Robust Inference Progress from Independent
to Longitudinal Setup
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Abstract In practice one may not have always smooth data. When bulk of the
data are smooth but the complete data set apparently contains a few contaminated
observations or outliers, one encounters difficulties to choose an inference technique
because of the fact that the traditional inference techniques developed for smooth
data analysis may no longer provide unbiased and consistent estimates for the
desired parameters such as regression parameters in linear or generalized linear
models (GLMs) setup. In this paper, we first briefly review some of the widely
used bias corrected techniques in linear model setup. But, as opposed to the linear
models in normal or other continuous exponential family based variables, the
robust inference for discrete data in the GLMs setup, such as for count and binary
data, is, however, not adequately discussed in the literature. The advantages and
drawbacks of an existing outliers resistant Mallow’s type quasi-likelihood (MQL)
estimation approach in GLMs setup are reviewed in brief. We then discuss a
recently proposed fully standardized MQL (FSMQL) approach that provides almost
unbiased estimates ensuring its higher consistency performance. One encounters
further challenges when the data in GLMs setup are repeatedly collected over a
period of time. This is mainly because one then requires to modify the FSMQL
type estimation approaches such that the modified approach also accommodates the
correlation structure of the repeated data. A recently proposed robust generalized
QL (RGQL) approach is reviewed for the purpose.

1 Introduction

In a regression setup, the responses whether linear, count, or binary, are generated as
a function of certain suitable covariates. If bulk of the responses appear to be close
to the mean function of the responses with a few remaining responses appearing
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at a significant distance from the mean function, then these latter few responses
are considered to be potential outliers. In general these outliers occur because of
the corresponding covariates which may be contaminated in some ways, and they
are referred to as the mean shifted outliers. In some situations, a response may be
considered as an outlier because of its inflated variance as compared to the bulk of
the responses. It is of main interest to understand the regression model appropriate
for bulk of the good responses. But the use of few outlying responses may distort
the inference for the bulk of the responses. There are at least two ways this inference
problem has been tackled in the literature.

First, it is attempted to detect the outliers and exclude them for the overall
inference. For some justifications on this, one may be referred to Hampel et al.
(1986, Sect. 1.4) among others. For the purpose, many researchers have discussed
the so-called maximum studentized residual (MSR) and maximum normed residual
(MNR) tests for detection of outliers in a linear regression setup for independent
data. For example, one may refer to the work of Srikantan (1961), Stefansky (1971,
1972), Tietjen et al. (1973), Prescott (1975), Lund (1975), Bailey (1977), Johnson
and Prescott (1975), Ellenberg (1973, 1976), Cook and Prescott (1981), Doornbos
(1981), and Beckman and Cook (1983, Sect. 4), among others. The powers of
these two statistics in detecting outliers may also be affected by the ways the
parameters of the regression models are estimated. For a discussion on this, see, for
example, a relatively recent work by Sutradhar et al. (2007). In second approach, a
robust weighted distance function is constructed such that the suspected outliers
get smaller weights. Next the distance function is minimized for the estimation
of the regression effects. Some of the existing widely used robust procedures are:
Minimax estimation, M-estimation, L-estimation, and R-estimation. For details on
these procedures, see, for example, Hampel et al. (1986), Rousseeuw and Leroy
(1987), and Huber (2004), and the references therein.

In the independent setup, some authors such as Cantoni and Ronchetti (2001),
among others, have suggested a Mallow’s type quasi-likelihood (MQL) robust
estimation approach to obtain a consistent estimate for the regression effects
involved in the model. For the MQL construction, they use the Huber’s robust
function but did not use the inverse of the variance of such a function to make
the MQL standardized. Recently, Bari and Sutradhar (2010a) have improved this
estimating equation and introduced a fully standardized MQL (FSMQL) estimating
equation that provides regression estimates with smaller bias. In this paper, we
review these MQL and FSMQL approaches for the estimation of the regression
effects involved in generalized linear models (GLMs), for example for binary and
count data.

Also, there have been some studies using QL or generalized estimating equations
(GEE) approaches for robust regression estimation in the longitudinal setup. For
example, Preisser and Qagqish (1999) have used a resistant GEE (REGEE) approach,
which was improved by Cantoni (2004) (see also Sinha 2006 for a random effects
approach) by using a semi-standardized MQL (SSMQL,; see also Bari and Sutradhar
2010b) approach. In the second part of the paper, we review these approaches
including the robust GQL (RGQL) approach discussed by Bari and Sutradhar
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(2010b) and point out their advantages and drawbacks. Both count and binary
longitudinal models are considered.

2 Robust Inference in Regression Models
in Independent Setup

2.1 Inference for Linear Models

There exists a vast literature for robust inference in linear models for independent
data in the presence of one or more outliers. See, for example, Rousseeuw and Leroy
(1987), Huber (2004, Chap. 7), and a relatively recent paper by Sutradhar et al.
(2007). These studies mainly deal with outliers in normal responses. For simplicity
consider a simple linear regression model

y=XB+e, ey

where y = (y1,...,¥i,---,yk) is a K X 1 response vector, X is known design matrix
of order K X p, B is a p x 1 vector of unknown parameters, and € is an K x 1 error
variable distributed as &€ ~ N(0,0%Ix), Ix being the K x n identity matrix. Usually,
each observation in a realization (y, X ) contributes to the evaluation of the regression
coefficient 3. The contribution of one observation, however, may be discordant
to the point of sensibly determining the value of a regression parameter. Such an
observation is said to be an outlier. To see how an outlier can perturb the linear
model (1), two types of outliers are generally considered. They are (a) mean shifted
outliers, also referred to as the additive outliers, and (b) variance inflated outliers,
also referred to as the innovative or multiplicative outliers.

