coefficients 8y = 1, and 5; = 1. The
range of y; 1s 2.72 to 7.39.

Model 2: The true values of the regression coefficients 5y = 1 and 8; = 4. The
range of y; 1s 2.72 to 148.41.

The sample size is set to be 10, 50, 100 and 200. For each sample size,
5000 replicates are generated. In addition, the same values of the covariates are
used for each replicate to stress that the covariates are fixed. Table reports
the empirical type I errors, the proportions of rejecting the null hypothesis Hy
4.32)), of the standardized IR statistics (4.21) and (4.22)), IR;ooz’ IR, and IR,
over different sample sizes at the significance level 10%, 5% and 1% for Model
I (moderate range of u;’s) and Model 2 (large range of yu;’s). The numerical
results show that for larger sample size, the type I errors of the standardized IR
statistics are closer to the nominal levels. Thus, as the sample size increases, the
normal asymptotic distribution is more accurate.

To incorporate possible extra-Poisson variation, we consider alternative mixed
Poisson models. Let {1, -, {, be continuous positive-valued independent ran-
dom variables from a certain distribution with finite first and second moments.
Foreachi = 1,--- ,n, given x; and {;, Y; is Poisson distributed with mean Ju;,
where u; = exp(xiTﬁ). Without loss of generality, we assume that E(;) = 1 and
Var({;)) = w > 0. If the ;’s follow a gamma distribution, then Y; has a negative
binomial distribution with the mean

E(Y) = w; = exp(x] B),

and the variance
Var(Y;) = u; + wp?.
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Table 4.7: The empirical type I errors of the standardized IR statistics, IR;UOI, IR}, and IRy, from
the limiting N(0, 1) distribution, over different sample sizes at the significance level 10%, 5%
and 1%, under the null hypothesis Hy (4.32) for Model 1 (moderate range of y;’s) and Model 2

(large range of y;’s).

Model 1 Model 2
n .10 .05 .01 .10 .05 .01
IR;(J(JZ
10  0.0650 0.0458 0.0232 0.0628 0.0430 0.0188
50 0.0920 0.0466 0.0132 0.0846 0.0472 0.0186
100 0.0938 0.0504 0.0108 0.0914 0.0472 0.0142
200 0.0966 0.0496 0.0110 0.0956 0.0470 0.0118
IR
10  0.0590 0.0438 0.0222 : 0.0644 0.0414 0.0180
50 0.0796 0.0450 0.0176 0.0858 0.0440 0.0112
100 0.0998 0.0482 0.0150 0.0984 0.0500 0.0114
200 0.0964 0.0504 0.0118 0.0994 0.0506 0.0120
IR
10 0.0700 0.0506 0.0298 1 0.0628 0.0440 0.0196
50 0.0890 0.0458 0.0150 0.0798 0.0430 0.0148
100 0.0970 0.0518 0.0138 0.0924 0.0492 0.0124
200 0.0994 0.0524 0.0134 0.0980 0.0500 0.0114
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We will use the simulation studies included in the paper [20] to carry out power
comparisons for the proposed IR statistics; T, proposed by [20], given by

Y —m) - Y, + it}
‘ 2 X mhHl? ’

where Ei is the diagonal element of the hat matrix H given in (3.7)); Pearson P

statistic P, given by
n —~\2
Y — i
p_ 2 S
i=1 Hi

and the deviance statistic D, given by

D=2 ) [vilog(yi/m) - (vi — F)].
i=1

Simulation 4.9 A data set {(y;, x;),i = 1,--- ,n} with sample size n = 15 is gen-
erated from the mixed Poisson model described above. One-third of the x;’s are
equal to each of 0, 0.5 and 1. For each i, given y; and @, generate {; from a
gamma distribution with the shape parameter 1/w, and the scale parameter .
Then, generate the response Y; from a Poisson distribution with mean ;u,;. We
will investigate two alternative models with different ranges of y;.

Model 3: u; = exp(2.6 + 2x;) for i = 1,--- ,n. The y;’s range in value from
roughly 13.5 to 99.

Model 4: y; = exp(2.6 + 3x;) fori = 1,--- ,n. The y;’s range from 13.5 to 270.

Table reports the empirical power, the proportions of rejecting the null
hypothesis Hy, of the standardized IR statistics, IR;OOP IR, and IR7; the score
test T, proposed by [20]; the Pearson y? statistic P; and the deviance statistic D
over different values of @, among 5000 replicates, for Model 3 and Model 4 at
the significance level 5%. For the standardized IR statistics, the results obtained
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from the limiting N(0, 1) distribution as well as the normalized y? approximation
are listed in the table. For the statistic 7, proposed by [20], the critical value
used at @ = 0 1s obtained from the standard normal upper 5% point of 1.645, and
for the Pearson )(2 statistic P and the deviance statistic D, the critical value used
at w = 0 is the )(%3 upper 5% point of 22.4. These critical values lead to larger
type I errors, shown with the * in Table 4.8 As a result, at other values of @,
the critical values used are obtained from the empirical 95% quartiles from 5000
replicates under the null hypothesis (@ = 0). For Model 3, the critical values are
1.723 for T, 22.494 for P, and 22.732 for D, and for Model 4, the critical values
are 1.779 for T, 22.213 for P, and 22.427 for D.

Conclusion.

The type I errors of the standardized IR statistics under the null hypothesis
(w = 0) in both of the models are much smaller than the nominal level 0.05
for small sample size. However, the normalized y? distribution gives a better
approximation. Among all the IR statistics, the standardized pooled IR statis-
tic 1s substantially more powerful to reject the null hypothesis under the mixed
Poisson model. Moreover, the performance of the pooled IR statistic using the
normalized y? approximation is comparable to that of the score statistic T, pro-
posed by [20], and even better in some cases. In addition, the pooled IR statistic
is generally more powerful than the Pearson y? statistic P and the deviance statis-
tic D. The improvement of the pooled IR statistic over other statistics is greater
with larger values of @, which indicate greater levels of overdispersion. More-
over, the difference in power between IR;OO ,and T, (or P, D) is larger when the
covariates effect is larger and the y;’s vary more widely. Note that one of the
appealing feature of the IR statistics is that only the Poisson model needs to be
fit, and there is no requirement of modeling alternative hypotheses.
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Table 4.8: The empirical power of the standardized IR statistics, IR;O”I, IR}, and IR{, score test

T, proposed by [20]], Pearson y? statistic P, and deviance statistic D, among 5000 replicates, for
Model 3 and Model 4 at the significance level 5% to reject the null hypothesis Hy (4.32)) under
the mixed Poisson model.

IR, IR; IR; T, P D
] L o)
@ NO L2 NOD L NO

Model 3: moderate range
0 0.044  0.050 0.046 0.050 0.042 0.048 0.054* 0.052* 0.057*
0.005 0.164 0.177 0.071 0.078 0.109 0.120 0.188 0.154 0.152
0.015 0456 0476 0.166 0.177 0.329 0347 0481 0443 0.441
0.025 0.655 0.677 0.280 0.295 0.533 0.556 0.672 0.657 0.651
0.04 0.833 0.843 0.464 0479 0.752 0.766 0.836 0.837 0.837
Model 4: large range
0 0.043 0.051 0.041 0.048 0.038 0.044 0.058" 0.048" 0.052*
0.002 0.164 0.178 0.080 0.087 0.096 0.106 0.180 0.156 0.156
0.005 0372 0.392 0.112 0.123 0.194 0.214 0395 0.335 0.333
0.01 0.640 0.654 0.206 0.220 0403 0426 0.646 0.595 0.593
0.02 0.870 0.878 0.423  0.440 0.733 0.751 0.858 0.857 0.855
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4.3.3 Test for misspecified variance function and/or working correlation
matrix in GEE

In the context of GEE, misspecification of the covariance structure may re-
sult from misspecification of the variance function and/or misspecification of
the working correlation structure. [83] carried out intensive studies of the im-
pacts of misspecifying the variance function on the mean parameter estimators
for quantitative responses. Their numerical results have shown that (1) correct
specification of the variance function can improve the estimation efficiency even
if the correlation structure is misspecified; (2) misspecification of the variance
function impacts much more on estimators for within-cluster covariates than for
cluster-level covariates; and (3) if the variance function is misspecified, correct
choice of the correlation structure may not necessarily improve estimation ef-
ficiency. Moreover, [84] have shown that the choice of working correlation
structure has a substantial impact on estimation efficiency of regression coefli-
cients. In this section, we apply the IR statistics to test for misspecification of
variance function and/or working correlation structure in GEE. Since [85] have
shown that misspecified covariance structures have stronger impact for within-
cluster covariates, in the following simulation, the covariates are generated from
a time-dependent distribution. (See [83]).

Suppose that a longitudinal data set
{()’ij,xij),jZ L ,n,i=1,--- ,K}
1s generated as follows: for each subject i,

e generate a time-dependent covariate x;; from a uniform distribution UNIF(j—
13 .])7 and let/“tlj = eXP(IBO +ﬁ1xij)a for .] = 1? T, Ny

e given ul.T = (W1, ,Mip,) and an n; X n; correlation matrix Rf,f)(p) = (rﬂ)
with a certain value of correlation parameter p, generate a random vector
y; from a multivariate Gaussian distribution with mean yu; and covariance
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matrix 0%} with the (j, k)-th element 0~ \/i;; ,uikrﬁ), where o is the dis-
persion parameter.

The underlying mean and covariance structures of the responses are
#ij = E(Yl]) = exp(ﬁo +131xij)7 .] = 13 e ’niai = 17 e 7Ka
and
Cow(Y)) = 7%} = 0°G" () *Ri(p0)G" ()%, i=1,--- K,
where G*(i;) 1s an n; X n; diagonal matrix with the j-th diagonal element y; ;, for

j=1,---,n;. Here, R*(pg) is the true correlation matrix with a certain value p
of the correlation parameter, and V*(u;;) = u;; 1s the true unit variance function.

Fit the data by a p-element estimating equation

K ou. T )
Z( ’;’;ﬂ )) (G )R (0IG ) (i~ 1B} = O, (4.33)
i=1

where u;(B) 1s an n;-dimensional vector with j-th element y;; = exp(Bo + B1xij),
and G(u;) = diag {V(u;))} with V(-) the “working” variance function, and Ri(p) is
an n; X n; working correlation matrix, fully specified by the correlation parameter
p.

In the following simulation studies, the true values of the regression coef-

ficients are By = 1 and §; = 2. The true value of the dispersion parameter
2
o- =0.01.

Simulation 4.10 Generate 2000 replicates of the data set
{(yija-xij)aj = 19 anivi = 13 ,K}

from an exchangeable correlation structure with 5 repeated measurements for
each subject, and different numbers of subjects K = 20, 50, 100. In addition, the
true value of the correlation parameter is p = 0.5. Fit the data by GEE (4.33)
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using the variance function V(u) = u, and the true correlation structure, i.e.,
exchangeable structure. In this simulation, we will consider IR tests for the null
hypothesis

Ho: V(uij) = pijy j=1,---,npi=1,--- K (4.34)
The previous applications of the IR tests have shown that the pooled IR statis-

tic usually has the best performance. We consider only the pooled IR statistics

(4.28) or (4.30)), taking ratios of the Godambian estimators to the Pearson
moment estimator or transformed moment estimator (4.18)).

Table reports the empirical type I errors of the standardized pooled IR
statistics, which take ratios of the unbiased pooled Godambian estimator to the
unbiased Pearson moment estimator or the transformed moment estimator over
different sample sizes. The type I errors are obtained at different significance
levels 10%, 5% and 1%. The numerical results have shown that the IR statistics
which use the “transformed” moment estimator have better performance, with
the type I errors closer to the nominal levels, than those with the unbiased “Pear-
son” moment estimator.

