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Working Correlation Structures:
Application in Liver Cirrhosis
Therapeutic Effect Trial

Calisma Korelasyon Yapilari: Karaciger Sirozunda

Uygulama Tedavisel Etki Denemesi

ABSTRACT Objective: Correlated responses are common in repeatedly measured clinical
trial data. The generalized estimating equations (GEE) method is popular for analyzing cor-
related responses. It is important to select a proper working correlation matrix because an
inappropriate choice will lead to inefficient parameter estimation. In this paper, we examine
criterion of quasi-likelihood information criterion (QIC) for selecting a working correlation
structure, and have compared with the performance of the correlation information criteria
(CIC) of the correlation structures on liver cirrhosis patients. Material and Methods: The
computation code for CIC is performed into open source software R. The covariates like
therapy and visit are used to predict Meld scores (It is continuous disease severities scale
with highly predictive of the risk of dying from liver cirrhosis) in GEE model to examine
the performance of QIC and CIC after considering three different working correlation struc-
tures. Results: The GEE model has been performed to compare QIC and CIC after consider-
ing three working correlation structure. In case of AR (1) correlation structure, it is found
that similar regression parameter estimates are observed for both information criteria tech-
niques. Conclusion: The study indicates that the CIC is useful for selecting appropriate cor-
relation structures for liver cirrhosis data from phase III clinical trial.

Key Words: Linear models; statistics as topic; survival analysis; Bayes theorem;
survival rate

OZET Amag: 1ligkili yanitlar tekrar tekrar &lgiilen klinik deneme verilerinde yaygindir. Genelles-
tirilmig hesaplama denklemler (GEE) yontemi iligkili yanitlar1 analiz etmek igin yaygindir. Uy-
gunsuz bir se¢im etkisiz parametre tahminine yol acacagindan dogru bir ¢alisma korelasyon mat-
risi se¢gmek 6nemlidir. Bu makalede bir ¢aligma korelasyon yapis: segmek igin yari-en ¢ok olabilir-
lik bilgi kriterini (QIC) inceledik ve bu kriteri karaciger sirozu hastalarindaki korelasyon yapilari-
nin korelasyon bilgi kriterinin (CIC) performans: ile kargilastirdik. Gereg ve Yontemler: CIC i¢in
hesaplama kodu agik kaynak kodlu yazilim R’a uygulanmistir. GEE modelinde {i¢ farkh ¢aligma
korelasyon yapilar: degerlendirildikten sonra QIC ve CIC performansim incelemek i¢in terapi ve
ziyaret gibi ortak degiskenler Meld skorlarini (karaciger sirozundan 6lme riskinin yiiksek derece-
de kestirimi ile siirekli hastalik siddet dereceleri 6lgegi) tahmin etmek i¢in kullanilmaktadir. Bul-
gular: GEE modeli ii¢ calisma korelasyon yapis: incelendikten sonra QIC ve CIC'nin karsilastiril-
mas1 i¢in uygulanmustir. AR (1) korelasyon yapis1 durumunda, her iki bilgi kriteri yontemi i¢in de
benzer regresyon parametre tahminlerinin gézlendigi bulunmustur. Sonug: Calisma evre III kli-
nik deneme karaciger siroz verileri i¢in uygun korelasyon yapilarinin segilmesinde CIC’1n kulla-
nish oldugunu gostermektedir.

Anahtar Kelimeler: Dogrusal modeller; konu olarak istatistikler; Bayes teoremi;
sagkalim hiz1
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iver Cirrhosis occurs due to scarring of the

liver for abnormal liver function as a con-

sequence of chronic (long-term) liver in-
jury. It influences the gradual shrinkage of the
size of the liver. In liver cirrhosis problem, the
duration between transplantation to recover is
the crucial period for patients.’? The perfor-
mance of patient’s Liver is generally measured
through follow-up periods with liver functioning
effects. An excess amount of alcohol consump-
tion and chronic infection with hepatitis B and
hepatitis C virus are the common risk factor for
liver Cirrhosis 1. However, there are several un-
known factors for liver cirrhosis. In this study,
the disease severity in the patient with liver cir-
rhosis is measured through the model for the end
stage liver disease (MELD).2 It is continuous dis-
ease severities scale with highly predictive of the
risk of dying from the liver.The MELD score is
considered as the standard of reference for the
diagnosis and staging of liver Cirrhosis.2 The dif-
ferent biochemical parameters viz. serum
creatinine, bilirubin & INR (International Nor-
malized Ratio) are used to calculate the MELD
score. The details to calculate the MELD score
can be cited with http://en.wikipedia.org/wiki/
The low