To construct an additive outlier model, one can perturb the linear model (1) and
write

y=XB+E, 2)
where € = (&y,...,&;,...,8) isrelated to € in (1) as
8j+51, forj=i

g = 3)
€}, for j #£ i,

where for |8;| > 0, y; = x{ + & is certainly a discordant observation when compared
to the other K — 1 observations. It is clear from (1) and (3) that

g ~N(8,0%Ik),
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where
6 =1[01;_y,8,01%_]"
To construct a variance inflated outlier model, one can perturb the model (1) as
y=XB+e", 4)

where €* = (g],..., &

R

., &) is related to € in (1) as

gj/Vo, for j=i
e = (5

g, for j #£1,

where for @ — 0, the ith observation y; will have large variance leading this
observation to be an outlier. It is clear from (1) and (5) that

£ ~N(0,Vy = o’diag[l} |, 1/@,1%_]]).

1

Thus, under model (2), bulk (K — 1) of the error variables follow N(0,0?)
distribution and 1 follows N(§8;,6?). This is equivalent to say that the & in model
(2) are independent, identically distributed with the common underlying distribution

F(é):(l—%)cD(é;O)+%¢(§;61),

(Huber 2004, Example 1.1) where @(-) is the standard normal cumulative. Simi-
larly, one may say that £ under model (4) are independent, identically distributed
with common underlying distribution

F(e") = (1— %)cp (8*;()) + %@ <§/—\_/%) .

2.1.1 Robust Estimation of Regression Effects

It is understandable that the ordinary least square (LS) estimator
Pus = X'X)7'X'y ©)

is biased for § under model (2)—(3) and will be unbiased but inefficient under model
(4)—(5). There exist various robust approaches for the consistent estimation of
irrespective of the underlying model whether it is (2)—(3) or (4)—(5). Here we briefly
describe two of the approaches, for example.
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Huber’s Robust Weights Based Iterative Re-weighted Least Square Approach

This estimate is obtained via an iterative re-weighted least squares (RWLS) method
(Street et al. 1988). For p components of 3, in this approach one solves the robust
weights based estimating equation

K
Zéjxj'u(yj—x’jﬁ)zo,uzl...,p, (7
j=1

where x j, is the uth component of the x; vector, and

e
&=, ®)
rj
with y(r;) as the Huber’s bounded function of r; given by
y(z) = max [—a,min(z,a)|, witha = 1.25,
where r; = (y; —x;Br*(o))/S' for j=1,...,n, with ﬁr*(O) as an initial robust estimate

of B which may be obtained by minimizing the L; distance Zle lyj —xB|, and §
as a robust estimate of ¢ given by

v = X380
§= Median{largest K-p+1 of the _10.6;4;(0) }

Note that if r; = 0, one uses £; = 1. The solution to (7) may then be obtained as
By = (X'2x)"'X'Qy, ©)

where Q = diag[&;,...,Ek]. This ﬁr*m replaces ﬁr*(o) and provides us with a new
start and new weights for an improved estimate of 3 to be obtained by (9). This
cycle of iterations continues until convergence. Let the final solution be denoted by

Br1)-

An Alternative Weights Based Iterative RWLS Approach

Rousseeuw and Leroy (1987, Chap. 5) suggest a least median of squares (LSM)
approach where the scale parameter to compute the residual is estimated using
robust weights different than Huber’s weights used in the last section. In fact
one can use the iterative least square approach discussed in the last section by
replacing Huber’s weights with these new weights suggested by Rousseeuw and
Leroy (1987, p. 202). See, for example, Sutradhar et al. (2007) for a comparison
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between RWLS approaches using Huber’s and Rousseeuw and Leroy weights. To
be specific, Rousseeuw and Leroy robust weights are defined as

L,if |djg= /5ol <2.5
W)= o (10)
0, otherwise,

where dj(ﬁr*(())) =yj— x/jﬁr*(O) and § is given by

5 = 1.4826(1+5/(K— p)), Median d? )
r(0

These robust weights in (10) are then used to compute an £ matrix as

Q = dl'ag[wl, cee ,Wj,... ,WK],
which is then used to obtain a first step improved robust estimate for f3 as
B = (X'Qx)'X'Qy. (11)

The cycle of iterations continues until convergence. Let this final RWLS estimate
be denoted by f,().

2.1.2 Robust Estimation of Variance Component

Note that in the linear model setup, the LS estimate of 6 is obtained by computing

the residual sum of squares based on the least square estimate of . That is, 6& =

25;1 (vj —x’jﬁls)z /(K — p). Under the linear model in the presence of outliers, one
may obtain LS estimate of 62 simply by replacing B,S with ﬁr(l ) or Br(Z) obtained in
the last section. Thus the LS estimator for 62 has the formula

K
i1y = _Zl(yj —xiB1))*/ (K= p), (12)
J=
or
K
Giv2) = .Zl(yf‘x9 )2/ (K — p). (13)
=

Huber’s Robust Weights Based Iterative RWLS Estimator for o2

Following Street et al. (1988), one obtains this estimator as
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K

Afl)—éff[yf‘x./fﬁmf/(i i—tr{( /_sz)(X/.QX)*l}), (14)

where §; (j = 1,...,K) is the jth robust weight to protect the estimate against
possible outliers, and Q = diag(&,,...,&;,...,Ek). To be specific, &; is defined as

&= w(rj)/rj with rj = (v; = x'By) /5", where

| ﬁlv|
st = Medlan{largest K-p+1 of the W .

