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Abstract

In this paper some models are applied to analyze insomnia data.
Insomnia is a sleep disorder in which the patient does not get enough or
satisfactory sleep and investigating the use of hypnotic drug for its cure
is so important. For studying the effect of drugs on insomnia, it is useful
to observe the response of interest (cured or not cured) for each subject
repeatedly at several times. So, a longitudinal study of repeated binary
responses along with a treatment variable (with two levels hypnotic or
placebo) are used for some individuals on two times. A very important
feature of the data is that the correlation between the two longitudinal
responses depends on the level of hypnotic drug. This is, firstly, shown
by an exploratory data analysis. Then, as an option, Dale’s bivariate
model for analyzing longitudinal or repeated measurements of binary
responses, considering the effect of treatment on the responses and the
correlation structure, is used to find an overall population effect on the
responses. As other options, transition and random effect models for
analyzing these data are used to investigate, respectively, the reasons for
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the change of the responses and to find the subject-specific variations.
How the interpretation of the results is different with the use of the
Dale’s model and how one may find out the effect of the drug on the
correlation structure by a transition or random effect model are also
discussed.

Keywords: Generalized estimating equations, Insomnia, Longitudinal bi-
nary data, Marginal model, Random-effects models, Transition model

1 Introduction

In many studies, for many individuals the multiple responses are taken in se-
quence on the same subject. All of the observations on the same subject will
have the same between-subject errors and can be correlated within a subject.
Two such data structures which can be problematic to analyse are repeated
measures data and longitudinal data. In clinical trials and health-related ap-
plications, repeated binary response data commonly occur. For example, a
physician might evaluate patients who suffer from loss of sleep or insomnia
at baseline and at weekly intervals regarding whether a new hypnotic drug
treatment has been successful or not.
In such studies, the possibility of correlations between responses given by the
same individual need to be taken into account in the data analysis. Various
models can be used to handle such correlations. One approach is the use of
marginal modelling, which allow for inferences about parameters averaged over
the whole population (Liang et al., 1992; Molenberghs and Leasaffre, 1994).
Another approach is making use of random effects modelling, which deliber-
ately provide inferences about variability between respondents (Verbeke and
Lesaffre, 1996; Diggle et al., 2002). Another appropriate approach to investi-
gate the reasons for the change of the responses is the use of Markov (transi-
tion) models (Reuter et al., 2004; Chung et al., 2005).
In this paper we shall shortly review the specification of these models and then
apply them to an application where a hypnotic drug is used to cure insom-
nia. Maximum likelihood and generalized estimating equations approaches to
the analysis of correlated longitudinal categorical data will be examined and
available software for the estimation of parameters for all models will be dis-
cussed. The scientific focus in marginal modelling is devoted to two regression
models: the first is useful for analysing marginal means and the second takes
into account the correlation between responses of the same individual. This
model considers the effect of some explanatory variables on the responses and
marginal pairwise local odds ratio (Goodman, 1981) or conditional odds ratio
(Bishop et al., 1975) for the correlation structure which depends on individu-
als. In order to analyze insomnia data set we also apply a transition model.
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We will discuss on how the correlation structure may be dependent on subject
characteristics in transition model. Then, we introduce a random-coefficient
model which takes into account the heterogeneity. In these models, maximum
likelihood approach will be used to estimate the parameters.
We specifically discuss that the addition of random effects to the linear pre-
dictor may substantially increases the usefulness of the random effect model,
but one should be caution about interpreting the results. Addition of ran-
dom effects may arise computational complexity since we must average over
the random effects to obtain the likelihood function of the model. In binary
random-effects models, the resulting integral does not have a closed form ex-
pression and thus numerical optimization methods needs to be employed. We
will explain how existing software packages can help to fit these models for
insomnia data, where measurements for each subject occur both at baseline
and at follow-up.
The paper is organized as follows. In Section 2, insomnia data are introduced
and the initial exploratory data analysis is given. Section 3 discusses various
possible models (marginal, random-effects and transition models) in some de-
tails and considers some estimation methods, including Maximum Likelihood
(ML) and Generalized Estimating Equations (GEEs). For each case, the suit-
able software for the estimation of parameters will also be introduced. We
further highlight the usefulness of transition model in the analysis of insomnia
data. The data set is analyzed in Section 4. Some concluding remarks are
given in Section 5.