MELD score is positively associated with mortali-

Model_for_End-Stage_Liver_Disease.

ty.23 Correlation among repeated measurement of
MELD scores indicates that independence can no
longer be assumed. Therefore, most standard sta-
tistical analyses cannot be used to analyze this
type of data.® If standard analyses (for example
ANOVA test used without accounting for de-
pendence within the subjects) are used, the like-
lihood of Type I errors will be increased. A num-
ber of approaches like repeated measure ANO-
VA, repeated measures ANCOVA etc. are availa-
ble for analyzing correlated data. However, se-
lecting which approach is the best to analyze a

particular study is unimportant, because each of

these methods has a different theoretical para-
digm, and its own strengths and weaknesses.*
The challenge is to specify the particular correla-
tion structure to model the repeatedly measured
data.> However, it is difficult to specify the cor-
rect correlation structure. Different types of cor-
relation can be specified and checked through
model selection criteria. The generalized estimat-
ing equation (GEE) is widely applied a tool to
deal with correlated repeated data. The Akaike
information criterion (AIC) is another widely
used tool for model selection criteria, but it is
failing to select the model of dependent MELD
scores.® The extension of AIC is also available to
deal with dependent observations by quasi-log-
likelihood under the independence model infor-
mation criteria (QIC).” Longitudinal data can be
handled by marginal modeling and the choice is
to apply trough GEE.® The joint estimates in the
marginal models have been applied to children's
heart function data through modified GEE.°

I OBJECTIVE

The aim of this work is to examine the quasi-
likelihood information criterion (QIC) for select-
ing working correlation structures and also to
compare the performance of the correlation in-
formation criteria (CIC) of the working correla-
tion structures by assessing the therapeutic effect
of severity of liver Cirrhosis measured through
MELD scores collected on follow-up visits during
course of treatment. The response of treatment is
considered as MELD score and therapy, visits as

covariates of interest.

DATA METHODOLOGY

The main step for analysis of correlated data is to
select the appropriate covariance structure,
which explains the form (or structure) of the cor-
relation data among time points within subjects.
This is vital because the overall model fit, the pa-

rameter estimates, and their standard errors can
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be sensitive to the model covariance structure.
The covariance is given a simplifying structure,
as this reduces the number of parameters and can

improve model convergence.*

We define variance-covariance of the re-
sponses for MELD scores of ith subject Var(¥;) us-
ing the m x m symmetric matrix. The diagonal
elements of variances and the off-diagonal ele-
ments are covariances. There are a large number
of covariance structures to choose from. In this
paper, we focus on three working correlation
structures: independent, exchangeable and auto-
regressive. These three structures cover a range
of different scenarios for the pattern of covari-
ance and are most commonly available in statis-
tics packages like R, SAS SPSS. For example, we
might assume that the covariance between all
MELD scores from the same subject is constant
and that the variance remains constant over time
is known as the exchangeable covariance matrix
because the MELD scores from any subject could
be re-arranged (exchanged) in time, and the co-
variance between MELD scores would remain

the same.

A number of different covariance structures
are available that cover a range of assumptions
about the associations between responses from the
same subject. An independent covariance would
be appropriate when none of the responses are
correlated.* This is equivalent to the exchangeable
covariance with covariances= 0. This structure is
useful for determining whether more complex
structures improves the model fit. An exchangea-
ble covariance would be appropriate when re-
sponses from the same subject are equally corre-
lated, regardless of the distance between respons-
es. An autoregressive covariance would be appro-
priate when the correlation between responses de-
cays with distance. It assumes a steady decay in
correlation with increasing time or distance be-
tween MELD scores. It is common to use an auto-

regressive model of order one, labeled AR(1),

which has one correlation parameter and one var-
iance (as does the exchangeable covariance). The
empirical data is considered from the path
http://www4.stat.ncsu.edu/~boos/var.select/pbc.h
tml; accessed on January 6, 2013. More details
about data can be found with Nath et al.2 A total
of 175 Patients with cirrhosis are randomized in
two different treatment group i.e., 86 in each
group.