Note that the y function involved in &; in (14) is the same Huber’s robust function
used in (8).

Rosseeuw and Leroy Weights Based Robust Estimator for 2

This robust estimator is computed following Rousseeuw and Leroy (1987, p. 202,
Eq. (1.5)). More specifically, in this approach, robust weights are defined as

, if |d /S0| <25
Wi =
0, otherwise,

whered, 5  =y; —x’jﬁls and sg is given by

s0=1.4826(145/(K—p)),/Mediand’ ; .
J\Pls

Next, these weights are exploited to compute the estimator, say 63(2), as

K K
- (121 W-"djzrﬁm)/(jzlwf ‘1’)- (15)

2.1.3 Finite Sample Performance of the Robust Estimators:
An Illustration

Sutradhar et al. (2007) conducted a simulation study to examine the performance of
the robust methods as compared to the LS method in estimating the parameters in a
linear model when the data contain a few variance inflated outliers. Here, we refer
to some of the results of this study, for example. Consider a linear model with p =2
covariates so that § = (B, ,)’. For the associated K x 2 design matrix X, consider
their design configuration:
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Fig. 1 Mean squared error (MSE) of B,S,l (LS estimator of ), B,(I)Al (first robust estimator of
B2), and Br(z)l (second robust estimator of ;)

D, : x; = 1,xy = 0,all other x(s) at 0.5.

With regard to the sample size, consider K(= n) = 6,8,10, and 20 to exam-
ine the effect of small as well as moderately large samples on the estimation.
Furthermore, select two locations for the possible outlier, namely locations at
i=2and 3 for K=6;i=2and 4 for K=28;i=2 and 6 for K = 10; and
i =2 and 11 for K = 20. Also, without any loss of generality, choose 6> = 1,
B1 = 1, and B, = 0.5. For variance inflation, eight values of ®;, namely w; =
0.001,0.005,0.01,0.05,0.10,0.25,0.50,and 1.0, were considered. Note that w; =
1.0 represents the case where the data do not contain any outliers, whereas a small
value of w; indicates that y; is generated with a large variance implying that y; can be
an influential outlier. The data were simulated 10,000 times. Under each simulation,
the LS estimate of B and 6> were obtained, which are denoted by [§1s =( B,S’l , B,S’z)’
and 6lzs, respectively. As far as the robust estimation of B and ¢? is concerned,
these parameters were estimated by using two robust approaches. More specifically,
Br(1y = (Br(1),1,Br1),2)' is obtained by using (9), B,2) = (By(2),1,Br2)2)" is obtained
by using (11), and similarly 63( 1 and 63(2) are obtained from (14) and (15), respec-
tively. The mean squared errors (MSEs) of these estimators based on 10,000 simu-
lations are displayed in Figs. 1-3, for the estimates of B, 82, and 62, respectively.
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Fig. 2 Mean squared error (MSE) of Bls,2 (LS estimator of f3,), Br(l),Z (first robust estimator of
B2), and Br(z)_’z (second robust estimator of f3;)

In summary, the results of this simulation study indicate that in the presence of
a variance inflated outlier, the second robust approach performs worse as compared
to the first robust and LS methods in estimating f3; and 3. In estimating 62, the LS
method performs very poorly when compared with the robust methods.

2.2 Robust Estimation in GLM Setup For Independent
Discrete Data

As opposed to the linear models in normal or other continuous exponential family
based variables, the robust inference for discrete data in the GLMs setup, such as
for count and binary data, is, however, not adequately discussed in the literature. For
i=1,...,K, lety; be a discrete response, such as count or binary, collected from the
ith individual, and x; = (x;1,..., Xy, - ,x,-,,)’ be the corresponding p-dimensional
observed covariate vector. Note that when the data contain a single outlier, any of
the K responses yi,...,Yi,...,yk can be that outlier. Now, in the spirit of the mean
shifted linear outlier model (2)—(3), suppose that we consider y;, j#i,i=1,...,K,
for example, to be the outlier because of the covariate for the jth individual, namely
x; is contaminated. Note that if ¥; = (%1, ..., %, ..., Xip)’ denotes the p-dimensional
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Fig. 3 Mean squared error (MSE) of 6‘% (LS estimator of 62), 6’3(1) (first robust estimator of 62),

and 63(2) (second robust estimator of 62)

uncontaminated covariate vector corresponding to y; forall i =1,... K, then for a
positive vector 8, the observed covariates {x;} may be related to the uncontaminated
covariates {¥;} as

X;j=X;j+ 0,
butx; = %, fori# j,i=1,....K. (16)
It is of primary interest to estimate 8 = (Bi,...,Bu,...,Bp)’, the effects of uncon-

taminated covariates &; on the response y;. But, as not all the ¥;’s are observed, one
cannot use them to estimate f3, instead the observed contaminated x;’s are used,
which causes bias and hence inconsistency in the estimators.

2.2.1 Understanding Outliers in Count and Binary Data
K Count Observations with a Single Outlier
First assume that in the absence of outliers, yy,...,;,. ..,k are generated following

the Poisson density P(Y; = y;) = [exp(— ) 1;"] /yi!, with 1; = exp(&p) with &
(%i1,%) . Suppose that the values of these two covariates arise from
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%1 " N(0.5,0.25) and £ S N(0.5,0.5),
respectively, for all i = 1,...,K. Suppose that j is the index for the outlying
observation that takes a value between 1 and K.