Table 4.9: The empirical type I errors of the pooled IR statistic IR} /> which take ratios of
the unbiased pooled Godambian estimator to the unbiased Pearson moment estimator or the
transformed moment estimator among 2000 replicates. The type I errors are obtained from the
limiting N(0, 1) distribution, over different sample sizes at the significance levels 10%, 5% and
1%, under the null hypothesis H, (4.34).

Pearson moment Transformed moment

n .10 .05 .01 .10 .05 .01
20 0.0530 0.0290 0.0075 0.0815 0.0425 0.0160
50 0.0525 0.0215 0.0045 0.0930 0.0510 0.0110
100 0.0505 0.0205 0.0025 0.0985 0.0515 0.0090

Simulation 4.11 Generate 5000 replicates of the data with 5 observations for
each subject and the number of subjects K = 20, and 2000 replicates with sample
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size K = 50 from either exchangeable or AR(1) correlation structure with the
true value of the correlation parameter 0.5. Fit the data by the GEE (4.33)) using
three different working variance functions

Viw =1, WV =p, Vi) =,

combining with three different working correlation structures: independence
(IND), exchangeable(EXCH), and AR(1). We will assess the power of the pooled
IR statistic to reject the three null hypotheses

Hop : Vi(u) = V' (w); Hp: Vo(u) = Vi(w);  Hos: Vau) = V().

Note that the true variance function is V*(u) = p, so only the null hypothesis Hy,
is true. Table 4.10| and Table show the empirical power of the pooled IR
statistic to reject three different hypotheses Hy;, Hy, and Hys under three different
working correlation structures. They show that the IR statistics are powerful to
detect misspecification of variance function, but they are less powerful to test
for misspecification of working correlation structure. In addition, as shown in
previous simulation studies, the test power becomes stronger as the sample size
increases.

Remark 4.1 If the true value of the dispersion parameter o is assumed to be
known, we can still obtain the moment estimator of o-%>. Thus, the IR statistics can
be constructed by taking ratios of the Godambian estimator of o~ to the moment
estimator. However, when using the moment estimator, asymptotic distributions
of the IR statistics are based on the first order Taylor approximation of the IR
statistics. Thus, the IR statistics taking ratios of the Godambian estimator to
the moment estimator are likely to perform more poorly than those taking ratios
of the Godambian estimator to its true value. In addition, as shown in Figures
4.1, [4.2|4.3] [4.4], [4.5] [4.6| and as well as Table Simulation 4.1] indicated
that the distributions of the IR statistics using the true value of o are closer
to the limiting N(0, 1) than those using the moment estimator, especially for
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Table 4.10: The empirical power of the pooled IR statistic /R, which takes a ratio of the
unbiased pooled Godambian estimator to the unbiased Pearson moment estimator (4.17) or the
transformed moment estimator (4.18)). The results are obtained from the limiting N(0, 1) distri-
bution among 5000 replicates for small sample size K = 20, and 2000 replicates for the sample
size K = 50 from the true correlation structure: exchangeable with the correlation parameter 0.5,
at the significance level 5% to reject the null hypotheses Hy;, Hy, and Hys.

Godambian versus Pearson moment
Ho : Vi(u) = u Hoy - Vo(u) = p Hoz @ V3(u) = p

IND 1.0000 0.6338 0.9996

K =20 EXCH 1.0000 0.0276 0.9996
AR(1) 1.0000 0.1530 0.9998

IND 1.0000 0.9370 1.0000

K =50 EXCH 1.0000 0.0265 1.0000
AR(1) 1.0000 0.2435 1.0000

Godambian versus Transformed moment
Ho : Vi(u) = u Hy, : Vo(u) = u Hos - Vi(u) = u

IND 1.0000 0.6338 0.9996

K =20 EXCH 1.0000 0.0434 0.9996
AR(1) 1.0000 0.0614 0.9998

IND 1.0000 0.9370 1.0000

K =50 EXCH 1.0000 0.0540 1.0000
AR(1) 1.0000 0.1735 1.0000
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Table 4.11: The empirical power of the pooled IR statistic /R, which takes a ratio of the
unbiased pooled Godambian estimator to the unbiased Pearson moment estimator (4.17) or the
transformed moment estimator (4.18)). The results are obtained from the limiting N(0, 1) distri-
bution among 5000 replicates for small sample size K = 20, and 2000 replicates for the sample
size K = 50 from the true correlation structure: AR(1) with the correlation parameter 0.5, at the
significance level 5% to reject the null hypotheses Hy;, Hy, and Hys.

Godambian versus Pearson moment
Ho : Vi(u) = u Hoy - Vo(u) = p Hoz @ V3(u) = p

IND 1.0000 0.4616 0.9940

K =20 EXCH 1.0000 0.1714 0.9942
AR(1) 1.0000 0.0520 0.9918

IND 1.0000 0.8165 1.0000

K =50 EXCH 1.0000 0.3155 1.0000
AR(1) 1.0000 0.0400 1.0000

Godambian versus Transformed moment
Ho : Vi(u) = u Hy, : Vo(u) = u Hos - Vi(u) = u

IND 1.0000 0.4616 0.9940

K =20 EXCH 1.0000 0.1892 0.9944
AR(1) 1.0000 0.0522 0.9902

IND 1.0000 0.8165 1.0000

K =50 EXCH 1.0000 0.3420 1.0000
AR(1) 1.0000 0.0430 1.0000
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small sample size. Therefore, in some applications where the true value of the
dispersion parameter o2 is assumed to be known from external information or
previous studies, it is suggested that we use the IR statistics which take ratios of
the Godambian estimator to its true value.

Remark 4.2 In the literature of GEE, several methods of estimating the corre-
lation parameter in the working correlation structure have been suggested. See
[53]], [67] and [84]. No matter which method is used to estimate the correlation
parameter, the only necessary assumption required in Theorem @.1], Theorem 4.3]
and Theorem is that the sequence of the estimators {px, K = 1,2,---,} con-
verges to a certain value p,. Moreover, under the null hypothesis Hy (4.2)), the
limiting value p, is equal to the true value of the correlation parameter involved
in the true correlation structure.
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Chapter 5

Model Selection

Model selection problems are encountered almost everywhere. In high di-
mensional data analysis, for example, gene expression analysis, the number of
covariates is considerably larger than the sample size. Variable selection is an
important method to increase the power of statistical conclusions and to facili-
tate the biological interpretation. In the analysis of time series, it is essential to
know the true order of an ARMA model. In the analysis of clustering, it is impor-
tant to determine the number of clusters. In the statistical literature, numerous
model selection procedures have been intensively discussed. They are developed
based on hypothesis testing, prediction errors, cross-validation and information
measurement and so on. [70] surveyed several model selection methods with
reference to regression, categorical data and time series analysis. However, al-
most all of the criteria are for the selection of the optimal mean structure. There
1s a lack of a systematic criterion for selecting the variance/covariance structure.

In this section, we will develop two different model selection procedures:
one is based on the information ratio tests proposed in Chapter 4, and the other
1s based on a discrepancy measurement related with information matrices. In
addition, these two model selection methods will be illustrated by two simulation
studies: selecting the optimal variance function in compound Poisson models
and selecting the true working correlation structure in GEE (2.27).
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5.1 Model Selection Criterion

Let U = {(Vy,y € F} be a class of candidate variance or covariance struc-
tures for the given data, where I is an index set. For instance, in the analysis of
insurance claim data, Tweedie’s compound Poisson models are commonly con-
sidered. (See [49] and [90]). In these models, the variance function takes a
form of power function as follows:

V) = u*, 1<k<?2.

However, the value of « is rarely known in practice. Given a list of candidate
values of k, for example, I' = {k=1.1,1.2,1.3,---,1.9}, a class of variance
functions is given by

T ={V,: V) =,k €T},

where the shape parameter « is the index. In another example of selecting the
optimal working correlation structure in GEE (2.27), we may define a class of
damped exponential correlation structures proposed by [63]]. The correlation
between two observations, taken on the same subject, separated by s-units of
time was modelled as psg, where p is the correlation between elements separated
by one s-unit, and 6 is a damping parameter which permits attenuation or ac-
celeration of the exponential decay of the autocorrelation function defining an
AR(1). Note that p = 0 corresponds to the independence correlation, 6 = 0 cor-
responds to the exchangeable (or compound symmetric) correlation, and 6 = 1
corresponds to the AR(1) correlation. Then, a class of candidate correlation
structures is given by

V= {Rp:0<p<1,620},

where (p, 0) is the index.

We should bear in mind that it is possible that the true variance/covariance
structure 1s not included in ¥ = {(Vy}. Then, based on the data, we need to select

114



the optimal one among those given in U, which is not necessarily the true one,
but the closest approximation, by using a suitable model selection criterion.

5.1.1 Selection of Variance/Covariance Structure based on Hypothesis Test
ing

In Chapter 4, IR tests were proposed to test for misspecification of vari-
ance/covariance structure. Several theorems, for example, Theorem [.1] and
Theorem [.2], stated that the proposed standardized IR statistics are asymptot-
ically N(0, 1) distributed, under the null hypothesis that the variacne/covariance
structure is correctly specified. In this section, we will propose a model selec-
tion procedure based on a sequence of IR tests. Specifically, for each candidate
variance/covariance structure V, € U, we will test for the null hypothesis

H()’), . (Vy = (V*,

using the IR statistic, denoted by /R,, obtained from the estimating equation
using V, as the working variance/covariance structure, where V* represents the
true variance/covariance structure.

Selection of the optimal variance function

Consider a class of candidate variance functions ‘U = {Vy(-), &S F}. First of
all, we need to define equivalency of variance functions.

Definition 5.1 Two variance functions V| and V, are said to be equivalent up to
a constant, if there exists a constant ¢ such that Vi(u) = cV,(uw) for any value of

.

Two assumptions should be made in the following investigation.
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Assumption 5.1 For the given class of candidate variance functions
U = {Vy('),y € F} 3
(i) any variance function in U is not equivalent to all the others; and
(ii) if the true variance function V*(-) is not included in *G, it is not equivalent

to any function V,(-) € ‘L.

Assumption 5.2 Let Q) be the domain of the expectation of the responses. As-
suming that ) is compact, for any candidate variance function V,(-) € ‘U and
the true unit variance function V*(-), there exists a constant M such that

V()
V.0 <M, ue?,

where | - | denotes the absolute value of a real number.

In the context of GLM, given an observed sample of size n and a candidate
variance function V,, € ‘U used in the quasi-score equation (2.8), we consider
an IR statistic, which takes a ratio of an unbiased Godambian estimator of the
dispersion parameter o to its true value, if given. That is,

o r\' —(r
e T (2 (),
g \o o
where 0% could be any unbiased individual coefficient-specific Godambian es-

timator E?_ 1y 4.6), or the unbiased pooled Godambian estimator Eiwlu 4.8),
)

—~ —~(j-1)  —pool

and correspondingly, the matrix W could be W;] or WSOO . Shown in the proof
of Theorem in the context of GLM, the statistic /R, , can be approximated
by

IR,, = (%)T (T~ HOW. (= H))(Z).
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Note that tr{(I,, — H.) W.(I, — H,)} = 1. The vector €,/0 1s multivariate dis-
tributed with mean 0 and covariance matrix €2, an n X n diagonal matrix with the
i-th diagonal element w; = V*(u;.)/V, (u;.). The expectation of the statistic IR,
is given by

Syn = E(IRy,) = tr{Q'? (1, - H)W. (I, - H) Q'?}.

If the null hypothesis Hy, : V,(-) = V*(-) is true, so that the matrix Q = I,,, then

Syn = E (IR%H) ~ 1. On the other hand, if the null hypothesis Hy, is not true,
the matrix €2 is no longer an identity matrix. In this case, the expectation can be
expressed as

Syn = ) il =1+ > (w; = D, (5.1)
i=1 i=1
where 1; are the diagonal elements of the matrix (I, — H,) W. (I, — H,). Note
that Z?:l ﬂii = 1.