In the treated group, patients who consented
for participation had received infusion treatment
of human fetal liver progenitor cell (HFPLC) as
well conventional medical treatment in the
background. In a control group, patients who
consented for participation had only received the
conventional medical treatment.2® The duration
of the study was 36 months with 7 visits (Base-
line, 3 months, 6 months, 9 months, 12 months,
24 months & 36 months) . The parameters under
consideration were MELD Scores, therapy, and
visit. Each patient MELD score are taken at seven

different time points.

STATISTICAL ANALYSIS

We have used QIC, CIC information criteria
for statistical analysis of liver cirrhosis patient
data. The equations and terms used in QIC,
CIC, and AIC for fitting GEE model are elabo-
rated in Appendix I. We compare the perfor-
mance of the two information criteria using da-
ta from liver cirrhosis phase III clinical trial
(with known covariance structure). During the
therapy of liver cirrhosis, each patient’s MELD
scores are observed till 7 visits. The explana-
tory variables namely drug therapy and visit
are considered for GEE model. The drug ther-
apy is captured as binary format into two lev-
els. And visit is consist of seven categories
namely “Baseline”,”Month 17, “Month 37,
“Month 67, “Month 127, “Month 24”
“Month 36”. The explanatory variables are de-

and

noted as X'= [xij1;xij 2,....... , xij4]".
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APPENDIX |

1. Generalized Estimating Equation (GEE)

We start with few notations and assumptions. We label the repeated data from subjecti using hence there are 1 responses for
" individuals and the covariates is denoted as X; — (¥4, Xiz) e Xi,)' (A1)

For simplicity we only consider Normally distributed response data (i.e., ¥ has a multivariate Normal distribution), and balanced data so each subject has the same

number of responses I1. We assume that the repeated data were measured on same subject at multiple times (t = 1,.. ., n). However, the methods could be ap-

plied to non-longitudinal data, such as responses from the same samples that are spatially clustered.

Here, ¥, ;are the scalars and X, j’ are corresponding vectors. ltis to be noted that ¥;; and ¥;, and dependent but ¥y, ; and g for any value of j are independent. The

isimple linear regression is used to define the model as g(p,) =xf. g is @ link function and w, — E(¥;|X;) and the regression coefficients aref = (B, B,. - -B,). The
GEE is useful to estimates the parameters [,

Now, it can be defined as
S(8,R,D) = Xi, DIV (Y, — ) =0 (A2)
N, =n,(R) =8p,(R)/5R (A3)

V; is the working matrix of ¥ and

V. = AY?R(a)A}? (Ad)

The term A; is the diagonal matrix with the elements Var [Yi,’) = @V(u;;), which is specified as a function of the mean g;;-  is the unknown parameters with the
working correlation structures; it can be estimated through moments methods or with other estimating equations.

The advantage to use GEE is that it gives a consistent estimation about 5 aus]é. It can also perform consistent, even are (i.e., correlation structure) is miss-specified 5
0. In contrast to that the efficacy of wrong correlation specification is observed and found it affected by 40% due to wrong specification of correlation structure™ 17. So,
the specification of proper correlation is important. The “Quasi-likelihood” based approach, other types of model selection criteria is specified below.

Quasi-likelihood

IThe AIC can only be used in association with mixed models, and this cannot be used with GEEs to choose either the best set of explanatory variables or covariance
matrix, since GEE estimation is based on the quasi-likelihood rather than the maximum likelihood. The quasi-likelihood counterpart to the AIC is the QIC, or the “quasi-
likelihood under the independence model information criterion” 4. The QIC was derived from the AIC and is conceptually similar.

Let the response of interest is Y. Let the mean of the response is denoted as it = E (v),and the regression parameter is ,G

Further, E(¥) = pand Var(y) = @V (12). Here, the g2 is the dispersion parameter. The function of quasi-likelinood is defined as

Qi w.y) = [ oot (5)
The binary data are y~ Bin(n, ) and further

V(p) = p(1—p/n) (A6)
and @ (, @, ¥) = L, @; )/ @ (A7)
Here, L(w.¢,5) — ylog [u/(n — )] + nlog (n—p) (A8)

is the log-likelihood for a binomial distribution.' Let @ = 1, then the quasi-likelihood will reduce to L. Now in case of @ = 1, the problem can be handled by over
dispersion.