Now, to consider y; as an outlying value, that is, to have a data set of size K with
one outlier, one may then shift the values of £;; and %, as

Xj1 :)Ej1—|—5andxj2 :fj2+5, 6 >0,

respectively, but retain x;) = %;; and x;5 = Xjp, for all i # j. As far as the shifting
is concerned, suppose that § = 2.0. Thus, yy,...,yk refer to a sample of K count
observations with y; as the single outlier.

K Binary Observations with a Single Outlier

Note that the existing literature (Copas 1988, p. 226; Carroll and Pederson 1993;
Sinha 2004) does not provide a clear definition for the outliers in binary data.
Remark that Cantoni and Ronchetti (2001) have suggested a practically useful MQL
robust inference technique for independent data subject to outliers in GLM setup.
However even though GLMs include count and binary models, since the concordant
counts (bulk of the observations of similar nature) in the Poisson case and the
concordant success numbers in the binomial case can be exploited in a similar way
to recognize any possible outliers in the respective data sets, Cantoni and Ronchetti’s
(2001) definitions of outliers are appropriate only for the Poisson and binomial
cases. Thus, even though binary is a special case of the binomial setup, Cantoni and
Rochetti’s (2001) robust inference development does not appear to be appropriate
for the binary data. In view of these difficulties with regard to the robust inferences
for the binary case, Bari and Sutradhar (2010a) have provided a new definition for
the outliers for the binary data. More specifically, they dealt with one and two sided
outliers in the binary data. For convenience these definitions are summarized as
follows.

One sided outlier  For

_explp)
T 1T exp(B)’

and
Psp = max{l;}, piy = min{;},

suppose that the bulk (K — 1) of the binary observations occur with small
probabilities such that

<pgpfori#£ji=1,....K,
PriY;=1]= (17
> pgp fori=j,
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or, with large probabilities such that

Zplb fOl’l';éj,l'Zl,...,K,
PriYy;=1]= (18)
<pup fori=j,

Here the binary y;, whether 1 or 0, satisfying (17) is referred to as an upper
sided outlier or satisfying (18) is referred to as a lower sided outlier, whereas
the remaining K — 1 responses denoted by y; for i # j constitute a group of
“concordant” observations.

Two sided outlier It may happen in practice that probabilities for the bulk of the
observations lie in the range py, < P(Y; = 1) < pyp, leading to a situation where
one may encounter a two sided outlier. To be specific, y; = 0 or 1 will be an
outlier if either P(Y; = 1) > pjpor P(Y; = 1) < pgp.

Generation of K binary observations with an outlier  We now illustrate the gen-
eration of K binary observations including one outlier. For the purpose one
may first generate K binary responses yi,...,¥i,...,yx assuming that they do
not contain any outliers. To be specific, generate these K “good” responses
following the binary logistic model P(Y; = 1) = [exp(¥B)]/[1 + exp(X. )], with
two covariates so that £ = (%1,%2)" and B = (B1,B2)’. As far as the covariate
values are concerned, similar to the Poisson case, consider two covariates X;; and
X2 as

%1 % N(—1.0,0.25) and % % N(~1.0,0.5),

respectively, fori=1,... K.
Next, to create an outlier y; where j can take any value between 1 and K, change
the corresponding covariate values ;1 and X, as

Xj1 :fj1+51 and x :fj2+52, 61,0, >0,

respectively. Note that for large positive 0; and &, these modified covariates will
be increased in magnitude yielding larger probability for y; = 1. One may then treat
y;j as an outlier. For convenience, suppose that one uses d; = 3.0 and &, = 4.0. As
far as the remaining covariates are concerned, they are kept unchanged. That is, for
i 75 j (i = 1, . ,K), consider Xi1 = 55,‘1 andxiz = 55,‘2.

2.2.2 Naive and Existing Robust QL Estimation Approaches

Naive QL (NQL) Estimation of 3

Had there been no outliers, one could have obtained the consistent estimate of § by
solving the well-known QL (quasi-likelihood) estimating equation
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Krom .y, . -
—V HDi— )| =0, 19

i:Zl ap" (E)0i— ) (19)
(see Wedderburn 1974; McCullagh and Nelder 1989; Heyde 1997) where, for
example, [I; = E[Y;| = exp(X.) and V ({i;) = var[Y;] = [i; for Poisson count data;
and 5, = E[Y] = exp(¥}B),/[1+ exp(¥}B)] and V (i) = var[¥}] = f;(1 — f;) for binary
data. But, as the uncontaminated £;’s are unobserved, it is not possible to use (19)
for the estimation of . Now suppose that following (19) but by using the observed
covariates {x;}, one writes the naive quasi-likelihood (NQL) estimating equation for

B given by
K
i
> | SV )i — )| =0, (20)

where, for example, 1; = exp(x}f) and V (;) = ; for Poisson count data; and u; =
exp(x;B)/[1+exp(x;B)] and V (1;) = (1 — ;) for binary data. Since f3 is the effect
of %; on y; for all i = 1,...,K, it then follows that the quasi-likelihood estimator
obtained from (20) will be biased and hence inconsistent for 3.