If an IR statistic takes a ratio of an unbiased Godambian estimator to the
moment estimator of the dispersion parameter, it can be approximated by

Ry =1+ (%) {<1n ~H.) (W* - ﬁl) (I, - H*)} (%),

g g

If the null hypothesis Hy, is true, the expectation, denoted by ¢, ,, of IR, is
approximately 1; otherwise, the expectation is given by

Sy = 14 D (@i = D= ) @i = Do— L, (5.2)
i=1 i=1

where 7’ is the i-th diagonal element of the matrix H.. Note that under the
Assumption 5.1} ¢, , — 1 is a nonzero constant.

Equations (5.1) and (5.2)) indicate that the expectation ¢, , is a function of w;.
It can show that, under the Assumption |5.2} |w;| = |V*(u;.)/V,(ui.)| is bounded,
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and consequently, |w; — 1| is also bounded. Since }7_, #; = 1, from the equation

D),
[y = 1] = | D (@i = D%a| = O(D).
i=1

Similarly, from the equation (5.2),

;(a}i — D) — ;wi -0,

Moreover, the magnitude of |g,, — 1| depends on the departure of the candidate
variance function V,(-) from the true one V*(-). That is, the larger the relative
discrepancy, i.e. V*/V, — 1 is, the further the expectation g, , differs from 1. Let
A k=1,--+,n, be the eigenvalues of the matrix

sy — 1] = = 0(1),

(1-B)W(1,-H) or (In—ﬁ)(va— In)(ln—ﬁ).

n—p
The standardized IR statistic

IR, — 1
IR;nz’— d N(@,1), as n— oo,
; —

230 B

if the null hypothesis Hy,, : V,(-) = V*(-) is true. Then, given a significance level
a, the p-value

py(@) =2P(Z 2 |IR; )

1s equal to or larger than @, where Z is a N(0, 1) random variable, and IR; obs 18
the observed value of the statistic /R) , obtained from the given data.

If the null hypothesis Hy, is false,

I Ry,n - gy,n

\/2 21 U%

d N@O,1), as n— oo,
ﬁ
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where ¢y, is given in (5.1)) or (5.2)), and v, k = 1,--- , n are the eigenvalues of
the matrix
Q' 1, -HIW. (I, - H) Q'

or
1
Ql/z (In - H*) (W* - —In) (In - H*) Ql/z
n—p

In this case, for large sample size n,

P ik S B Vit DIRTH
v n 2 n "2’ > ’/iz ’
V2 Zi=1 A V2 Zi=1 A k=1 "%
approximately. Since Zzzlﬁk = 1, then /2 Zzzljlz = o(1), and consequently,

the magnitude of (¢, — 1)/ /2 X7, :l\zk 1s considerably large valued. In addition,
under the Assumption|5.2, >'7_, vi/ Yi_ ljl\zk is bounded. Therefore, the p-value

py(@) =2P(Z 2 IR )

is much smaller than @. Thus, a model selection procedure can be suggested
as follows. Given a class of variance functions ‘¥ = {Vy(-),y € F}, for each
candidate variance function V,, a p-value, p,, is obtained from the test for Hy,, :
V, = V*, using a standardized IR statistic at a significance level @. The optimal
variance function is the selected one with the maximum p-value, i.e.,

Vopr = arg max {py(a).y €T},

for a given significance level @. A same model selection procedure may be ob-
tained for the selection of the optimal variance function in GEE.
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Selection of the optimal working correlation structure in GEE

Suppose that the variance function is correctly specified in the context of
GEE, that is, G; = G;, fori = 1,--- , K. In this section, we want to select the
optimal working correlation structure from a given class of working correlation
matrices ¥ = {Ry, v € F}.

Given a candidate working correlation matrix R,, an IR statistic can be ap-
proximated by

~\T —~
IR%K = (5) {(IN - 7'{*)(W* (IN - 7-{>|<)} (g) )

which is a ratio of an unbiased Godambian estimator of o= to its true value, or

—_—

€

T —
IRy x =1+ (—) {Iy = H) (W= W,) Uy —H.)} (E)
o o

which is a ratio of an unbiased Godambian estimator to the moment estima-
tor. For example, the matrix ‘W, could be ‘W ;J*_ Y for the unbiased Bj-1-specific
Godambian estimator (4.13)), or (W{,’,ZOI for the unbiased pooled Godambian es-
timator (4.15), and the matrix “W,, could be W’ /m’ for the unbiased Pear-
son moment estimator (4.17)), or N%pl y for the transformed moment estimator
(4.18). The vector €/o 1s multivariate distributed with mean 0 and covariance
matrix Q, where  is a K X K diagonal block matrix with the i-th diagonal ma-
trix Q; = L;}*R;“L;IT*, because the variance function is correctly specified, i.e.,
G; = G}. If the null hypothesis Hy,, : R, = R" is true, the matrix € = I'y. Then,
the expectation, ¢, g, of the IR statistic /R, g is approximately 1.

By the Cholesky decomposition, the matrix R; can be decomposed as
R=LL", i=1,--,K

where L is a lower triangular matrix. If the null hypothesis Hy,, is false, the
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expectation of the IR statistic is given by

K K
k= L LTI = 1+ Y (LR - 1) Fas
i=1 P

where [ ;; is the diagonal block matrix of
(IN - 7_{*) (W* (IN - 7—{*) D

or
K K
Sy = 14 o ir(Ld LiF L LT ) = 1+ Y or{LTREL L o).
i=1 i=1

where [ ;; 1s the diagonal block matrix of
Iy —H) (W, =W, Uy -H,).

Note that f ; has the same role as ; given in or (5.2). Similarly to the
selection of the optimal variance function, the magnitude of |¢, x — 1| depends
on the eigenvalues of the matrix L} TRy i .L:, which characterizes the departure
of the candidate working correlation structure from the true one. If the null
hypothesis Hy, is true, the p-value obtained from the standardized IR statistic is
equal to or larger than «, for a given significance level a. If the null hypothesis
is false, the p-value is considerably smaller than @. Thus, among the class of
working correlation structures ‘U = {Ry, v € F}, the optimal one R, leads to the

maximum p-value.

However, from Section 4.3.3, we have noticed that the IR statistics are rela-
tively less sensitive to the discrepancy of the working correlation structures than
that of variance functions. Thus, the model selection procedure based on the IR
tests might not be powerful to detect the optimal correlation structure.
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5.1.2 Information Discrepancy Criterion

Several model selection criteria have been built upon the use of Kullback-
Leibler distance (or information) between the true underlying distribution and the
distributional model imposed for parameter estimation. For example, Akaike’s
information criterion (AIC) and the Bayesian information criterion (BIC) take a
form of -2 log L(E) plus a certain penalty term, where L@) 1s the maximum like-
lihood, which is the likelihood function evaluated at the maximum likelithood
estimate 6 of the parameter 6. In the context of estimating equations, because no
parametric density function is assumed, the likelihood function is unavailable.
Thus, these popular information criteria cannot be directly used. [65] proposed
a modification to AIC, named the “quasi-log-likelihood under the independence
working correlation information criteria” (QIC). Later, [43] suggested to use
only the penalty term in the QIC for selecting a working correlation structure.
The penalty term takes a ratio of two information matrices: one is the model-
based covariance matrix estimator using the independence working correlation,
and the other is the sandwich covariance matrix estimator using a general correla-
tion structure. It indicates that the departure of the candidate working correlation
structure from the true one can be reflected from the ratio of the model-based and
sandwich covariance matrix estimators.

Let U = {(Vy,y € F} be a class of variance or covariance structures for the
data, where I is an index set. Corresponding to the candidate variance or co-
variance structures, we define a class of candidate estimating equations & =

{,(8).y T},

Selection of the optimal variance function in GLM

In the context of GLM, given a candidate variance function V,, € ‘, a quasi-
likelihood method requires us to specify an additive estimating function ¥, ,,(B),
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given by (2.8)
1 _
\Py,n(ﬁ) = _2XTA(V')/1 (.y - ﬂ(ﬁ)) 9
o
which is used to estimate the regression coeflicients B, based on the data
{()’i,xi),i = 13' o ’n}'

Given the estimating function ‘¥, ,,(B), the aggregated sensitivity and variability
matrices are given by, respectively, (2.9) and (2.10)

O, .(B) 1
= E{— "1 = -—=X'AV,'AX
S\P‘y,n(ﬂ) { aﬁ } 0_2 (vy b

and 1
Vi, (B) = E{¥,,B¥],(B)] = X AV, VV;Ax

where Cov(Y) = o>V*. Given any value of §, define two limiting information
matrices by

|
S,(B) = nh_)rﬂlo ;S‘Pm B,

and |
V,(B) = lim =V, (B).

To measure the discrepancy between these two information matrices, under a
certain candidate variance function, we define an information matrix ratio by

IMR,B) = {-S,B) V,B). (5.3)

If the variance function is correctly specified, i.e., V,(-) = V*(-), the information
unbiasedness holds at the true value B, of the parameter B, that is,

_S)’(ﬁ*) = V)’(ﬂ*)

Thus, in this case, the information matrix ratio is an identity matrix under the
true variance function, that is, 7 MR.(B,) = I,.
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Let D(V,, V*) be a function characterizing the discrepancy between the can-
didate variance function and the true one. It can be defined by a measurement
of the discrepancy between these two information matrices, which is the dis-
tance between 7 MR,, the information matrix ratio under the candidate variance
function V,, and 7 MR, = I, under the true variance function V*. (See [81]]).
Define

DV, V") = tr{[TMR,(B,) - IMR.(BIV} = tr{[TMR,(B.) - I} (5.4)

However, in practice, the true value of £ is unknown, and the explicit forms of the
limiting matrices S, and V,, are not available. Based on the data, the sensitivity
and variability matrices are estimated by (2.16]) and (2.18)

— | RS
Syu(B) = ~— XAV, 'AX,

and

V,.B) = (GZ)ZXTX(T/;%(T/;@X,

if the true value of 0% is known; otherwise, it is replaced by a moment estimator.
Then, the information matrix ratio can be estimated by

— = =)' (1= = SR
IMRy () = {—;Smw)} {;V%nw)} - {53} V,.3).

and consequently, the estimated information discrepancy function can be ob-
tained by _
d(Vy, V*) = tr {[IMR,.(B) - 1,1’} (5.5)

Leth, = (Ay1,- -+, Ay ), be the eigenvalues of the matrix 7 MRW(E). Then,
the estimated information discrepancy function can be re-written as

p
d(Vy, V) = ) (= 1P =llhy =1, I,

J=1
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where 1, 1s a p X 1 vector of 1’s, and || - || denotes the Euclidean distance. Let

—

U = ‘T/; VZAX, then the estimated sensitivity and variability matrices can be
re-written as, respectively,

— — 1 —p—
—S%n(ﬂ) - ;U U,

V?’,”(E) = (0_2)2 ﬁTRP ﬁa

where R, = diag {r}%} By the QR decomposition, the matrix U can be decom-

posed by R
U =1I10Q,

where I11s an nX p orthogonal matrix, and Q is a pX p matrix. Then the estimated
information matrix ratio 7 MR, ,(B) can be written as

TMR,,(B) = %Q*HTRPHQ.
By the eigen-decomposition, there exists a p X p matrix & such that
IMR,,(B) = EAE™,
where A = diag {M,l, e ,)\%p}. Thus,
A= %8‘1Q‘1HT7€PHQ8 = %‘PRPQ,
where P = & 'Q7 17 is an p X n matrix with (i, j)-th element pij» and Q = I10E

is an n X p matrix with (i, j)-th element g;;. It can be shown that A, ; can be
written as a quadratic form in Pearson residuals. That is,

- r.\T r _
}\,j:ijiqijri/a'zz(—P) Wj(—P), J:l,...’p,
i=1

g g
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where K is an n X n diagonal matrix with the i-th diagonal element ng ) = Djiqijs
fori = 1,---,n. Note that }7_, Kl@ =1forj=1,---,p, from PQ = I,. From

the approximation (4.4), the eigenvalue A; can be approximated by
€\ €
= () (= %G - H (),
o o

where €,/0 is a multivariate random vector with mean 0, and covariance ma-
trix €2, which is an n X n diagonal matrix with the i-th diagonal element w; =

V*(,ui,*)/vy(/li,*)-

Letny, -+, M, be the eigenvalues of the matrix
Q' (I, -H)K; (I, — H.) Q'

Then the expectation of A; is }};_, M and its variance is 2 )7, n,%. Ifv, =V,
the covariance matrix of €,/0 is I,,, then the bias of A, |E (\j) — 1|, 1s of the order
o(1), and the variance of A; is of the order o(1). Consequently, E(\; — 1)? = o(1),
and then,

14
E[d(V,, V"] = Z E(h;— 1) = o(1).
=1

If V, # V*, the bias |E (4)) - 1| is of the order O(1), and the variance is still of the

order o(1). Consequently, £ [d(Vy, V*)] = O(1). The optimal variance function
is defined as the one with the minimum estimated information discrepancy, that
18,

Vopr = arg min {d(V,, V"), y eT}.