Let the 1  p is a covariate x and it specified with regression model E(y) = u = g~ (xf) and Var(¥) = @V (1), Further, the regression coefficients 5] is
defined from the function
QR «; (v, %)) = Qla(=P) L. o1 ¥)

(A9)
IThe prior defined term D is called as
QB @ 1,D) = T2y T05, Q (B, 05 (Y, X)) (A10)
The GEE above is defined as Quasilikelihood by the proving
6Q':E;£:1,D} - 5(BRD) (A11)

In this work the coefficients of regression parameters are estimated as fr,), where the correlation structure is assumed as r; = R, («). Now the independent correla-
ion structure is defined as R; = 1and estimated value obtained is denoted as (1. The estimated dispersion parameter obtained through GEE is {(T) for dispersion
raised due to assumption of independent correlation structure. The performance of QIC in different correlation structure has been explored 16.18, The performance of CIC|
is also being performed in the same scenario 2 5. However, CIC is not the alternative of QIC. But both can play a joint role for model computation.

Correlation Information Criterion(CIC)

Hin and Wang (2009) proposed CIC as a modification of QIC to improve its performance: CIC is constructed using by the second term which represents the penalty of
QIC. The first term in QIC denotes the sum of quasi-likelihood for all MELD scores under the assumption that the subjects and time points are independent. It makes|
Isense to ignore the first term when comparing different
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working correlation structures, since the term mostly does not depend on the specified working correlation structure.

QIC is separated into T, and T’ by

QIC=T,+T, (A12)
Further, T, = —2Q(f,@,T. D} and T, = 2t [A7.](f, . T, D) (A13)

Here, the sum of quasi-likelihood for the p: miobservation in the data set D is denoted by T,

Now, E(T,) is free from R ( correlation structure). But, the term E('T) is not free from R. Now, the term T, can be computed by ignoring the correlation structure. The

lestimation of QIC is based on Kullback-Leibler method. Now, random error raised due to miss specification by random-error of Tz for QIC. Here, T1 assumed no corre

lation structure but T assumed the correlation structure. The simplest modification of QIC is defined as

CIC = r[(Z%; DIAT D), la—peny ] (Rid)

Now, the V?, in the above equation is defined as

D;I{'li)i’m—ll’aﬂ:yi] VE_:LDE (D;Vi_lﬂji_1|E=§.'Rﬂq§=gf_£,-) (A1)

CIC = wr[XE, (DA D) ™ (D{V; D, "Vi Var(y, )V 'D;(D{V; 'D)
(A16)
IAnd the corresponding expression of CIC becomes

ﬂ=ﬁcRa,¢=$-:Ra]

CIC = tr[BL,(D{ AT D;) ™ [EL4(D{ATD,) ™ (DD 'Vy Var (y, )V ' Dy(D{V; D) g =i iiMtnsm €1 = £ (W) (A17)
hen correlation structure is correctly specified then the right hand side of the above equation is formed as,
tr 20, (D A7 DD Var ™ (w3D) %] = s +{¥8 D/ (47 — W )DHD VD)™ (A18)
IAkaike information criterion ( AIC)
Discussion about AIC can be found from ®. It is defined as
(A19)

AIC = 2k — 2In(L)

here L is the number maximized value of likelihood and k is the number of parameters in the model. The AIC value for all models can be calculated and minimum value
lobtained from the specific model is defined as best fitted model. AIC castigates models with larger numbers of parameters. Particularly, Vaida and Blanchard (2005) 10
lextended the AIC for repeated measures data as conditional AIC by

AIC, = —2E(y, B)Ey, |B [y, 1B(y), b(m)]] -

IThe function 1(_ |:] is the conditional log-likelihood and Jé (), andb (v) are the estimated parameters. The unbiased part can be denoted as

AIC, = =21y, |B(¥).E ()} +2p (A21)

The therapeutic effect is classified as: to specify the “working covariance” and variance
1(if therapy = HFPLC ) . . . . .

1= 0t therany  CONTROL) (1) function. The Generalized Estimating Equation

(GEE) is applied to fit with link function in

Here, Yij is the MELD value of the ith patient logit[ ¥, ]-o+BrTherapy-+B:Visit+ Bs

(Therapy *Visit) (2)
mial distribution is v(iij)= pij(1-pij), in the logit The GEE is applied through specifying dif-

. . ferent types of correlation structures.
link function of a(1,) = log(s,)/(1~ 1)), The model

in jth visit, j=1,...7.and Mij=E(yij) is the mean of
MELD value. The variance function of the bino-

for the mean response is 4 1)=x,$ The coeffi- I RESULT

cient 3 is the vector of regression parameters. In Table 1 describes the demographic and baseline

the software R 3.0.3, the library “geepack is” used characteristics of 175 patients suffering from liver
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TABLE 1: Baseline and demographic characteristic.