Partly Standardized Mallows Type QL (PSMQL) Estimation of 3

As a remedy to the inconsistency of the quasi-likelihood estimator obtained from
(20), Cantoni and Ronchetti (2001) (see also references therein), among others, have
suggested a Mallow’s type quasi-likelihood (MQL) robust estimation approach to
obtain a consistent estimate for the regression effects . For the purpose, for r; =
izl they first define the Huber robust function as

N

Ti, il <,
Ve(ri) = 21

c sign(r), |ri| > c,

where c is referred to as the so-called tuning constant. This robust function is then
used to construct the MQL estimating equation given by

K

3wl S5V vt~ a(8) | =0, @)

i=1

where a() = £ 3K W(Xi)%—‘,?Vf% () E[we(ri)], with g = E(Y;), V (i) = var(Y;),
and w(x;) = 1 for the binomial data as in Huber’s linear regression case, but
w(xi) = /(1 — h;) for the Poisson data, where ; is the ith diagonal element of the
hat matrix H = X (X'X)~'X’, with X = (x{,...,x;,...,Xx)’ being the K x p covariate
matrix.
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Note that in order to minimize the robust distance function y(r;), the MQL
estimating (22) was constructed by using the variance V (u;) = var(Y;) as a weight
function and %—%‘ as a gradient function, whereas a proper estimating equation should

use var(y.(r;)) and al"‘ (r’> as the weight and gradient functions, respectively. One
may therefore refer to the estimating (22) as a partly standardized MQL (PSMQL)
estimating equation. This PSMQL estimating (22) provides regression estimates
with smaller bias than the traditional maximum likelihood or NQL estimating (20).
But, as discussed in Bari and Sutradhar (2010a), this improvement does not appear
to be significant enough to recommend the use of the PSMQL estimation approach.
Moreover, this PSMQL approach is not suitable for inferences in binary regression
models.

FSMQL Estimation of 3
As an improvement over the PSMQL estimation, Bari and Sutradhar (2010a) have

proposed a FSMQL estimation approach where the regression effects 3 is obtained
by solving the FSMQL estimating equation

e

K
%)35 {wm—@ <wc<n->>} fvar (we(r))} !

{y/c r) ZE Ve r,))H =0. (23)

1 1

Note that this FSMQL estimating (23) is constructed by replacing the “working”
variance and gradient functions V (y;) and a”’ in (22), with the true variance and
gradient functions var(y,(r;)) and aug—ér’), respectwely. Also, w(x;) = /(1 —h;) is
used in both binary and Poisson cases. Furthermore, the specific formulas for the
true weight function var(y,(r;)) and the gradient function alg;ér") for the count and
binary cases are available from Bari and Sutradhar (2010a, Sects. 2.1 and 2.2).

Bari and Sutradhar (2010a) also considered another version of the FSMQL
estimating (23), Which was developed by using the deviance y.(r;) — E(y.(ri))
instead of y.(r;) — ¢ LYK | E(y.(r;)). This alternative FSMQL estimating equation
has the form

K
; W(Xi)% {we(ri) — E (we(ri) }var (we(ri)) Y {we(ri) — E (we(ri) } | =0.
B (24)

For convenience, one may refer to (23) and (24) as the FSMQL; and FSMQL,
estimating equations, respectively.
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Robust Function and Properties for Count Data

For the count data, consider the Huber robust function . (r;) as in (21). The
expectation and variance of this function are available from Cantoni and Ronchetti
(2001, Appendix A, p. 1028). The gradient of the robust function and its expectation
may then be computed as follows (see also Bari and Sutradhar 2010a, Appendix):

M P
dvelr) _ | it = os)
9B 0, Il > ¢,
and
IE(We(ri)) _ 9 iy 9 g Hi P = i)+ 2Py — i
BT R —c {ﬁFK(lz)Jr@FY;(H)} + v ) Hx,P(Y, =i1)+ 3BP(Yl —ll)}
~{upt=i)+ o=}, 26)
where
%P(Yi:il) = P(Y; = iy) (i1 — Wi)xi, %P(Yi:iﬁ = P(Yi = i2)(i2 — W) i,
d . &I, -
ﬁFY,-(ll) —jgbmp(x =J), and ﬁFYi(lZ) _,ZE)WP(Y[ =J)

Robust Function and Properties for Binary Data
(a) Robust function in the presence of one sided outlier

Suppose that the bulk of the binary observations occur with small probabilities. In

this case, the robust function y,(r;) (i =1,...,n) may be defined as
yi;uiv P(lel)gpyb,l¢J,l:1,,K,
V2 ()
Ve(ri) = sV (27

| 7P(Yi:1)>psb7i:j7
vz ()

exp(x, .
where y; = #(15,;3)’ V(W) = wi(l — ;) foralli=1,...,K, and py, = max{y;},

i # j,is a bound for all K — 1 small probabilities.
Note that as opposed to the case given in (27), if the bulk of the binary

observations occur with large probabilities, then the robust function y.(r;) (i =
1,...,K) is defined as
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yiliia P(Yl:1)2plbal7éjal:luaK7
V2 ()

Ve(ri) =94 . 4 o (28)
+5P(Yi:1)<plbvlzfv
V(cz)Z(”i(‘Z))

where py, = min{;}, i # j, is a bound for all K — 1 large probabilities.