We call d(V,, V*) the information discrepancy criterion (IDC).

Remark 5.1 The model-based and sandwich covariance matrix estimators of 8
are given by

ASCOV, B = [-8,.B) .
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and |

— U PP —_ -
AS COVs(ﬂ) = {_Sy,n(ﬂ)} Vy,n(ﬂ) {_Sy,n(ﬁ)}
If the variance structure is misspecified, there is loss of efficiency when using the

model-based covariance matrix estimator. Thus, since AS COV(P) is a consis-
tent covariance estimator, then

IMR,,(B) = ASCOV(B) [ASCOV,.B)] " = I,

In this case, the IDC characterizes the loss in relative efficiency under the can-
didate variance structure.

Selection of the optimal working correlation structure in GEE

In the context of GEE, let * be a class of candidate working correlation ma-
trices

QTZ{Ry,yEF}.

Given a longitudinal data {(yij,xl.Tj),j =1,---,n,i=1,--- ,K}, the GEE 1s an
additive estimating function ¥, x(f), given by (2.27)

L
¥y k(B) = pi) Z DiT(ﬂ)E;j. i —1(B),
i=1

which is used to estimate the regression coeflicients B, where X, ; = Gl.l/ zRyGl.l/ 2,
Given the estimating function ¥, x(B), the aggregated sensitivity and variability
matrices are given by

1 K
Sv,(B) = == ), D] (BT, .Di(B).
i=1

and

K
1
Vi, (B) = — Z DI(B)G;'*R,'R'R,'G; "> Di(p),
i=1
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where Cov(Y;) = 0'2Gl.1/ 2R*Gl.1/ 2. when the variance function is correctly speci-
fied. Given any value of B, define two limiting information matrices by

1
S'}/(ﬁ) = I;I—I;I(}o ES\I’%K(ﬂ),
and

.1
Vy(B) = lim =V, (B).

Based on the data, the sensitivity and variability matrices are estimated by

K

1 :
Se,.(B) = -— ) D%,iD;
i=1
and
Vy, (B) = 2)2 Z D's. iD;

where the true value of o is known; otherwise, it is replaced by a moment
estimator. Then, the estimated information matrix ratio is

— — —~ ] — —
IMR, k(B = {-S,xB)}  V,.x(B).
and consequently, the IDC is given by
d(Vy, V") = tr{[TMR, x(B) — I,1%}.

The optimal working correlation is defined as the one with the minimum IDC,
that 1s,
Vopt = arg %&}% {d(Vy, V), v € F} .

Remark 5.2 The correlation information criterion (CIC) proposed by [43] is
defined by L
CIC(R,) = tr{Q;V,},
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where
| &
0 = Six(Br.7%) = = > DIG'D
1= - I,K(ﬁRyaO'Ry)—A_z i i M
o 4
=

evaluated at the estimators of B and o from the GEE with the candidate working
correlation matrix R,, and

{_S%K @Ry)}_l Vyk (ERy) {_S%K @Ry)}

-1

K K K
(Z Dl.szj.Di) [Z D'y} rirl.szj.D,-) [Z D,.szjz)i)

i=1 i=1 i=1

—

Vy

-1

-1

evaluated at the estimator of B from the GEE with the candidate working corre-
lation matrix R,.

The optimal working correlation structure is the one with the minimum CIC,
that is,
Rop = arggei%{CIC(Ry),y € F}.

Remark 5.3 Both of these two model selection procedures can work for select-
ing the optimal covariance structure from a general class of candidate covari-
ance structures. This class of candidates could be a closed collection of arbitrary
covariance structures, or the combination of a class of variance structures and
a class of correlation structures.

5.2 Numerical Illustration

5.2.1 Selection of Variance Function

Through the following simulation studies, we will evaluate the two model
selection procedures based on the IR tests and the IDC. A data set

{Oixn)i=1,---,n}
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is generated from a compound Poisson model through the following steps: for
eachi=1,---,n,

(1) generate x;; from a uniform distribution UNIF(0, 1);

(1) let n; = By + B1xi1, where the true values of the regression coefficients are
Bo =10, 81 = 5, and let u; = exp(m;);

(111) let

2—K0
Hi
022 - ko)’
where the true value of o2 is 1.5; and then generate a random number N;
from a Poisson distribution with mean A;;

A = 1 <kp <2,

(iv) generate N; random numbers {z;, - - - , z;n,} from a gamma distribution with

the shape parameter o = io__’(‘l), and the scale parameter ¢ = 0-(ky — 1),uf"_1;

N;
(v) lety; = Z Zij-
=1

According to [47], the true mean and variance of the responses in the underlying
distribution are given by

E(Y;)) = u; = exp{Bo + B1xa}, and Var(Y;) = a'zufo,
fori=1,---,n.

The task of this simulation study is to select the optimal variance function
from a collection of candidate variance functions

V={V(u;x) = «=1,1.2,1.5,1.8,2}.

For each candidate variance function, the regression coefficients 8 = (8o, 31)"
are estimated from solving the quasi-score equation

n

n
Vi — Hi 1 1—k
Xili——— = — ) Xil; — i) =0,
E oy ;:1 i i — i)

1
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where x; = (1, x;;)7 and y; = exp{Bo + Bi1xi1}.

Given a value of «y, we generate 1000 replicates for each of the sample sizes

n =

20,50, 100,200. Table [5.1] reports the empirical selection frequencies of

each candidate variance function among 1000 replicates using the two model
selection procedures based on the IR tests and the IDC, over different sample
sizes and different values of kxy. The numerical results suggest that

(1)

(i)

(iii)

both of these two model procedures have higher detection rate with larger
sample size;

the detection rate of the model selection procedure based on the IR tests
increases as ko increases. Figure[5.1]illustrates the relative discrepancy be-
tween the true variance function and candidate variance structure

Vi e

Vy(u) p-
evaluated at smaller value u = 10 and larger value ¢ = 100. The plots
show that for larger value of kg, the relative discrepancy is larger, and con-
sequently, the IR tests are more sensitive to detect the departure of the can-
didate variance function from the true one in this case. Correspondingly,
the model selection procedure based on the IR tests is more powerful to
detect the true variance function for large value of «g;

the IDC has higher detection rate than the model selection based on the IR
tests for all the values of «j.

5.2.2 Selection of Working Correlation Structure

In this section, we will assess and compare the performance of the IDC, QIC
and CIC in detecting the true working correlation structure among independence,
exchangeable and AR(1), for continuous and discrete responses.
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Table 5.1: The empirical frequencies of selecting each candidate variance function in 2 among
1000 replicates using the two model selection procedures based on the IR tests and the IDC over
different sample sizes and different true values of xy. The numbers in the parentheses are the
ratios of the detection rate, obtained from the model selection procedure based on the IDC, to
the detection rate, obtained from the model selection based on the IR tests, of the true variance
function.

;ool,u d(VY’ V*)
1 1.2 15 1.8 2 1 1.2 1.5 1.8 2
K0:1.2
20 245 157 319 201 78 502 233(1.48) 179 40 46

50 234 220 169 264 113 391 455(2.07) 153

100 171 310 78 334 107 308 591(1.91) 101

200 139 500 138 222 1 164 803(1.61) 33
Ko = 1.5

20 113 184 273 262 168 172 207 389(1.42) 197 35

S O =
S OO

50 47 156 329 234 234 37 221 616(1.87) 125 1
100 16 108 375 407 94 9 125 824(2.20) 42 0
200 5 61 350 331 253 3 76 886(2.53) 35 0

ko = 1.8

20 47 109 207 293 344 64 76 227 334(1.14) 299
50 4 47 231 463 255 5 15 159 595(1.29) 226
100 O 11 165 444 380 0 2 95 756(1.70) 147
200 O 1 130 539 330 0 0 31 875(1.62) 94
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Figure 5.1: The relative discrepancy between two variance functions, measured by |V*(u)/V, (1) —
1| = | /u* — 1| evaluated at small and large values of u. The solid line represents ko = 1.2. The
dashed line represents o = 1.5. The dotted line represents k, = 1.8.
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Simulation 5.1 We conduct a simulation study with 1000 replicates for each of
the following settings:

Model 1: Gaussian response with the mean structure u;; = 3 + 5x;;. The true
correlation structure is either exchangeable or AR(1). The true value of the dis-
persion parameter is 1. For this model, three studies will be investigated.

Study 1: For each replicate, we generate a set of balanced longitudinal data of
size K = 30 with 5 repeated measurements taken for each subject. We will gen-
erate two types of covariate: time-dependent and time-independent but individ-
ual level. Time-dependent covariate x;; is generated from a uniform distribution
UNIF(j, j + 1), and individual level covariate x;;’s are independently generated
from UNIF(0, 1). The true value of the correlation parameter is 0.5.

Study 2: For each replicate, we generate a set of balanced longitudinal data of
size K = 30 with different number of measurements 5 and 10 for each sub-
ject. The covariate x;; is time-dependent, generated from a uniform distribution
UNIF(j, j + 1). The true value of the correlation parameter is 0.5.

Study 3: For each replicate, we generate a set of balanced longitudinal data with
5 observations for each subject. The covariate x;; is time-dependent, generated
from a uniform distribution UNIF(j, j + 1). The sample size K = 20, 100, and
the true value of the correlation parameter is p = 0.1,0.5,0.9.

Model 2: Binary response with the mean structure with logistic link

_ GXp(—l + 1/6xij)
~ 1+exp(=1+1/6x;;)

Hij

The true correlation structure is either exchangeable or AR(1). The true value
of the dispersion parameter is 1. In this setting, we generate 1000 replicates of
balanced longitudinal data with sample size K = 30 and 5 observations for each
subject. The covariate x;; is time-dependent, generated from a uniform distribu-
tion UNIF(j, j+1). Binary responses in Model 2 are generated using the BINDATA
library in R, which requires some constraints on the correlation parameter. In the
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case that the true correlation structure is exchangeable, the true value of the cor-
relation parameter is set to be 0.2, 0.5; for AR(1), the true value of the correlation
parameter is 0.2, 0.5, 0.7.

Table [5.2], [5.3] [5.4] and [5.5| report the empirical selection frequencies of each
candidate working correlation structure: independence, exchangeable and AR(1)
for the three studies of Model 1. These empirical frequencies are obtained from
the criteria QIC, CIC and IDC using the true value, the Pearson moment es-
timator and the transformed moment estimator (4.18)) of the dispersion
parameter o2. The numerical results have shown that:

(1) In general, the CIC has higher detection rate than the QIC, which agrees
with the conclusions in [43]]. Moreover, the performance of the IDC is
better than both of the QIC and CIC, except in the case when the true corre-
lation i1s AR(1) and the covariate is time-independent. The advantage of the
IDC over the QIC or CIC is stronger when the covariate is time-dependent.