2 Insomnia

Insomnia is a sleep disorder in which the patient does not get enough, or sat-
isfactory sleep. Insomnia can vary as to how long it lasts and as to how often
it occurs. Insomnia can be short-term (called acute insomnia) or last a long
time (called chronic insomnia). Acute insomnia can last from one night to a
few weeks. Chronic insomnia is present when a person has insomnia at least 3
nights a week for 1 month or longer. It can be caused by many things and often
occurs along with other health problems. Common causes of chronic insomnia
are depression, chronic stress, and pain or discomfort at night. Acute insom-
nia may not require treatment. Treatments for chronic insomnia include first
treating any underlying conditions or health problems that may be causing
the insomnia. If insomnia still continues, the health care provider may suggest
either behavioral therapy or medication.
The data in Table 1 are extracted from results of a randomized, double-blind
clinical trial comparing an active hypnotic drug with a placebo in 239 patients
who have sleeplessness problems (Francom et al., 1989). The measure of in-
terest is the patient’s response to the question ‘How quickly did you fall asleep
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after going to bed?’ In the main data the response is ordinal variable. Pa-
tients were asked this question again after a one week placebo washout period
(baseline measurement) and also following a two-week treatment period. We
regard treatment as an explanatory and independent variable which affect the
responses. As an application for our purpose in this paper we categorize the
response as a binary variable of less than 30 minutes and greater than 30 min-
utes. The reason for combining some levels of the initial ordered responses is
that categorizing follow-up ordered response by treatment and initial ordered
response leads us to have some cells with 0 counts, and some with counts less
than 5. The use of asymptotic inferences, involved in using cumulative logit
models for ordinal responses (vide McCullagh 1980), may be invalid for such
data sets.

Table 1 Time before falling to sleep obtained from the question, ‘How quickly did you fall asleep?’, in
minutes (follow-up response, Y2, by treatment and initial response, Y1, observed and row percentages)

Follow-up (Y2)
Treatment initial (Y1) < 30 ≥ 30 Total

Active <30 27 5 32
84.4% 15.6% 100.0%

≥ 30 62 25 87
71.3% 28.7% 100.0%

Placebo < 30 30 4 34
88.2% 11.8% 100.0%

≥ 30 30 56 86
34.9% 65.1% 100.0%

Table 2 Sample marginal distribution of initial and follow-up responses, odds and odds ratio for two
treatments

Response category
Response Treatment < 30 ≥ 30 Odds Odds Ratio

Initial Active 0.269 0.731 0.368 0.929
Placebo 0.284 0.716 0.396

Follow-up Active 0.748 0.252 2.97 2.97
Placebo 0.500 0.500 1

For our data in Table 1, looking at the marginal distribution of the ini-
tial and follow-up responses for the two treatments, we may conclude that,
initially the two groups had similar distributions, but at the follow-up the pa-
tients with the active treatment tended to fall asleep more quickly. Table 2
displays sample marginal distributions for initial and follow-up responses for
the two treatments. This table also gives the odds of sleeping less than 30
minutes and odds ratio (a ratio of the odds of sleeping less than 30 minutes
for people who used active drug to the odds of sleeping less than 30 minutes
for people who used placebo drug) for two treatments.
The sample marginal probabilities in Table 2 show that at first time the pro-
portion of patients who used the active drug and fell asleep slowly (≥ 30) is
0.731 and then this proportion decreased to 0.252 after drug use. Also the
results of odds ratio in this Table show that in the initial time, response is
nearly independent of the drug use. But in the follow up time, people who
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use active drug are much more likely to sleep less than 30 minutes than people
who use placebo.
Odds ratio and Somers’ d (Somers, 1962) can be used to measure association
between each ordinal response and our binary explanatory variable (treat-
ment). Somers’ d measure is the difference between the proportions of con-
cordant and discordant pairs, out of the pairs that are untied on the binary
explanatory variable and it takes values in [-1, 1]. For association between two
responses the estimated odds ratio takes the value 5.576 (Somers’ d=0.305).
So, there is a high correlation between two responses. Any analysis of these
data should take into account this correlation. Also estimated odds ratio
(Somers’ d) for the two responses for people who use active and placebo drug
is 2.177 (Somers’ d=0.134) and 14 (Somers’ d =0.478), respectively. This
shows that the correlation between responses changes with different level of
treatment. Therefore, we have to consider the treatment effect on correlation
structure as well as the treatment effect on the responses.