(b) Robust function in the presence of two sided outlier

In this case, the robust function W, (r;) (i = 1,...,K) may be defined as

(e1)

A P(Yi=1)> pu,i=j,
V(q)Z(ui(‘l))
Yi—Mi g ; oy
Yelr) =< YL’ ps <PYi=1)<pp,i#ji=1,... K, (29)
)’i*ﬂfcz)

T ,P(Yi=1)<psb,i=j,
V(cz)z(ui@))

where ,u;cl) and V(1) (,uj(.”)) are defined as in (27), whereas uj(.vz) and V() (uj(vz))
are defined as in (28).

(b(i)) Basic properties of the robust function W, (r;): Binary case

Itis convenient to write these properties for the two sided outlier case. The results for
the one sided outlier may be obtained as a special case. The expectation, variance,
and gradient of the robust function in the presence of a two sided outlier are available
from Bari and Sutradhar (2010a, Appendix). For convenience, these properties are
summarized as follows.

Let y.(r;) denote the robust function defined as in (29). The expectation and
variance of . (r;) are given by

E(ye(r) = —— 5 p 2B p, (30)
V()2 (ui(cl )) V()2 (nui(CZ))
and
(1 =20+ (120 + ) i
var (e (ri)) = : L P+P+ i L Py —[E(we(ri))?,

vie () vie) ()

€29}

where P|, P>, and P3 are the probabilities for a binary observation to satisfy the
conditions P(Y; = 1) > pyp, psp < P(Y; =1) < pip, and P(Y; = 1) < pgp, respectively.
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In practice, the probabilities Py, P>, and P; may be computed from the data by using
the sample proportions given by, for example,

Number of observations satisfying P(Y; = 1) > py

P =
! Total observation (K)

The gradient of the robust function W, (#;) [defined in (29)] and its expectation
are given by

07 P(YI:l)>plbul:]7
a c\ti —w(1—u)x;
IVelri) _ Wl < P(Yi=1)<ppii#ji=1,....K, (32
g V2 ()
0, PYi=1) < pgp,i=],
and
IE (. (ri 1 — W) ix; I — W) pix;
((;I/( ) _ ( 1”)“, Py 1“)“, P, (33)
P vt ) v )

To illustrate the finite sample based relative performance of the competitive
robust approaches, namely PSMQL (22), FSMQL; (23), and FSMQL, (24) ap-
proaches, we refer to some of the simulation results from Bari and Sutradhar
(2010a). In the presence of a single outlier, the count and binary data were generated
as in Sect.2.2.1. With K = 60 observations including an outlier, the relative bias
(RB) of an estimator, for example, for B (k= 1,..., p) given by

A

RB () = BB 100, (34)

s.e. (Br)

were computed based 1,000 simulations. The results are shown in Table 1.

Table 1 (For count and binary data with one outlier) Simulated means (SM), simulated standard
errors (SSE), and relative biases (RB) of the PSMQL, FSMQL,, and FSMQL,; estimates of the
regression parameters 31 = 1.0 and 3, = 0.5, for sample size 60 and selected values of the tuning
constant ¢ = 1.4 under the Poisson model, and tuning constant ;1! = 0.9 under the binary model,
in the presence of one outlier

Estimation method

PSMQL FSMQL, FSMQL,

Model K  Tuning constant Statistic Bl 32 Bl 32 31 BZ
Count 60 c=14 SM 0.507 0.600 0.899 0.517 0.893 0.488
SSE 0.206 0.188 0.307 0.239 0.279 0.210

RB 240 53 33 7 38 6
Binary 60 pu =09 SM 1.161 0.194 0.994 0.503 1.003 0.486

SSE 0.777  0.760 0.782  0.777 0.779  0.764
RB 21 40 1 0 0 2
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The results of the table show that both fully standardized robust procedures
FSMQL; and FSMQL,; perform much better in estimating 8 as compared to the
existing PSMQL robust approach.

3 Robust Inference in Longitudinal Setup

3.1 Existing GEE Approaches for Robust Inferences

! .
Let y;(x;)) = E(Y;) = (41, - -, Mits - -, i)' denote the mean, and X;(x;,p) : T X T
be the true covariance matrix of the response vector y; where x; represents all
true covariates, i.e., x; = Xx;i,...,Xj, ..., Xi7. For convenience, the covariance matrix

%i(x;,p) is often expressed as X;(x;,p) = Al-% Ci(p)Ai% , where A; = diag[oj11,. .., O,
...,oirr] and Ci(p) is the correlation matrix for repeated binary or count data.
Note that if the longitudinal data do not contain any outliers, then one may obtain
consistent and highly efficient estimate of 8 by solving the GQL estimating equation

& Toul(x) A
D %I(;)Z" N, ) (i — i) | =0, (35)
i=

(see Sutradhar 2003) where p is a suitable consistent, for example, a moment
estimate of p.

Note that in practice it may, however, happen that a small percentage such as 1%
of longitudinal observations are suspected to be outliers. Suppose that m of the KT
responses are referred to as the outliers when their corresponding covariates are
shifted by an amount 8,  being a real valued vector. For convenience, we denote
the new set of covariates as

Xis for (i,1) # (¢,¢)

xir + 6 for (i,t) = (i',t')’

Xip =

and use these observed covariates & for the estimation of 3. It is, therefore, clear
that since f is the effect of the true covariate x;; on yj, the solution of the observed
covariates ¥; based naive GQL (NGQL) estimating equation

KTow(®) o1, » -
> %Zi Y&, p) i — mi(%)) | =0, (36)
=1

will produce biased and hence inconsistent estimate for §. To overcome this incon-
sistency problem, Preisser and Qaqish (1999), among others, have proposed to solve
a resistant generalized quasi-likelihood estimating equation (REGEE) given by
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K 9 (5.