(i1) If the true value of the dispersion parameter is assumed unknown, it can
estimated by the Pearson residuals or the transformed residuals. The IDC
has a higher detection rate when when using the transformed moment es-
timator than using the Pearson moment estimator. However, when the true
correlation structure is exchangeable, both of the QIC and CIC, when using
the transformed moment estimator, lead to an incorrect conclusion, that is,
AR(1) is selected as the optimal working correlation. When the true corre-
lation structure is AR(1), both the QIC and CIC have a higher detection rate
when using the Pearson moment estimator than when using the transformed
moment estimator.

(i11)) The QIC, CIC and IDC all have better performance as the sample size in-
creases. However, more repeated measurements do not necessarily improve
the performance of these three criteria.

Table [5.6]reports the empirical selection frequencies of each candidate work-
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ing correlation structure: independence, exchangeable and AR(1) for the Model
2. For binary data, the dispersion parameter is usually assumed to be known as 1.
Then the empirical frequencies are obtained from the QIC, CIC and IDC criteria
using the true value 1. The numerical results are consistent with the results ob-
tained from Model 1. The proposed criterion IDC performs better than the QIC
and CIC.

5.3 Data Analysis

We will analyze two data sets to illustrate the two model selection methods of
the most appropriate variance/covariance structure, proposed in Chapter 5.

5.3.1 Vehicle Insurance Data

This data set records one-year vehicle insurance policies taken out in the year
2004 or 2005, provided in [19]. Among 67856 policies, 4624 (6.8%) had at least
one claim. There are two response variables: the number of claims, and the claim
size. Several explanatory variables were also recorded, shown in the following
Table Given these variables, we define the covariates, shown in Table [5.8],
which will be used in the analysis. Note that x, 4ee1, Xy.4ge2, Xy.age4 are the dummy
variables for the vehicle age categories, with category 3 as the baseline; Xgenger
is the dummy variable for the gender of policy holder, with male as the baseline;
Xagel> Xage2 Xageds Xages aNd X406 are the dummy variables for the age categories
of policy holders, with the category 3 as the baseline; X, a4, XareaB> XageD> XageE
and x,e.r are the dummy variables for the residence area, with area C as the
baseline; Xbuss Xconvts Xcoupes Xhbacks Xhdtops Xmcaras Xmibuss Xpanvns Xrdstrs Xstnwgs Xtrucks
and x,, are the dummy variables for the vehicle body type, with “sedan” as the
baseline.
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Table 5.2: The empirical frequencies of selecting each of the independence (IND), exchange-
able(EXCH) and AR(1) correlation structures, among 1000 replicates using the QIC, CIC and
IDC for the Study 1 of Model 1. QIC,, CIC, and IDC, represent the QIC, CIC and IDC using the
true value of o2. QICp, CICp and IDCp represent the QIC, CIC and IDC using the Pearson mo-
ment estimator of o%. QIC,,, CIC,, and IDC,, represent the QIC, CIC and IDC using the
transformed moment estimator of o2. For each replicate, the data is of size K = 30, with
5 observations for each subject. The true correlation structure is either exchangeable or AR(1),
and the true value of the correlation parameter is 0.5. Two types of covariate are generated:
time-dependent and time-independent but individual-level.

True correlation: Exchangeable with p = 0.5

x;;: time-dependent x;;: individual-level
IND EXCH AR(1) IND EXCH AR(1)
QIC. 416 519 65 267 638 95
cic, 310 546 144 45 795 160
IDC, 1 742 257 0 758 242
QICp, 303 549 148 37 796 167
CICp 303 549 148 37 796 167
IDCp O 713 287 0 839 161
oic, 0 0 1000 0 0 1000
cic, 4 3 993 4 11 985
IDC,, O 926 74 0 766 234
True correlation: AR(1) with p = 0.5
x;;: time-dependent x;;: individual-level

IND EXCH AR(l) IND EXCH AR(1)
QIC, 208 147 645 169 210 621

cic. 127 99 744 36 122 842
IDC, 13 146 841 24 524 252
QICp 125 97 778 32 115 853
CICp 125 97 778 32 115 853
IDCp O 82 918 0 553 447
QIC, 242 239 519 104 429 467
CIC, 138 106 756 42 105 853
IDC,, O 108 892 0 527 473
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Table 5.3: The empirical frequencies of selecting each of the independence (IND), exchange-
able(EXCH) and AR(1) correlation structures, among 1000 replicates using the QIC, CIC and
IDC for the Study 2 of Model 1. QIC., QICp, QIC,,, CIC,,CICp,CIC,,, IDC,, IDCp, and IDC,,
are the same as Table [5.2] For each replicate, the sample size is K = 30, and 5 or 10 repeated
measurements were taken for each subject. The true correlation structure is either exchangeable
or AR(1), and the true value of the correlation parameter is 0.5. The covariate is time-dependent.

True correlation: Exchangeable with p = 0.5

5 repeated measurements 10 repeated measurements

IND EXCH AR(1) IND EXCH  AR(1)
oIc, 391 538 71 466 517 17
CIC. 280 585 135 411 538 51
IDC, 1 747 252 0 695 305
QICp 272 589 139 410 538 52
CICp 272 589 139 410 538 52
IDCp O 749 251 0 697 303
oic, 0 0 1000 0 0 1000
cic, 2 3 995 1 0 999
IDC, O 929 71 0 995 5

True correlation: AR(1) with p = 0.5

5 repeated measurements 10 repeated measurements

IND EXCH AR(1) IND EXCH  AR(1)
QIc. 200 158 642 172 160 668
cic, 111 112 777 87 91 822
IDC, 15 111 874 0 43 957
QIC, 110 108 782 86 89 825
CIiCp 110 108 782 86 89 825
IDCp O 72 928 0 26 974
QIC, 244 264 492 272 251 477
cic, 124 128 748 102 110 788
IDC, O 84 916 0 28 972
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Table 5.4: The empirical frequencies of selecting each of the independence (IND), exchange-
able(EXCH) and AR(1) correlation structures, among 1000 replicates using the QIC, CIC and
IDC for the Study 3 of Model 1. QIC., QICp, QIC,, CIC,, CICp, CIC,,, IDC,, IDCp, and
IDC,, are the same as Table [5.2] For each replicate, 5 repeated measurements were taken for
each subject. The sample size is 20 or 100. The true correlation structure is exchangeable, and
the true value of the correlation parameter is 0.1, 0.5 or 0.9. The covariate is time-dependent.

QIC,
CIC,
IDC,
QICp
CICp
IDCp
QIC,,
CIC,
IDC,

QIC,
CIC,
IDC,
QICp
CICp
IDCp
QIC,,
CIC,
IDC,

p=0.1 p=0.5 p =09
IND EXCH AR(l) IND EXCH AR(l) IND EXCH AR(1)
sample size K = 20
260 329 411 403 477 120 273 505 222
220 311 460 297 492 211 113 569 318
92 616 292 9 674 317 3 566 431
226 312 462 287 485 228 102 572 326
226 312 462 287 485 228 102 572 326
32 702 266 0 666 334 0 589 411
141 177 682 2 1 997 0 0 1000
193 261 546 23 16 961 0 0 1000
32 701 267 0 846 154 0 955 45
sample size K = 100
376 408 216 342 656 2 206 752 42
3290 403 268 189 798 13 0 895 105
14 851 135 0 870 130 0 562 438
329 403 268 186 799 15 0 894 106
3290 403 268 186 799 15 0 894 106
0 862 138 0 877 113 0 574 426
26 58 916 0 0 1000 0 0 1000
249 315 436 0 0 1000 0 0 1000
0 859 141 0 991 9 0 1000 0
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Table 5.5: The empirical frequencies of selecting each of the independence (IND), exchange-
able(EXCH) and AR(1) correlation structures, among 1000 replicates using the QIC, CIC and
IDC for the Study 3 of Model 1. QIC., QICp, QIC,, CIC,, CICp, CIC,,, IDC,, IDCp, and
IDC,, are the same as Table [5.2] For each replicate, 5 repeated measurements were taken for
each subject. The sample size is 20 or 100. The true correlation structure is AR(1), and the true
value of the correlation parameter is 0.1, 0.5 or 0.9. The covariate is time-dependent.

QIC,
CIC,
IDC,
QICp
CICp
IDCp
QIC,,
CIC,
IDC,

QIC,
CIC,
IDC,
QICp
CICp
IDCp
QIC,,
cIC,
IDC,

p=0.1 p=0.5 p =09
IND EXCH AR(l) IND EXCH AR(l) IND EXCH AR(1)
sample size K = 20
211 282 507 199 168 633 198 215 587
191 273 536 112 129 759 130 172 698
102 527 371 42 201 757 1 101 898
189 273 538 108 127 765 124 166 710
189 273 538 108 127 765 124 166 710
50 577 373 1 150 849 0 11 989
230 328 442 258 218 524 176 298 526
184 265 551 123 124 753 128 220 652
50 577 373 1 165 834 0 23 977
sample size K = 100
206 243 551 142 103 755 110 191 699
170 215 615 35 29 936 17 97 886
81 361 558 0 18 982 0 0 1000
170 215 615 33 29 938 17 97 886
170 215 615 33 29 938 17 97 886
18 392 590 0 3 997 65 394 541
271 277 452 222 277 501 32 184 784
166 215 619 42 39 929 0 0 1000
18 391 591 0 8 992 0 0 1000
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Table 5.6: The empirical frequencies of selecting each of the independence (IND), exchange-
able(EXCH) and AR(1) correlation structures, among 1000 replicates using the QIC, CIC and
IDC for the Model 2. QIC, CIC and IDC represent the QIC, CIC and IDC using the true value
of o2. For each replicate, the sample size is K = 30, and 5 repeated measurements were taken
for each subject. The true correlation structure is either exchangeable with the correlation 0.2
and 0.5, or AR(1) with the correlation 0.2, 0.5 and 0.7. The covariate is time-dependent.

True: Exchangeable
p=02 p=0.5
IND EXCH AR(l) IND EXCH AR(1)
QIC 231 487 282 212 658 130
CIC 234 539 227 184 756 60

IDC 8 863 129 0 712 288
True: AR(1)
p=02 p=05 p=0.7
IND EXCH AR(1) IND EXCH AR(1) IND EXCH AR(1)
QIC 130 207 663 76 108 816 50 98 852
cic 97 167 736 30 74 896 14 42 944
IDC 12 345 643 0 81 919 0 19 981
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We are interested in investigating significant covariate effects on the claim
size. The observations with nonzero claim sizes are used in the analysis, where
the response variable is the claim size, and the others are covariates. We fit the
GLMs, which include only the main effects, with the log link function

lOg(/Ji) = ﬁO +ﬁvaluexi,value +,Bexpxi,exp0sure +ﬁgenderxi,gender
+,Bv.agelxi,v.agel + ﬁv.ageri,v.ageZ + ,Bv.age4xi,v.age4
+,8agel-xi,agel + IBagEZ-xi,ageZ + ,Bage4xi,age4 + ,BageSXi,ageS + l[))ageé-xi,age6
+,8areani,areaA + ﬁareani,areaB + ﬁareani,areaD + ﬁareaExi,areaE
+ﬁareani,areaF + ,Bbusxi,bus + ,Bconvtxi,convt + ,Bcoupexi,coupe + ,Bhbackxi,hback
+ﬁhdt0pxi,hdt0p + ﬁmcaraxi,mcam + ,Bmibusxi,mibus + ,Bpanvnxi,pcmvn
+ﬁrdstrxi,rdstr + ﬁstnwg-xi,stnwg + ﬁtruck-xi,tmck + ﬁutexi,ute (56)

under different working unit variance functions
V(ui, k) =7, «=12,15,1.8,2,3, (5.7)

where y; = E(Y;), fori = 1,--- ,n. The models with x = 1.2, 1.5, 1.8 correspond
to Tweedie’s distributions ( [49]), the one with k = 2 corresponds to a gamma
regression model, and the one with k = 3 corresponds to an inverse gaussian
regression model. The parameter estimates as well as the corresponding sand-
wich standard errors obtained from these five models were reported in Table [5.9]
This analysis found strong evidence that exposure, gender, age category of pol-
icy holder, and residence area have significant effects on the claim sizes under
all the variance functions. Specifically, larger degree of exposure is significant
in reducing the claim sizes. Compared to men, women are likely to have smaller
claim sizes. In addition, younger policy holders tend to have larger claim sizes.
Compared to the area C, the claim sizes in area F are shown to be larger. How-
ever, the point estimates, as well as the standard errors, differ remarkably under
different working variance functions. In particular, under the variance functions
V(u) = y* for k = 1.8, 2,3, the vehicle body type is shown to have a significant
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effect on the claim sizes, and specifically, compared to “sedan”, the “motorized
caravan/combi” vehicles tend to have insurance claims with significantly smaller
sizes. However, under the variance function V(u) = u* with k = 1.2, 1.5, the
vehicle body type does not show as a significant factor.