3 Models for the Analysis of Binary Longitu-

dinal Data

This section studies several approaches to the analysis of binary longitudinal
data. We consider marginal, random-effects and transition models. The ob-
jective is to present the idea underlying each model as well as their forms for
application on the insomnia study.

3.1 Marginal Model

In marginal model, the regression of the response on explanatory variables is
modelled separately from within-person correlation. Suppose that it is of in-
terest to know the relation between the response vector and the explanatory
variables at each time and how these relations change over time. For each ob-
servation, define two binary dependent variables, Y1 and Y2, each of which take
the value of either 0 (Yt < 30) or 1 (Yt ≥ 30). In marginal modeling, the joint
outcome (Y1, Y2) is modeled by using a marginal probability for each response
variable, and correlation structure, by use of the odds ratio, parameterizes the
relation between the two dependent variables.
The systematic components model the marginal probabilities, πtj = Pr(Yt =
j|xt) where j = 0, 1 and t = 1, 2, and the odds ratio, defined as ψ =

π12(00)π12(11)

π12(01)π12(10)

where π(12)(j1j2) = Pr(Y1 = j1, Y2 = j2) and ψ describe the association between
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the two outcomes. Thus, for each observation we have

πt1 =
exp(x′

tβt)

1 + exp(x′
tβt)

, t = 1, 2,

where the xt for t = 1, 2 are vector of explanatory variables. For the association
we consider

ψ = exp(x′β)

where x is a vector of explanatory variables and ψ specifies the dependence
structure among the repeated measurements. This is necessary for a complete
description of the distribution of observations and hence for a likelihood anal-
ysis. This model was first introduced by Dale (1986). It is well known that if
this correlation structure is ignored, estimates of standard error of parameter
estimates may be incorrectly obtained (Liang and Zeger, 1986). For Insomnia
data we consider the model equation as,

logit[Pr(Yit = 1|αt, βt, treati)] = αt + βt treati, t = 1, 2,

ψ = exp(α+ β treati), (1)

where ‘treat’ is an indicator variable for treatment (1: active, 0: placebo).
There are two estimation approaches ML and GEE that will be discussed in
the following subsections.

3.1.1 Maximum Likelihood (ML) Approach

The likelihood function for the estimation of parameters in marginal models
is given by Dale (1986). We may modify the Dale model in a manner that
may able us to consider the effect of covariates on the correlation structure.
We shall use function nlminb in software R to find the parameter estimates.
Using the marginal model, the log-likelihood for our 2 time points is

LMAR =
1∑

j1=0

1∑
j2=0

[nj1j20ln(π(12)(j1j2)0) + nj1j21ln(π(12)(j1j2)1)]

where π(12)(j1j2)k = Pr(Y1 = j1, Y2 = j2|treati = k), for k = 0, 1 and n(j1j2)k

for k = 0, 1 are the number of individuals with Y1 = j1 and Y2 = j2 when the
explanatory variable is treati = k .
As is seen, if we consider the effects of covariates on the correlation structure in
marginal models, the maximization of the likelihood needs a highly developed
program.
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3.1.2 Generalized Estimating Equations (GEEs) Approach

GEEs provide an accomplished estimation approach with desirable statistical
properties, provided that the mean structure is correctly specified, to analyze
binary correlated data arising from repeated measurements. It was introduced
by Liang and Zeger (1986) as an estimation method of dealing with correlated
data when the data generating process follows an exponential family.
In our application, repeated measurement provides a bivariate binary response
(Yi1, Yi2) for all i. GEEs specify a structure for means μit = E(Yit) and for
variance function υ(μit), which describes how var(Yit) depends on μit (McCul-
lagh, 1983). The estimates are solutions of quasi-likelihood equations called
generalized estimating equations. The GEEs approach utilizes an assumed
covariance structure for Yi = (Yi1, Yi2) specifying a variance function and a
pairwise correlation pattern. The approach is also appealing for categorical
data because of its computational simplicity compared to ML.
The generalized estimating equations for the vector β have the form