> [Py o)y — )| —o, (37)

Sl 9B
where " is a down-weighting function, ¢; = E(y;), and V;(%;, @) is a “working”
covariance matrix (Liang and Zeger 1986). Note that the REGEE in (37) does not
appear to be a proper weighted estimating equation. This is because, first, V;(%;, o)
is only a substitute of X;(¥;, p) matrix, whereas in the presence of outliers, one needs
to use Q7 = var(y;) in order to obtain efficient regression estimates. Secondly, the

REGEE (37) uses a%gxi) as the gradient function, whereas the consistency of the
estimates may depend on the proper gradient function constructed by taking the
derivative of the y;" — ¢; function with respect to f3.

Cantoni (2004) has provided an improvement over the REGEE by introducing
the proper gradient function in the estimating equation. To be specific, as compared
to Preisser and Qagqish (1999) (see also Eq. (36)), Cantoni (2004) constructed an
improved resistant generalized estimating equation (IREGEE) given by

i{E{a("g‘*—ﬁ}/Vi‘%axW—c»] =0, (38)

where E [a(g’;ci)} is a proper gradient of the robust function y;* — ¢;, with

BB

Note that the estimating (38) still uses a “working” covariance matrix V;(%;, o),
whereas an efficient estimating equation (Sutradhar and Das 1999) should use the
proper covariance matrix of the robust function, namely Q = var(y;). Further,
similar to Cantoni (2004), Sinha (2006) has attempted to develop certain robust
inferences to deal with outliers in the longitudinal data. But, Sinha (2006) has
modeled the longitudinal correlations through random effects, which, therefore
addresses a different problem than longitudinal data problems.

Recently, Bari and Sutradhar (2010b) has proposed an auto-correlation class
based robust GQL (RGQL) approach for inferences in binary and count panel
data models in the presence of outliers. This RGQL approach produces consistent
and highly efficient regression estimates, and it is a generalization of the FSMQL
approach for independent data to the longitudinal setup. The RGQL approach is
summarized in the next section.

oo

3.2 RGQL Approach for Robust Inferences
in Longitudinal Setup

Note that when the covariates are stationary, that is, time independent, one may
develop a general auto-correlation class based robust GQL estimation approach.
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Bari and Sutradhar (2010b) have considered non-stationary covariates and exploited
the most likely AR(1) type correlation structures for both count and binary data.
These correlation structures are discussed in detail in Sutradhar (2010), see also
Sutradhar (2011). For convenience we summarize these correlation structures as
follows.

Recall that xi; = (Xi1,. .., Xitu, - -, Xip) is the p x 1 vector of covariates corre-
sponding to y; when the data do not contain any outliers, and 3 denote the effects
of the covariate x;; on y;. The AR(1) correlation models for repeated responses
Yily--+,Yit,---,¥ir based on the uncontaminated covariates x;,...,Xi,..., X, for
binary and count data are given below.

AR(1) model for repeated binary data

For u; = %, forallr =1,...,T, the AR(1) model for the binary data may

be written as
i1 ~ bin(p1) and
Vie|Vig—1 ~ bin[ti +p (Vi1 — Hig—1)], (39)

(Zeger et al. 1985; Qaqish 2003) where p is a correlation index parameter. The
binary AR(1) model (39) has the auto-correlation structure given by

it

corr(Yy,Yy) = , (40)

u—t | Oitt 12
P G R foru >t

u o 112
p ”[M} , foru <t

where Gy, = Wi (1 — Wiy ), for example, is the variance of y;,. Note that p parameter
in (39)—(40) must satisfy the range restriction

Wit 1 —

,— (41
L—Him1 Hig—1 )

max | —

1 — it ]

< p < min ,—
] =p= [1—%‘,:1 Mis—1

AR(1) model for repeated count data

As opposed to the binary AR(1) model (39), the AR(1) model for the count data is
defined as

yi1 ~ Poisson()
yit :p*yl'7l71+dl‘l‘7 t:2;"'aT7 (42)

(see McKenzie 1988; Sutradhar 2003), where y;;_1 ~ Poisson(/.t,-,,,l) and d; ~
Poisson(Wy — pUiz—1), with t; = E(Yy) = exp(x}, ). In (42), dy; and y;;_ are
assumed to be independent. Also, for given count y;;_1,
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Yit—1

p*Yir—1= z bi(p),
j=1

where b;(p) stands for a binary variable with P[b;(p) = 1] = p and P[bj(p) =0] =
1 —p. The AR(1) model (42) for count data has the auto-correlation structure given

by
_ t—u | Miu
corr(Yu,Yy) = p —, (43)
His

with p satisfying the range restriction

o<p<mmp,“”}¢=znwr (44)

Hir—1

3.2.1 RGQL Estimating Equation

For & = [we(rit)y- s We(rit),- -, We(rir)]’, its expectation A; is available from
Cantoni and Ronchetti (2001) for the count data, and from Sect. 2.2.2 for the binary
case. Recall from (38) that based on “working” covariance of the responses (Liang
and Zeger 1986), Cantoni (2004) has suggested an IREGEE approach for estimating
B in the presence of outliers. One may obtain consistent 3 estimate by solving a
slightly different equation than (38) given by