Parameters Treatment group Control Group
Mean (SD) Mean (SD)
Age 48.60(9.38) 49.85(11.06)
Gender  Male 10 (12.05%) 70 (76.09%)
Female 73 (87.95%) 22 (23.91%)
Height 164.89(4.46) 165.38(5.84)
Weight 65.71(5.24) 69.51(8.78)
Respiratory rate (RR) 25.99(16.59) 21.43(1.62)
Heart Rate 72.89(15.61) 77.22(2.08)

TABLE 2: Estimates of different parameter under
different correlation structure through QIC.

Correlation Structure Variable (Parameter)| Estimation | S.E. | p-value
AR(1) Intercept(30) 0.72 0.15 0.11
[Therapy (B1) 0.23 0.08 0.12
\Visit (2) -0.40 0.09 0.92
[Therapy*Visit (33) 0.22 0.04 0.03
Independent Intercept (B0) 0.69 0.19 0.09
[Therapy (B1) 0.29 0.11 0.13
\Visit (B2) -0.39 0.13 0.71
[Therapy*Visit (3) 0.19 0.08 0.13
Exchangeable Intercept (B0) 0.70 0.13 0.10
[Therapy (B1) 0.23 0.05 0.11
\Visit (2) -0.42 0.07 0.67
[Therapy*Visit (3) 0.21 0.14 0.15

TABLE 3: Estimates of different parameter under
different correlation structure through CIC.

Correlation Structure Variable (Parameter) | Estimation | S.E. | p-value
AR(1) Intercept(30) 0.72 0.15 | 0.09
[Therapy (B1) 0.23 0.08 | 0.11
\Visit(2) -0.40 0.09 | 079
[Therapy*Visit (3) 0.22 0.04 | 0.07
Independent Intercept(30) 0.69 019 | 0.10
[Therapy (1) 0.29 0.11 0.14
Visit(B2) -0.39 013 | 0.65
[Therapy*Visit (B3) 0.19 0.08 | 0.15
Exchangeable Intercept(30) 0.70 013 | 0.12
[Therapy (B1) 0.23 0.05 | 0.14
\Visit(2) -0.42 0.07 | 0.68
[Therapy*Visit (3) 0.21 014 | 0.7

cirrhosis. The mean age of liver cirrhosis patient
in the treatment group is 48.6 with standard de-
viation (SD) 9.38 whereas in a control group, the
mean age is 49.85 with SD 11.06. The distribution
of male in treated and control group is 10
(12.05%) and 70 (76.09%) respectively. Similarly,
the distribution of female in treated and control
is 73 (87.95%) and 22 (23.91%) respectively. The
mean height of liver cirrhosis patients in the
treatment group is 164.89 with SD 4.46 whereas,
in a control group, the mean height is 165.38
with SD 5.84. The mean weight of liver cirrhosis

patient in the treatment group is 65.71 with SD
5.24 whereas, in a control group, the mean
weight is 69.51 with SD 8.87. The mean Respira-
tory Rate (RR) of liver cirrhosis patient in the
treatment group is 25.99 with SD 16.59 whereas
in the control group, the mean RR is 21.43 with
SD 1.62. The mean Hear Rate (HR) of liver cir-
rhosis patient in the treatment group is 72.89
with SD 15.61 whereas, in a control group, the
mean HR is 77.22 with SD 2.08.

The parameter estimations under QIC criteria
for all three working correlations structures are
illustrated in Table 2. The GEE model was fitted
for simultaneously with different correlation
structures namely AR(1), independent, exchange-
able using QIC approach for estimating the pa-
rameters. When we considered AR (1) correlation
structure into the model, we found that the esti-
mated difference in slopes, 0.22, is significant at
5% level of significance, indicating that the re-
sponses are increasing over time quickly for the
therapy group.the similar pattern was found when
we had considered Independent and Exchangeable
correlation structures into the model. However,
the effect of slopes was not statistically significant
at 5% level of significance when independent and
exchangeable correlation structures considered in
the model.