S(β) =
n∑

i=1

D
′
iV

−1
i (yi − μi) = 0,

where μi is the vector of probabilities associated with Yi and D
′
i =

∂μ
′
i

∂β
. Also

Vi is the working covariance matrix for Yi and n is the number of patients.
The reader can find more details on the methodology of GEEs in Liang and
Zeger (1986) and Zeger et al. (1988). This approach can be implemented
in SAS software (the “genmod” procedure), in R (gee function in the “gee”
package) or in STATA (the “xtgee” command).
Let illustrate the GEEs approach for the insomnia data. We use this approach
to fit the marginal model

logit[Pr(Yi1 = 1)|treati] = α + β1treati.

logit[Pr(Yi2 = 1)|treati] = α + β1treati + α1 + β2treati.

In this model, α is an intercept at the first time and α1 is the effect of time
on logarithm of odds of response at the second time. By this definition α+α1

is the intercept for the follow up response model. The effect of treatment at
t = 1 is taken into account by β1, whereas β2 is the parameter which indicates
the interaction between time and treatment. So, β1 +β2 indicates the effect of
treatment for the follow up response. We shall use an exchangeable working
correlation structure which is applicable for most longitudinal data.
One shortcoming of using GEEs is that the working correlation matrix is usu-
ally assumed to have a structure independent of subjects. This ad-hoc as-
sumption may be invalid when the between-subject variation crucially relies
on some subject characteristics. Furthermore, the properties of GEEs is in-
fluenced by the model misspecification and this appears to be quite serious in
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the estimation of parameters (Liang and Zeger, 1986).

3.2 Random-Effects Models

The basic idea underlying a random effects model is that there is a natural
heterogeneity across individuals in their regression coefficients and that the
heterogeneity can be handled by a probability distribution. Correlation among
observations for the same individual arises from their sharing unobservable
variables, ui. Now we illustrate a logistic random-effects model for our bivariate
binary data. Suppose that we have a data set with two dependent binary
responses for the ith individual, i.e. (Yi1, Yi2). Observation Yit for the ith

individual takes values 1 or 0 for t = 1, 2. In general, a random-effects model
can be written as follows,

logit[Pr(Yit = 1|xt, ui)] = α + x′
tβt + ui, t = 1, 2,

where the effects ui are independent and identically distributed as N(0, σ2
1).

The model for the insomnia data is

logit[Pr(Yit = 1|treati, time,ui)] = α+β1treati+α1time+β2treati×time+ui,
(2)

where ‘time’ takes values 0 and 1 for the initial and follow-up time period,
respectively. The ML approach can now be applied to derive the parameter
estimates. The likelihood is given in Agresti and Natarajan (2001). Specifi-
cally, the joint probability density for the response vector Yi, conditional on
ui, may be written as

f (yi | ui) =
∏
t

pyit
it (1 − pit)

1−yit ,

where, for t = 1, 2,

pit = Pr (Yit = 1|treati, time,ui) .

It then follows that the marginal likelihood function (conditional on the co-
variates) for the fixed effects and the variance component has the form given
by

LRE =
∏
i

∞∫
−∞

f (yi|ui)φ
(
ui|0, σ2

1

)
dui, (3)

where φ (ui|0, σ2
1) is a normal probability density function with mean 0 ad vari-

ance σ2
1 for ui.

Under the random-effect model (2), the Yit, given ui, are conditionally inde-
pendent over t. However, this does not necessarily imply that the intra-subject
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correlation coefficient, ρ, is zero. If we consider the latent variable model where
a continues latent variable Y ∗

it underlies the observed Yit in (2), the variance
of the random effect ui, σ

2
1, represents the between-subject variation, and the

within-subject variation, π2/3, represents the variance of the logistic distribu-
tion, of the errors in model for Y ∗

it . Thus, correlation between Y ∗
i1 and Y ∗

i2, ρ,
may be written as ρ = σ2

1/ (σ2
1 + π2/3), which does not depend on subjects.