For each variance function, we evaluate and compare the model selection cri-
teria: IDC, p-values from the IR test using the pooled IR statistic IR, AIC
and BIC. The values of these criteria are listed in Table [5.10 AIC and BIC, the
most popular model selection methods, select the variance function V(u) = u?,
which corresponds to an inverse gaussian regression model, as the optimal vari-
ance function. However, IDC selects V() = u? as the most appropriate variance
function, and p-values obtained from the IR statistic IR ,,,; select V(u) = u's,

Given the same mean structure, the penalty terms in the AIC and BIC are
the same under different variance functions. The quasi-likelihood function is
given by Q(u,y) = u* (% — 2“—_2K) for Tweedie’s distribution with the variance
function V(u) = p, 1 < k < 2, and Q(u,y) = —y/u — log(u) for the gamma
regression model with the variance function V(i) = u2, Q(u,y) = —y/2u* + 1/u
for the inverse gaussian regression model with the variance function V(u) = 1.
Even though the models with different variance functions produce different point
estimates to a certain extent, the values of u; are quite similar. The differences
in the magnitude of AIC and BIC mainly depend on the value of x especially
for large values of u and y. We found that both the AIC and BIC monotonically
decrease when k gets larger. Therefore, neither of these two criteria is appropriate
to choose the optimal variance function because they tend to select larger values
of k. On the other hand, the IDC and p-value obtained from the IR test did not
show any monotonic pattern associated with the value of k. Even though different
variance functions were chosen by the model selection methods which are based
on the IDC and the p-values of the IR test («k = 2 for the IDC and « = 1.8
for the p-values), they lead to similar point estimates as well as standard errors,
and consequently, the same statistical conclusion. Therefore, either the variance

function V(u) = u'® or V(i) = p? can be regarded as the selected best-fitting
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Table 5.7: The variables given in vehicle insurance data set.

Variables

Type

Range

Age category of policy holder
Gender

Area of residence

Vehicle value

Vehicle age

vehicle body type

exposure
the number of claims
claim size

categorical
categorical
categorical
numerical
categorical
categorical

numerical
categorical
numerical

1(youngest),2,3,4,5,6

male,female

AB,C,D,EF

$0 - $350,000

1(new),2,3,4

bus, convertible,coupe,hatchback,
hardtop,motorized caravan/combi, minibus,
panel van, roaster, sedan,station wagon
truck, utility

0,1

1,2,3,4

$0 - $55922.13

variance function.

5.3.2 Madras Longitudinal Schizophrenia Study

This data set was used as an example in [23]]. Schizophrenia is a psychiatric
disorder with symptoms of thought disorders. This study tracked positive and
negative psychiatric symptoms over the first year after initial hospitalization for
schizophrenia. To investigate the time pattern of the symptoms as well as age
and gender effects, we fit the GEE models. The presence of thought disorder,
which is a binary variable, is used as the response variable in the analysis. In

addition, three variables are used as the covariates:

(1) Xmonn: duration since hospitalization (in months)

(i1) x,g.: age category of patient at the onset of symptom, defined as

Xage = {

1, if age < 20;
0, otherwise.
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Table 5.8: The covariates used in the model fitting.

covariates description

Xyame Vehicle value: $0 - $350,000

Xvager = 1, 1f the vehicle age category is 1; = 0, otherwise
Xvage2 = 1, 1f the vehicle age category is 2; = 0, otherwise
Xyages = 1, 1f the vehicle age category is 4; = 0, otherwise

Xexposure  €Xposure: (0,1)
Xgender  gender: = 1, if female; = 0, otherwise

Xager = 1, 1f the holder age category is 1; = 0, otherwise
Xage2 = 1, 1f the holder age category is 2; = 0, otherwise
Xages = 1, 1f the holder age category is 4; = 0, otherwise
Xages = 1, if the holder age category is 5; = 0, otherwise
Xages = 1, if the holder age category 1s 6; = 0, otherwise
Xueaa = 1, 1f the residence area is A; = 0, otherwise
Xueap = 1, 1f the residence area is B; = 0, otherwise
Xaeap = 1, 1f the residence area is D; = 0, otherwise
Xaear = 1, if the residence area is E; = 0, otherwise
Xaear = 1, 1f the residence area is F; = 0, otherwise
xps = 1, if the vehicle body type is bus; = 0, otherwise
Xcome = 1, if the vehicle body type is convertible; = 0, otherwise
Xcoupe = 1, 1f the vehicle body type is coupe; = 0, otherwise

Xmack = 1, if the vehicle body type is hatchback; = 0, otherwise
Xnarop = 1, if the vehicle body type is hardtop; = 0, otherwise

Xmeara = 1, 1f the vehicle body type is motorized caravan/combi;
= 0, otherwise
Xminus = 1, if the vehicle body type is minibus; = 0, otherwise
Xpamn = 1, 1f the vehicle body type is panel van; = 0, otherwise
Xrasr = 1, if the vehicle body type is roster; = 0, otherwise
Xsmwg = 1, 1f the vehicle body type is station wagon; = 0, otherwise

Xouek = 1, 1f the vehicle body type is truck; = 0, otherwise
xue = L, if the vehicle body type is utility; = 0, otherwise
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Table 5.9: Parameter estimates of regression coefficients with the sandwich standard errors (in
the parentheses) obtained from the GLMs, under different working variance functions, for the
vehicle insurance data with at least one claim. The * represents rejection of the null hypothesis

H, : B = 0 using the Wald test at the significance level 0.05.

k=12 k=15 k=138 k=2 k=73
Bo  8.027(0.108)  8.011(0.109)«  7.996(0.110)«  7.986(0.110)«  7.942(0.113)=
Bvae  0.037(0.032) 0.035(0.032) 0.034(0.033) 0.033(0.033) 0.032(0.033)
Bexp -0.826(0.089)+ -0.794(0.090)+ -0.766(0.090)+ -0.749(0.091)* -0.681(0.094)x
Bgender  -0.173(0.050)%  -0.162(0.050)* -0.152(0.050)+ -0.147(0.050)* -0.127(0.050)%
Brager  -0.104(0.082)  -0.105(0.081)  -0.106(0.081)  -0.106(0.081)  -0.108(0.079)
Bragex  -0.031(0.068)  -0.035(0.067)  -0.038(0.067)  -0.040(0.067)  -0.040(0.066)
Brages  0.078(0.068) 0.078(0.068) 0.078(0.069) 0.078(0.069) 0.083(0.070)
Bager  0.261(0.083)+  0.249(0.085)+  0.239(0.086)+  0.234(0.088)+  0.213(0.093)x*
Bager  0.093(0.072) 0.093(0.072) 0.092(0.072) 0.092(0.072) 0.093(0.072)
Bages  0.024(0.070) 0.026(0.069) 0.029(0.069) 0.031(0.069) 0.043(0.068)
Bages  -0.078(0.086) -0.08(0.084) -0.081(0.082)  -0.082(0.081)  -0.093(0.076)
Bages  0.029(0.101) 0.021(0.100) 0.013(0.099) 0.008(0.098)  -0.009(0.094)
Barear  -0.049(0.066)  -0.048(0.066)  -0.046(0.065) -0.045(0.065) -0.043(0.065)
Bareas  -0.094(0.069)  -0.094(0.068)  -0.095(0.068) -0.097(0.067) -0.111(0.066)
Bareap  -0.092(0.088)  -0.097(0.087)  -0.103(0.085) -0.108(0.085)  -0.136(0.081)
Barear  0.075(0.091) 0.072(0.092) 0.071(0.093) 0.070(0.094) 0.070(0.098)
Barear  0.328(0.099)%  0.315(0.103)«  0.303(0.106)*«  0.296(0.109)*«  0.270(0.122)x
Brus  -0.362(0.609)  -0.351(0.580) -0.343(0.555) -0.339(0.539) -0.330(0.471)
Beomr  0.136(0.900) 0.105(0.918) 0.071(0.931) 0.048(0.937)  -0.077(0.917)
Beoupe  0.300(0.181) 0.290(0.188) 0.281(0.196) 0.275(0.201) 0.249(0.227)
Brvack ~ 0.125(0.065) 0.125(0.064) 0.124(0.064) 0.123(0.064) 0.119(0.063)
Braop  0.107(0.146) 0.095(0.148) 0.087(0.149) 0.082(0.150) 0.067(0.152)
Bueara  -1.045(0.638)  -1.023(0.550) -1.004(0.478)*% -0.992(0.436)« -0.952(0.286)=
Bumivus ~ 0.149(0.206) 0.139(0.208) 0.130(0.209) 0.125(0.209) 0.108(0.213)
Bpamn  -0.831(1.765)  -0.857(1.502)  -0.884(1.275)  -0.902(1.140) -1.010(0.626)
Brasir  -0.023(0.077)  -0.023(0.077)  -0.023(0.076)  -0.023(0.076)  -0.023(0.074)
Bsimwg  0.245(0.144) 0.250(0.149) 0.256(0.154) 0.259(0.157) 0.283(0.178)
Biruek  0.083(0.110) 0.088(0.111) 0.092(0.112) 0.094(0.113) 0.110(0.117)
Bue 0.359(0.227) 0.365(0.235) 0.375(0.245) 0.383(0.252) 0.445(0.307)
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Table 5.10: The IDC, p-values of the IR test (p;z), AIC and BIC obtained from the GLM models
with different working variance functions.

k=12 k=1.5 k=1.8 k=2 k=73
IDC 9.483 7.181 6.232 6.012x 7.437
PIr 0.042 0.526 0.879: 0.679 0.554
AIC 2.523E07 1.642E06 2.630E05 7.927E04 55.521:x
BIC 2.523E07 1.642E06 2.631E05 7.946E04 242.252x

(111) Xgenger: gender of patient, defined as

. _ | 1, if female;
gender 0, if male.

Besides these three main effects, the interaction between variables x,,,,;, and
Xage» and the interaction between variables X,on4 and Xgenqer are also included in
the models.