K B K ! K
> [Wzﬁ {5i—K127w} Vil(a){'fi—KlzliH =0, (45)
i=1 i=1

i=1

where W; = diag[wj1,...,Wwjr,...,wir] is the T x T covariate dependent diagonal
weight matrix so that covariates corresponding to the outlying response yield less
weight for the corresponding robust function. To be specific, the ¢-th diagonal
element of the W; matrix is computed as wj; = /1 — hjy, hjy; being the ¢-th diagonal
element of the hat matrix H; = X;(X/X;)~'X] with X; = [%1,...,%u,..., %] See,
for example, Cantoni and Ronchetti (2001). Also in (45), Vi(a) = cov(Y;) =

Ai%R(oc)Ai% is a “working” covariance matrix of y;, with R(ct) as the associated
“working” correlation matrix. Note that there are twofold problems with this
estimating equation. First, for efficiency increase, it would have been appropriate
to use cov(&;) = cov|we(rit), ..., We(rit), ..., We(rir)] as the weight matrix instead
of the true covariance matrix X;(a) = cov(Y;). Secondly, Cantoni (2004) did not
even use X;, rather has used a “working” covariance matrix Vi(a) = cov(Y;).

To overcome this inefficiency problem encountered by Cantoni’s approach, Bari
and Sutradhar (2010b) have suggested a robust function based GQL (RGQL)
estimating equation for 3 as
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d s / -1 s
Winz $&i—K 'Y hip Q7' C&E—K 'Y hip| =0, (46)
ap = i=1

Q; = cov(&) = (i), 47)

N

Il
<

where

with
Oiur = E [We (riu) We (rir)] — {E(We(riu) ) E(we(rir)) } (43)

where, as mentioned above, the formulas for E [y, (r;)] are available for both count
and binary data.
Computation of €; for the Binary Data

Note that the computation of the product moment E [y, (ri,)Wc(r;)] in (48) is
manageable for the binary case, but it is extremely difficult for the count data. For

example, suppose that y;, z = 1,...,T, used in the robust functions y,(r; ), follow
an AR(1) type correlation structure given by (40), where u; = % and p
it

is a correlation index parameter. Next, suppose that the binary data contain two
sided outliers. One may then follow (29) and compute all nine combinations for the
product term . (riy, ) W.(r;) and compute the expectations of all these nine terms,
and derive the formulas as

E e (ri)We(rio)] = p' ™" Cuunttius + [E(We (riu) ) E (We (rir))] (49)
where
P
Ajyp = —F7———
Gl(thl>Gtuu \/Glﬂ Ciuu \/ l(thl Oiuu
+ PP + PP
oler) Vg
tlt Oiuu O tuu tlt GI”“ Oirt Ojyy
PZ P2
\/0 G/
7 uu C
" \/ lt12 tuu

for u < t. We may then easily compute w;,, by using (49) and (48).

Further note that for the one sided outlier case, the E [y, (riy)W.(ri)] can be
obtained from (49) as follows. For the one sided down-weighting function y(r;)
given in (28), one may compute the expectation of W.(ry)W.(ri) from (49) by
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changing the limits obtained by replacing p;;, with 0. Similarly, the product moment
based on the down-weighting function y,(r;) given in (27), can be obtained from
(49) by changing the limits obtained by replacing pg, with 1.

Under the AR(1) binary correlation structure (40), the outlier based moment
estimation formula for p derived from (49), is given by

K ST e (i)~ B (i) IV (g 1)~ E e (g 1 )i Wi 1
K(T—1)

3K 3T e (i) —E (e ()12 /varlye (riy)]
KT

Py = = (50)
Z,Kzl 23‘-:11 iy Giut WiuWiu+1
K(T—1)

Alternatively, for any lag 1 dependent [irrespective of the correlation structure such
as AR(1) or MA(1)] binary or count data with possible outliers, the lag 1 correlation
index parameter p may be estimated as

3K ) e (i) Wi = G| (Ve (it 1) Wit 1=t 1]
A K(T-1)
= z ) 51
pu 2zK:l 217(-:1 [Wc‘(riu)wiufgu,w]z ( )
KT

where E,,w = %Z,K:l lI/c(Viz)Wiz-

Computation of €2; for Count Data

Note that as opposed to the binary case, the construction of the £2; matrix is difficult
for the count data case. One may, however, alternatively compute this £2; matrix by
using the general formula

1 1

COV(&i) =0 = A[%CiéAI%v (52)
where Az = [var(ye(ri1)),...,var(Ye(rir)),...,var(y(rir))] and Ce = (cig 1)
with c;g o = corr[ye(riu), We(rir)] for u,t = 1,...,T. For (52), the formulas for
var[y,(ry)] for the binary data are given in Sect.2.2.2, and for the count data
they are available from Cantoni and Ronchetti (2001, Appendix). As far as the
computation of the C;z matrix is concerned, one may approximate this matrix by a
constant matrix C§, say, by pretending that the covariates are stationary even though
they are non-stationary (i.e., time dependent). Under this assumption, the (u,t)th
component of the constant matrix CE may be computed as

Ct = (ct):
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where

KZ 1 [V (iu)_éu][llfc("it)—ét]
i \/ 21 1‘Vc zu) éu]z}( ,l[lllc(}’,t) E,]Z

; (53)

with& = 23K ye(ry), foralle =1,...,T

Note that the REGEE approach encounters convergence problems and also this
approach produces regression estimates with much larger relative biases than the
RGQL approach. See, for example, the finite sample relative performance of the
RGQL and REGEE approaches shown through intensive simulation studies reported
in Bari and Sutradhar (2010b).
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