As is seen, this approach may give misleading results when the correlation
structure depends on covaraites.
We now extend the logistic regression model by including random effects for the
treatment in the structure for the linear predictor. This not only determines
the structure of correlation between observations on the same subject, but also
takes into account the heterogeneity among subjects, due to unobserved char-
acteristics. To fit this random-coefficients model we assume ui = u1i+u2i treati
in Equations (2) and (3), where the effects u1i and u2i are independent and
identically distributed over i and follow a bivariate normal distribution with

mean 0 and covariance matrix Σ =

[
σ2

1 σ12

σ12 σ2
2

]
. With this model, the corre-

lation between Y ∗
i1 and Y ∗

i2 is:

ρtreati =
σ2

1 + σ2
2(treati)

2 + 2cov(u1i, u2i)treati

σ2
1 + σ2

2(treati)
2 + 2cov(u1i, u2i)treati + π2

3

where

ρtreati=0 =
σ2

1

σ2
1 + π2

3

,

ρtreati=1 =
σ2

1 + σ2
2 + 2cov(u1i, u2i)

σ2
1 + σ2

2 + 2cov(u1i, u2i) + π2

3

=
σ2

1 + σ2
2 + 2σ12

σ2
1 + σ2

2 + 2σ12 + π2

3

which shows that the association between responses depends on the covariates.
Now we discuss alternative measures of association based on manifest variables
or actual outcomes. Under the random-effect model (2) the marginal proba-
bility of a positive outcome and the joint probability of two positive outcomes,
respectively, are:

πi.t1 = Pr(Yit = 1|treati, time) =
∫
Pr(Yit = 1|treati, time,ui)φ(ui|0, σ2

1)dui

=
∫

exp(α + β1treati + α1time + β2treati × time+ σ1ui)

1 + exp(α+ β1treati + α1time+ β2treati × time+ σ1ui)
φ(ui|0, 1)dui

t = 1, 2

πi(12)(11) = Pr(Yi1 = 1, Yi2 = 1|treati)
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=
∫
Pr(Yi1 = 1|treati, ui)Pr(Yi2 = 1|treati, ui)φ(ui|0, σ2

1)dui

=
∫

exp(α + β1treati + σ1ui)

1 + exp(α+ β1treati) + σ1ui)

× exp(α+ α1 + (β1 + β2)treati + σ1ui)

1 + exp(α+ α1 + (β1 + β2)treati + σ1ui)
φ(ui|0, 1)dui.

For the random-coefficients model with Σ =

[
σ2

1 0
0 σ2

2

]
, the marginal proba-

bility of a positive outcome and the joint probability of two positive outcomes,
respectively, are:

πi.t1 = Pr(Yit = 1|treati, time) =
∫ ∫

Pr(Yit = 1|treati, time,ui)φ(ui|0,Σ)dui

=
∫ ∫

exp(α+ β1treati + α1time+ β2treati × time+ σ1ui1 + σ2ui2 × treati)

1 + exp(α + β1treati + α1time+ β2treati × time+ σ1ui1 + σ2ui2 × treati)

×φ(ui1, ui2|0, I)dui1dui2 t = 1, 2

πi(12)(11) = Pr(Yi1 = 1, Yi2 = 1|treati)
=

∫ ∫
Pr(Yi1 = 1|treati,ui)Pr(Yi2 = 1|treati,ui)φ(ui|0,Σ)dui

=
∫ ∫

exp(α+ β1treati) + σ1ui1 + σ2ui2 × treati)

1 + exp(α + β1treati) + σ1ui1 + σ2ui2 × treati)

× exp(α+ α1 + (β1 + β2)treati + σ1ui1 + σ2ui2 × treati)

1 + exp(α+ α1 + (β1 + β2)treati + σ1ui1 + σ2ui2 × treati)

×φ(ui1, ui2|0, I)dui1dui2

(φ(ui|0, I)) is a bivariate normal density for the vector ui = (u0i, u1i)
′
, with

mean 0 and covariance matrix Σ (bivariate normal with mean 0 and Identity
covariance matrix I). We are now in a position to compute any standard mea-
sure of dichotomous variables. For example, Pearson’s correlation coefficient
between two outcomes is:

rtreati =
πi(12)(11) − πi.11πi.21√

πi.11(1 − πi.11)
√
πi.21(1 − πi.21)

As noted in the classic text by Bishop et al. (1975, Chapter 11), all the stan-
dard measures of association for a two-by-two table are essentially functions
of Pearson’s correlation coefficient or functions of the odds ratio, which can be
written as

αtreati =
πi(12)(11)πi(12)(00)

πi(12)(01)πi(12)(10)