We fit three GEE models with the same logistic link

logi[(,uij) = ,80 +ﬂmonthxmonth,ij +,8agexage,ij +ﬁgenderxgender,ij

+,8m.axm0nth,ij * Xage,ij +ﬁm.gxm0nth,ij * Xgenders

where u;; = E(Y;;), under three different working correlation structures: inde-
pendence, exchangeable, and AR(1). The results are reported in Table The
point estimates of the regression coeflicients as well as the sandwich standard
errors vary substantially over these three working correlation structures. In ad-
dition, the model with AR(1) working correlation structure leads to the smallest
standard errors for all the coefficient estimates. Moreover, the baseline log odds
ratio of the presence of symptom is significantly larger than zero for the pa-
tients who were male and over 20 years old at the onset of symptom, under the
“independence” and “exchangeable” working correlation structures, but it is not
significantly different from O under the AR(1) working correlation structure.
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For each model, we calculate and compare the IDC, p-value obtained from
the IR statistic /R ,,,; as well as the QIC and CIC, listed in Table . The results
show that the IDC, p-value of the IR, and CIC all select AR(1) as the optimal
working correlation structure, which is consistent with the result in [43]. In ad-
dition, the QIC selects the independence working correlation structure, also the
same as their result. Note that GEE fitting is performed here using the geepack
library in R, but [43]] used the yags library. Thus, the values of the QIC and CIC
here are slightly different from those in [43].

It is interesting to see that the differences in the magnitudes of the QIC and
CIC are substantially smaller than those of the IDC. In other words, the IDC
magnifies the discrepancy among different working correlation structures. In
addition, the p-values obtained from the /R ,,,; are also sensitive to the difference
among different correlation structures.

Remark 5.4 In this data analysis, we did not check the adequacy of the mean
structure, in which other interactions (for example, three way interaction of age,
gender and month) may be also a significant factor. It may require further tests to
verify the mean structure, for example, using the QIF proposed by [68]]. How-
ever, in order to compare our results with those in [43]], we keep the same mean
structure used in their paper [43]].

Among 186 subjects in this data set, 17 have missing observations, only par-
tial follow-up that ranges from 1 to 11 months. Regression analysis of drop-out
suggests that subjects whose current disease status is Y¥;; = 1 are at increased risk
to drop-out at time j+ 1 with odds ratio 1.76 and p-value 0.345. The potential as-
sociation between drop-out and the observed outcome data implies consideration
of an analysis that is valid if the drop-out mechanism is missing at random. See
[23]. However, GEE is valid only if the missing mechanism is missing com-
pletely at random. When missing data are missing at random, GEE is unable
to produce consistent estimates of the mean parameters because its estimating
equations are not unbiased. [71] proposed inverse probability weighted GEE
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Table 5.11: Parameter estimates of regression coeflicients with the sandwich standard errors (in
the parentheses) obtained from the GEE models under different working correlation structures,
for the Madras Longitudinal Schizophrenia data. The * represents rejection of the null hypothesis
H, : B = 0 using the Wald test at the significance level 0.05.

coefficients independence exchangeable AR(1)
Bo 0.643(0.304)« 0.620(0.315)= 0.542(0.292)
Bunontn -0.254(0.060)x -0.272(0.065)x -0.233(0.055)x
Bage 0.811(0.493) 1.059(0.547) 0.619(0.459)
Bgender -0.388(0.449) -0.593(0.525) -0.130(0.420)
Bina -0.137(0.094) -0.087(0.093) -0.096(0.084)
Bong -0.113(0.096) -0.140(0.097) -0.157(0.088)

Table 5.12: The IDC, QIC, CIC and p-values of the IR test (p;g) obtained from the GEE models
under different working correlation structures.

independence exchangeable AR(1)

IDC 35.943 20.706 0.317
QIC 955.322 964.745 955.965
CIC 19.011 19.005 18.540
DIR 0.000 0.000 0.398

which yields unbiased estimating equations, and hence produce consistent pa-
rameter estimates. However, for the purpose of comparison with [43]], we do not
consider the issue of missing data.
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Chapter 6

Summary and Future Work

6.1 Summary

As an important example of estimating equations, quasi-likelihood inference
1s widely used to estimate parameters of interest in various statistical problems
where the investigators are uncertain about the complete probabilistic mecha-
nism by which the data are generated. Based on the assumptions on certain
aspects of the underlying probability distribution, typically on the first two mo-
ments, quasi-score equations for independent data or GEEs for correlated data
can be constructed. These estimating equations can provide consistent estima-
tors of the regression coefficients, and can obtain the same estimation efficiency
as the most efficient estimator if the mean and variance/covariance structures are
correctly specified. Thus, it is of importance to assess the adequacy of the as-
sumptions on the first two moments. Numerous tests have been suggested in the
literature to test for misspecification of the mean structure as well as to select
covariates that have significant effects on responses. But, so far in the litera-
ture there have been no systematic methods available to assess the validity of the
variance/covariance assumption.

In this thesis, we focus on the circumstances where the mean structure is cor-
rectly specified. It shows that misspecified variance/covariance structures lead
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to some discrepancy between the two forms of information matrix, the nega-
tive sensitivity matrix and the variability matrix. This discrepancy is equivalent
to that between the model-based and sandwich covariance matrix estimators.
Contrasting the two types of covariance matrix estimators, we construct the in-
formation ratio (IR) statistics that enable us to test for misspecification of vari-
ance/covariance structures, as well as to select the optimal variance/covariance
structure. Also, we propose the “information discrepancy criterion” (IDC) for
selecting the optimal variance/covariance structure, which gives a better perfor-
mance than the model selection procedure based on the IR test statistics. The
IDC essentially measures the loss in relative estimation efficiency in using a can-
didate variance/covariance structure compared to the true one.

For the IR tests, we have derived related asymptotic distributions, and car-
ried out intensive simulation experiments for a test for heteroscedasticity, a test
for overdispersion, and a test for misspecified variance functions and/or working
correlation structure in GEE. The numerical results have shown that the pro-
posed IR statistics give adequate performance under the null hypothesis. When
the statistics have poor performance due to a heavy right tail for small sample
size, a normalized y? approximation can make an improvement. The IR statis-
tics are considerably powerful to reject the null hypothesis, and more powerful
than the classic information matrix test proposed by [87]. Furthermore, the
performance of the IR tests is very consistent among different scenarios of al-
ternative hypotheses, because there is no need to model alternative hypotheses.
The pooled IR statistics usually perform the best, because their weights incorpo-
rate the overall influence from all the covariates. Moreover, in linear regression
models, the IR statistics corresponding to individual regression coefficients can
provide a powerful tool to detect responsible variables for heteroscedasticity.

We proposed two model selection procedures. One is based on a sequence of
IR tests. The simulation studies have shown that in the context of GEE, the IR
tests based criterion is more useful to select the true/optimal variance function
than to select the true/optimal correlation structure. The other selection criterion
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is an “information discrepancy criterion” (IDC), that measures the information
loss (difference) of a candidate variance/covariance structure relative to the true
one. In the two simulation studies considered, the IDC has a high detection
rate of the true variance function in compound Poisson models, and the true
correlation structure in GEE. Moreover, the IDC has better performance than the
criterion QIC proposed by [65] and the CIC proposed by [43] for selecting the
optimal correlation structure, especially for time-dependent covariates.

6.2 Future Work

Both of the IR tests and model selection approach based on the IDC have been
proposed under the assumption that the first moment of the underlying distribu-
tion is correctly specified. However, in some applications, the assumption of the
mean structure may be approximately correct, but with mild departure from the
true structure, for example, excluding an uninformative covariate, or misspeci-
fication of the link function. It is necessary to conduct further investigation on
the robustness of the IR tests and the IDC against minor misspecification of the
mean structure.

In the context of GEE, the regression coefficients are regarded as the pa-
rameter of main interest, and both the dispersion parameter and the correlation
parameters are treated as nuisance parameters. They are called GEE-1 in the
literature. [67] formalized the estimation of the parameters related to the vari-
ance/covariance structure, which leads to simultaneous inferences about the re-
gression and association parameters. See also [54]. They are referred to as
GEE-2 in [41]. In GEE-2, the asymptotic covariance matrix of the parameter es-
timators is available in an expanded form involving mean, dispersion and correla-
tion parameters. It would be straightforward to extend the proposed IR statistics
to the GEE-2 setting where we can test for any postulated variance/covariance
structures.
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Many selection information criteria describe the tradeoff between the com-
plexity and precision of the model. Among competing correlation structures in
GEE, exchangeable and AR(1) correlation structures both have only one correla-
tion parameter, but unstructured correlation matrices have (n> — n)/2 correlation
parameters, where n 1s the number of repeated observations for a subject. It is
certain that an unstructured correlation structure provides a more complex and
flexible model of correlation, but on the other hand, it may cause overfitting that
affects the estimation efficiency. In the proposed criterion IDC, as well as the
CIC, no penalty on the number of correlation parameters estimated has been ac-
counted for. It is unfair to directly compare correlation structures with different
numbers of correlation parameters. A future work is to make a modification to
the IDC by penalizing the complexity of competing correlation structures.

GEE has been regarded as the most popular estimation method in the marginal
model for longitudinal data analysis. GEE may run into some difficulty occasion-
ally. For example, the estimates of the correlation parameter do not exist in some
cases of misspecification ( [18]]). [68] proposed a method of quadratic inference
functions (QIF) which do not involve direct estimation of the correlation param-
eter, and that remains the optimal even if the working correlation structure is
misspecified. They suggested that the inverse of the working correlation matrix
can be represented by a linear combination of basis matrices. Moreover, this ap-
proach provides a y? inference function for testing nested models and a y? test
for the mean structure misspecification. However, like the GEE, QIF does not
provide a test for misspecified covariance structure. Tests for the second-moment
misspecification will help to improve the estimation efficiency of the QIF. Thus,
in the context of QIF, it is possible to establish procedures of testing for both
mean and covariance misspecification. In addition, the complexity of the candi-
date correlation structures can be characterized by the minimum number of the
basis matrices in the decomposition of the inverse of the working correlation ma-
trix. Then, a possible penalty term for the IDC may be related to the number of
the basis matrices. Some additional exploration is needed.
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APPENDICES

A.1. Proof of Lemma 4.1 and 4.2

In the context of GLM, since the Pearson residual vector can be approximated

by (4.4)
r,~,-H,)e,,

the 3,_1-specific Godambian estimator of the dispersion parameter o, for j =
I,---, p, can be approximated by

oy =€ (I, -H)W ™I, - H)e,,

following from the quadratic form (4.5)) of the Godambian estimator. Here we
use the fact that Wi] U are consistent estimates of ng*_l) due to the consistency of

B

Under the null hypothesis Hy (4.1)), the vector €, has mean 0 and covariance
matrix oI,. Consider a general quadratic form Q(e,) = efﬂeP, where A is
an n X n symmetric matrix. By the eigen-decomposition, the matrix A can be

decomposed as
A=EANE",

where & is an orthogonal matrix and

A:diag{/ll7.°° ,/1}’1},
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where 4, > A, > --- > A, are the eigenvalues of the matrix A. Let & = STeP =

(g1, -+ ,&,)T be an n x 1 vector, which also has mean 0 and covariance matrix
oI, because & is an orthogonal matrix. The quadratic form Q(€,) can be written
as

Qe,) = &' Ae = Z L&}
k=1
Then, the expectation of the quadratic form Q(e,) is given by

E(Q(e,)) = o> (Z /lk] .
k=1

Therefore, the 8;_1-specific Godambian estimator (4.5) has expectation

11 NO.[ZA(J )] j=1,---,p,

where /1(] are the eigenvalues of the matrix (I, — H..) Wij - (I, - H,). This
completes the proof of Lemma

Similarly, in the context of GEE, the ,_;-specific Godambian estimator (4.12)
of the dispersion parameter o> can be approximated by

7 =€ {Uy - H)WY™ Iy - HJE

from the approximation of the transformed residual vector (4.11)) and the quadratic
form of the Godambian estimator (4.12)). Under the null hypothesis H, (4.2)), the
vector € is multivariate distributed with mean 0 and covariance matrix o1 y.
Then, the estimator 0' | has expectation as

-Gl

where /1]({{*_1) are the eigenvalues of the matrix (Iy — H.) (Wij - Iy — H.,). This
completes the proof of Lemma4.2]
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A.2. Proof of Theorem 4.1

In the context of GLM, the unbiased j,_;-specific Godambian estimator
of o can be rewritten as a quadratic form given by

~2 _ T’\(j_l)

(o r

j-lLu = "p " u p*

The Pearson residual vector r, can be approximated by r, ~ (I, — H,) €, given
by (4.4) for large sample size, where €, is an n-variate random vector with mean
0 and covariance matrix 02Q,. Thus, for large sample size, the Godambian

estimator ’5'2._1 can be approximated by a quadratic form,
] N2

T, = Q) =€ {(1 -H)WI D, —H*)} €, 6.1)

. —(j-1

where Wg,] . is the matrix which substitutes the estimate ﬂn in the matrix W :

with the true value B,, for j =1,---,p. Note that because ﬂn 1S a consistent
-1

estimator, the matrix W : may be approximated by W(J Y for large sample

size. Let .
=, -H)W V1, - H.),

which is an n X n symmetric matrix. Let /l,((jgl), k=1,---,n, be the eigenvalues
Y )
of the matrix C,.. Note that [/1,({]* 1)] , k =1,---,n, are the eigenvalues of the

matrix Cﬁf, forh=1,2,---.