Table 3 depicts the parameter estimations
under CIC criteria for all three working correla-
tions structures. When we considered AR (1)
correlation structure into the model, we found
that the estimated difference in slopes, 0.22, is
not significant at 5% level of significance. And
also the effect of slopes was not statistically sig-
nificant at 5% level of significance when inde-
pendent and exchangeable correlation structures
considered in the model. The effect of therapy
alone had the similar effect when all three work-
ing correlation structures considered simultane-
ously in the model. the effect was also same be-
tween QIC and CIC among these three working
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correlation structures. The effect of the visit had
similar trend while comparing CIC and QIC

among three working correlation structures.

Figure 1 describes Kernel density estimates
for distributions of the first component of QIC
values when working correlation structure con-
sidered as “exchangeable”. It is clear that the se-
cond set of observations (M=2) has most highest
kernel density as compared to first (M=1) and
third set (M=3) of observations. Figure 2 repre-
sents a distribution of Kernel density estimates
of the second component of QIC values when
working correlation structure considered as “in-
dependence”. It is clear that the first set of ob-
servations (M=1) has lowest kernel density and
third set (M=3) of observations has the highest
density. When we have plotted the kernel den-
sity estimates for the difference between first (T
1) and the second component (T2) after taking
into consideration of independence working
correlation structure (Figure 3), it is found that
all three sets of observations pretend to have
similar kind of distribution. In all three Figures
(1-3) the kernel density plot signifies that data
follows the normal distribution for three set of
observations. Figure 4 provides the bar Diagram
for p-values obtained after considering different
working correlation structures in the GEE mod-

el for QIC & CIC.

I DISCUSSION AND CONCLUSION

The MELD score is considered as the response of
interest to compare the effect of a drug on liver
cirrhosis patients. The GEE model has been per-
formed to compare QIC and CIC after consider-
ing three working correlation structure. In a case
of AR(1) correlation structure, it is found that
similar regression parameter estimates are
observed for both information criteria tech-
niques. However, the effect of therapy over fol-
low-up visit is statistically significant for QIC and

it shows that therapy is significantly associated

o
o
|
-
-
[
‘s
£ g |
E —
a
[=]
]
c
g
= )
G
=]
S
T T I I T
10 15 20 25 30
T1 (First compeonent of QIC)

FIGURE 1:-Kernel density estimates of the distributions of first component
of QIC values when working correlation structure considered as “ex-
changeable”.

(=]
o
a |
-
o
~
k]
£ 0
2 e
o
=]
I
c
]
X
g -
=] .
S
T T I T I T T T
A5 210 215 220 225 230 235 MO
T2 (Second component of QIC)

FIGURE 2:-Kernel density estimates of the distributions of second com-
ponent of QIC values when working correlation structure considered as
“‘independence”

with MELD score and are effective over the peri-
od of time. When independent and exchangeable
into GEE
model, it is found that effect of therapy over fol-

working correlations are considered

low-up visit is not statistically significant for QIC
and CIC.

The MELD score is applied in the management

of patients with chronic liver disease for the non-
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FIGURE 3: Kernel density estimates of the distributions of difference be-
tween first and second component of QIC values when working correlation
structure considered as “independence”.

transplant setting.!#!® The MELD score is found
the useful tool to evaluate the liver cirrhosis
disease.’™!? Although, it is based on three objec-
tive laboratory variables, it can be influenced by

other clinical variables based on situations. It's

also useful for management of patients with a
wide spectrum of liver disease. The MELD score
is applicable as working models and it served as
an outline for further improvement to achieve
the goal of equitable distribution of a scare re-
source. There are several types of suitable model
to apply to the repeatedly measured correlated
data. It is not possible to detect the perfect mod-
el. The approach is to search the most suitable
model among selected models. A different mod-
el generation is being driven by several correlat-
ed structures. Generalized estimating equations
are attractive for several reasons, including their
relative simplicity.” They can include any kind
of response distribution among the exponential
family.?! They are hence promising for liver cir-
rhosis data that are longitudinal. However, the
QIC performed not well in our study. Therefore,
we cannot advise this information criterion.
Consequently, GEEs should only be used when
the biological rationale for selecting the covari-

ance structure is obvious (see also a qualitative
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FIGURE 4: Bar Diagram for P-values obtained after considering different working correlation structures in the model for QIC& CIC.
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