,



Models for longitudinal analysis 3077

or the best-known measure depending on the odds ratio is Yule’s Q, defined
as

Qtreati =
αtreati − 1

αtreati + 1
,

where in the last two equations πi(12)(jk) = Pr(Yi1 = j, Yi2 = k|treati) for
j, k = 0, 1. We can see that the calculation of the marginal and the joint
probabilities are complex and there is not any command or procedure in ex-
isting software to compute them. These probabilities can be computed using
Gaussian quadrature.
The formula for the likelihood may be written as

LRC =
∏
i

∫
f (yi | ui)φ (ui|0,Σ) dui. (4)

In general, taking the first derivatives of the log-likelihood functions with re-
spect to the parameters, will produce the ML estimates and the second deriva-
tives will also produce their standard errors, provided that some regularity
conditions are satisfied. The log-likelihood of (3) and (4), however, does not
have a closed form solution and approximations to the likelihood or numerical
integration techniques are required to maximize (3) and (4) with respect to the
unknown parameters. The viability of approximation in the integral computa-
tion is crucial to obtain valid solutions of the likelihood function. It is shown
that the adaptive Gaussian-quadrature approximation method for performing
the maximum likelihood estimation has a relatively good performance among
the other numerical methods (Pinheiro and Bates, 1995; Rabe-Hesketh et al.,
2002). This procedure rescales the evaluation points so that the integrand is
sampled in a more appropriate region and produced accurate estimates over
our range of interest using fewer quadrature points. This method is imple-
mented in many software packages, such as SAS (the“nlmixed” procedure)
and STATA (the“gllamm” program) (Rabe-Hesketh et al., 2001). We will use
STATA to analyze insomnia data.

3.3 Transition Model

Under a transition model, correlation between Yi1 and Yi2 exists because the
past value, Yi1, explicitly influences the present observation Yi2. For the data
considered here the primary question of interest is the degree of change, or
improvement, among treatments, or how transitions are made between con-
secutive time points. For such a scientific question, an appropriate approach
is the use of Markov (transition) models.
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We consider a first order transition model for repeated binary responses. The
general form of the model for two responses is

logit [P (Yi1 = 1|α, β)] = α+ x′
1β

logit [P (Yi2 = 1|Yi1 = a;αa, βa)] = αa + x′
2βa

where α, α0 and α1 are intercept parameters, β is the vector of parameters
for explanatory variables at the first time and βa is a vector of parameters for
the explanatory variables at the second time where a = 0, 1. For an extensive
discussion of transition models and the likelihood for finding ML estimates
see Ganjali and Rezaei (2007)and Rezaei et al. (2009). This model also can
be analyzed by existing software such as SAS (procedure: genmod) and SPSS
(binary logistic) and R (glm function in ”stats” package). The form of the
model for insomnia data would be,

logit[P (Yi1 = 1|α, β, treati)] = α + β treati,

logit[P (Yi2 = 1|Yi1 = a;αa, βa, treati)] = αa + βa treati, a = 0, 1. (5)

By employing various models at the second period based on different values
of response at the first period in (5), the correlation between responses depends
on individuals. For this model one should estimate 6 parameters instead of
5 in random intercept model and 6 in random coefficient model. Therefore if
there are different effects of explanatory variable on the second response for
different values of the first response, one can conclude that the correlation
structure between responses depends on individuals characteristics.

4 Model Fitting Results for Insomnia Data

Table 3 gives the results of fitting marginal model with bivariate responses.
In model (1) we may assume that α �= 0 and β �= 0 (MMCOR2), α �= 0 and
β = 0 (MMCOR1), or ignoring the dependence structure (MMIND) among
the repeated measurements. Results of fitting the marginal model MMIND
for the initial response show that there is no significant effect of treatment
(P-value= 0.803). Whereas, the effect of treatment on the follow-up response
(P-value= 0.000)is significant. By comparing the estimation results of three
marginal models, we see that the standard error of parameter estimates ob-
tained by MMCOR2 are less than those obtained by MMCOR1 and MMIND.
Further, results of model MMCOR2 show strong evidence of the treatment
effect on the correlation between two responses. We may conclude that the
correlation between responses changes with different level of treatment. This
is e2.639 = 13.99 for people who use active drug and e2.639−1.861 = 2.177 for
people who use placebo drug. This was already illustrated in our exploratory
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analysis in Section 2.
The results from the GEEs, the random effects (RE), and the random coef-
ficients (RC) models are shown in Table 4. The RC model was first fitted
by plugging covariance between intercepts and slopes into the model. The
estimate of this parameter was negative but insignificant. Thus, we refit the
RC model without this covariance. Results confirm that there is no significant
effect of treatment on the initial response but there is a significant effect of
treatment on the follow-up response. Also estimate of the scale parameter in
the random-effects model and correlation in the GEEs method show that there
is a strong association between the two responses. In addition, the estimate
for σ2

2 is evidence that the slope coefficient of treatment univariates across
subjects, resulting that the two models are equivalent.