As discussed in Section 4.1.1, under the null hypothesis Hy (.1), the matrix
Q. = I,,, and consequently, the vector €, has mean 0 and covariance matrix o*1,,.
In addition, under the null hypothesis Hy, the expectation and variance of the
quadratic form Q(e,)/ o? are

E{Q(e,)/0?) ZW D= (6.2)
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and

Var {Q(e,)/o?} =2 Z |4 ” . (6.3)
By the central limit theorem for quadratic forms discussed in [46], we have

Qe,)/o* - E{Qe)/]  Qre,)/o® -~ 1
VVar{Q(e,)/o?} \/2 s 1 /l(J 1)

under the null hypothesis Hy. A necessary condition for the central limit theorem
1s ,
max{[/ll(cj*_l)] }

112
ZZ—I [/1(] 1)]
because /I(J Y = 0(1/n), obtained from N l/l(f D=1.

-4 N(@,1) asn — oo,

— 0 asn — oo,

Let _ )
C=(L.-H)W, (I,-H).
and let ’/fij_l), k = 1,---,n, be the eigenvalues of the matrix C. Note that this

matrix C can be regarded as a function of En, and because the estimator En is a
consistent estimator, it can be shown that

C—,C. asn— oo,

and consequently,

Zn: [’/i;(j—l)]Z . {52} N n [/U({{-*_n]z . {Cz}, 2570 oo
k=1 k=1

1.€.,

\/2 e 1 /lu 1)
n A( j—1)
N ]
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Thus, by the Slutsky Theorem ( [8]),

Qe -1 Qe)/o? -1 \/ZZklﬂ(’ ”]
LT e T s [T

under the null hypothems Hy. Therefore, under the null hypothesis Hy, asn — oo,
the standardized g3 j_l—speciﬁc information ratio statistic (4.21)

/0' -1
\/2 S [T

-4 N@0,1) asn — o,

-4 N(@©,1), asn — oo,

forj=1,---,p.

Similarly, the unbiased pooled Godambian estimator (4.15]) of the dispersion
parameter can be approximated, for large sample size, by

Toooru = € ULy — HYWE (I, - H) €, (6.4)

pool,u

— pool

where W2° is the matrix which substitutes the estimate B, in the matrix W',
with the true value B,. Let /1,’3001 be the eigenvalues of the matrix

(L, - B)W.," (1, - H).

u

Thus, the standardized pooled information ratio statistic (4.22))

~2 2
O-pool,u/o- 1

~pool|?
VR ]
under the null hypothesis Hy (4.1).

In the context of GEE, the unbiased §;_;-specific Godambian estimator of
the dispersion parameter can be written as a quadratic form in the transformed

residuals given in (.13)

-4 N(,1), asn— oo,

~2 _ =T aU- 1)"
Tt %%
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By the large-sample approximation of the transformed residuals given in (4.1T])

7 = (I N — 7_{*)?,
the Godambian estimator E?—l,u can be approximated, for large sample size, by
T =€ Iy = HYW Uy - HE, (6.5)

where € is an N-variate random vector with mean 0 and covariance matrix 2€Q,.
Under the null hypothesis Hy (4.2)), the matrix Q. = Iy. Let 75{’ U be the eigen-

values of the matrix (Iy — H ):M\/E,j _1)(1 N — H ). Then, the standardized B;_;-
specific information ratio statistic (4.23))

d N@,1), asn — oo,
ﬁ

under the null hypothesis Hj.

Similarly, the unbiased pooled Godambian estimator (4.15) of the dispersion
parameter can be approximated, for large sample size, by

T =€ (Iy = HYWE Iy - H.)E. (6.6)

pool,u

Let //ifwl be the eigenvalues of the matrix (Iy — H)YWFl(Iy — H). Then, the
standardized pooled information ratio statistic (4.24)

~2 2
O-p()ol,u/o- 1

—pool|?
V25 [
under the null hypothesis Hj.
This completes the proof of Theorem {.1]

d N@O,1), asn — oo,
ﬁ
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A.3. Proof of Theorem 4.2, 4.3 and 4.4

Let us firstly consider a general form of a ratio of two quadratic forms in
random variables. Suppose that a random vector & has mean 0 and covariance
matrix I,,. Let Q;, j = 1,2, denote quadratic forms in random variables &, given
by

Q=&AL j=1,2
Let u, be the expectation of the quadratic form Q;, for j = 1,2. Assume that Q;,
Jj= 1,‘12 have approximately the same expectations, say

Ho, = He»  J=1,2.
A Taylor expansion of the ratio Q;/Q, about the point (1, , 1, ) is given by

Q _t ta(@ @ o
Q_z /J_Qz + #Qz [# ) + Op(”(Ql /“tQ1 ’QZ :uQZ)”)

1
I+ — (@~ Q) +0,(Il(Q1 = g, Q2 — I

Q

1
= 1+ —& (A - ) €+ 0,(I Q1 — o Q2 — 1.

Q

Q luQ2

1R

Let 74, k = 1,--- ,n be the eigenvalues of the matrix A; — A,. By the central
limit theorem in [46], we get
Q/Q -1

—4 N(,1), asn — oo.
( \/2 ZZ:] Tl%) //'la

In the context of GLM, for the §;_i-specific information ratio statistic, the
unbiased f;_;-specific Godambian estimator E?_l , can be approximated by a
quadratic form, for large sample size, given in (6.1)

2
(O T
J—Lu GP 6-P
g o

0-2
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where C;-; = (I, — H. )W(J D (I, — H,). And, the moment estimator of ¢ can
also be approximated, for large sample size, by
2

a2 of2)

o2 o

where C,, = # (I, — H,). Under the null hypothesis Hy (4.1)), the vector €,/
has mean 0 and covariance matrix I, for large sample size. Then, the expec-
tations, u, and u, , of these two quadratic forms @, and @, are approximately

the same, equal to 1. Let T,((j*_l), k =1,---,n, be the eigenvalues of the matrix
Cj-1 — Cy. Then, under the null hypothesis H,

T[T 1
(J 1)
\/sz 1 Tk]*

= —~ (-1

Let Cj1 = (I, ~H)W, (I, ~H) and C,, =

—4 N(,1), asn — oo.

u

eigenvalues of the matrix

Cio1 ~Cou = (1, - 1) (W”‘” - zn) (1.~ ).

# (In - ﬁ) Let 77" be the

Note that the matrices @_1 and C,, are functions of ﬁn Since En 1S a consistent
estimator, then

—_ —_

Cio1—>,Cjo1 and C, —,Cp, asn— .

Consequently, as n — oo,

n

S = (@8 - ST = e )

k=1 k=1

S

1.€.,

\/zzk 1 Tl(c]* D)
n [=0U-1D
\/22k=1 Tkj ]

—, 1, asn— oo
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Thus, by the Slutsky Theorem, the standardized ;_;-specific information ratio
statistic (4.25)

lL (J 1)
]lu/ -1 7L /0.2_ \/ZZkl Tkj*

\/zzkl"(] e \/22“ J- e \/22“4] e
under the null hypothesis Hj.

-4 N@,1), asn — oo,

Similarly, the unbiased pooled Godambian estimator can be approximated,
for large sample size, as given in (6.4), by

2
O-pool,u N _(€p T €,
= Ql - ; Cpool I B

o2 o

—\ —=pool

where Cpoor = (I, = H) WL (I, = H.). Let Cpoor = (I, — H)W,”" (I, — H),

u

and let Apo"l, k=1,---,n, be the eigenvalues of the matrix

é\Pool - é\m = (In - ﬁ) (WZOOI - n i pI”) (I” B ﬁ) )

Then, the standardized pooled information ratio statistic (4.26)

pool u/ -1

n 0ol ?
Vs ]
under the null hypothesis Hj. This completes the proof of Theorem {4.2|

-4 N,1), asn— oo,

In the context of GEE, for j = 1,-- -, p, the unbiased ;_;-specific Godambian
estimator can be approximated, for large sample size, as given in (6.5), by

~2 ~\T —_
Oitu € €

B == C]—l B )
o o o
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where Cj_; = (Iy — H.) ‘W;J*_ D (Iy — H.). The unbiased‘Pearson” moment es-
timator (4.17/)) can also be approximated, for large sample size, by

A AU
> = (=] Gl =)
o o o
where C, = (Iy = H.) (W,./m, ) (Iy — H.), with ‘W, and m,_ substituting the

estimators B and py in ‘W, and m, with the limiting value B, and p,.

—

LetCjoy = (Iy — H) W™ (Iy - H)and C, = (Iy — H) (W,/m,) (Iy - H).
Letfr{kj _1), k=1,---,n, be the eigenvalues of the matrix

G~ C, = (Iy - F) (W™ — W, m,) (1 - H).
Then, under the null hypothesis Hy (¢.2), the standardized ;- -specific informa-
tion ratio statistic (4.27)

~2 —~
O'j_l,u/O'm,u -1

2z [T

The unbiased pooled Godambian estimator can be approximated, for large sam-

ple size, as given in (6.5), by
2

a:pool,u - z d C z
2 - . pool . s
where Cpoor = (Iy = H) Wie (Iy = H.). Let Cpoor = (Iy — H) W™ (Iy — H),

and let ’Tfooz

-4 N(@,1), asn— oo.

,k=1,---,n, be the eigenvalues of the matrix

—

Count =G, = (I - ) (WL = 0, jm,) (1y - ).
Then, under the null hypothesis Hy (4.2), the standardized pooled information
ratio statistics (4.28))

o2 o Jor -1
pool,u

P

—4 N(,1), asn — oo.
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This completes the proof of Theorem #.3]

The “transformed” moment estimator (4.18)) of the dispersion parameter can
be approximated, for large sample size, by

e\ (€
Az
o, == C.|—],
ag g

where C;y = 3= (Iy — H.). Let C;y =
be the eigenvalues of the matrix

7= (Iy—H). and let 7", j= 1, p,

—_

G -Gy = (Iv—H) (rw;f—w - NL_pzN) (Iy-H).

Under the null hypothesis Hy (4.2), the standardized S;_,-specific information
ratio statistic (]@

] 1, M/O-tr
d N(@©,1), asn — oo.
2 "(] 1) -
D= 1
LetT A’ml be the eigenvalues of the matrix
517001 ~Cp = (IN - 77) (@5001 - pIN) (IN - 77) :

Under the null hypothesis H, (4.2)), the standardized pooled information ratio
statistic (4.30)

f) -2
o-pool,u/o-lr 1

n ool]?
V2L
This completes the proof of Theorem {.4]

d N(@,1), asn — oo.
H
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