Table 3 Parameter Estimates and Standard Error of estimates of marginal modeling parameters con-
sidering dependence between responses (MMCOR1 and MMCOR2) and assuming independence between
responses (MMIND) for Insomnia data (bold numbers are significant at %5 level)

MMCOR2 MMCOR1 MMIND
Parameter Est. S.E. Est. S.E. Est. S.E.

α1 0.928 0.178 0.928 0.203 0.928 0.203
α2 0.000 0.000 0.000 0.183 0.000 0.183
α 2.639 0.578 1.900 0.40 - -

β1(Treatment : Active) 0.072 0.276 0.072 0.289 0.072 0.289
β2(Treatment : Active) -1.087 0.211 -1.087 0.280 -1.087 0.280
β(Treatment : Active) -1.861 0.792 - - - -

Table 4 Parameter Estimates and Standard Error of GEEs, RE, and RC estimates for Insomnia data
(bold numbers are significant at %5 level)

GEEs RE RC
Parameter Est. S.E. Est. S.E. Est. S.E.

α 0.928 0.203 1.512 0.358 1.505 0.355
α1(Time) -0.928 0.197 -1.521 0.392 -1.522 0.392

β1(Treatment : Active) 0.072 0.289 0.051 0.451 0.062 0.448
β2(Treatment : Active) -1.159 0.338 -1.739 0.545 -1.743 0.545

σ2
1 - - 3.752 1.437 3.772 1.452

σ2
2 2.2E-17 6.8E-9
ρ 0.312 - - -

Results of the transition model are given in Table 5. Now, we have more
insight into the process of generating the data. When the initial response is
‘less than 30’ there is no significant effect from the drug. However, for an
initial value of ‘more than 30’ there is a positive effect from the drug on the
probability of the follow-up response. This means that the drug is less likely
to be effective for patients with pre-sleeping intervals less than 30 minutes
and so knowledge of the initial response may discourage the practitioner from
prescribing an ineffectual treatment.
In general for analyzing insomnia data we suggest the use of transition model
which in our view can answer the question about change of treatment effect
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on the response. This model can also be implemented by existing software
and it properly can take into account the dependence of correlation between
responses on the treatment.

Table 5 Parameter Estimates and Standard Error of using transition model for Insomnia data (bold
numbers are significant at %5 level)

Y1 Y2|initial< 30 Y2|initial≥ 30
Parameter Est. S.E. Est. S.E. Est. S.E.

α 0.928 0.203 - - - -
α0 - - -2.015 0.532 - -
α1 - - - - 0.624 0.226

β(Treatment : Active) 0.072 0.289 - - - -
β0(Treatment : Active) - - 0.329 0.721 - -
β1(Treatment : Active) - - - - -1.532 0.328

5 Concluding Remarks

The objective of presenting this paper was to illustrate the use of various
models in the analysis of repeated binary outcomes, with emphasizing on the
fact that the choice of model is dependent on the scientific question of interest
and simplicity. An application of the models was provided through an example
of health studies. The paper used user-friendly software packages, such as SAS,
R or SPSS, to estimate model parameters for an insomnia patient’s binary
response to the question of ‘How quickly did you fall asleep?’.
For these data, the subject-specific variation was modeled by including random
effects in the linear predictor of the logistic regression model. Results show that
there is a strong association between two responses and this correlation changes
with different level of treatment. Furthermore, use of a transition model shows
that the effectiveness of the drug on the follow-up response crucially depends
on the initial response. In our view, results of fitting the transition model
give more light on practitioners’ aim, as the drug is less likely to be effective
for patients with pre-sleeping intervals of less than 30 minutes. However, the
drug is more effective for patients with pre-sleeping intervals of more than 30
minutes.
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