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Abstract. A transition binary logistic model with random coeﬃcients is proposed to model the unemployment statues of household
members in two seasons of spring and summer. Data correspond to
the labor force survey performed by Statistical Center of Iran in 2006.
This model is introduced to take into account two kinds of correlation in the data; one due to the longitudinal nature of the study, that
will be considered using a transition model, and the other due to
the assumed correlation between responses of members of the same
household which is taken into account by introducing random coeﬃcients into the model. Due to the use of special sampling method in
this survey (rotation sampling), some kinds of non-monotone missing pattern occur that are considered in the proposed model using
the breakdown of the joint distribution of the response variables.
A Bayesian approach is used to estimate model parameters via the
Gibbs sampling method and data augmentation. Results of using
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this model are compared with those of three other transitional models. The most applicable model which gains more interpretability and
precision due to consideration of all aspects of the collected data is
found. Also some sensitivity analysis are performed to assess asymmetric departures from the logistic link function and robustness of the
posterior estimation of the transition parameter to the perturbations
of the prior parameters.

1

Introduction

In a panel or longitudinal study, each subject is measured at several
occasions. Sometimes there exist clusters of subjects in each period
due to some kinds of initial relationship between subjects at each
time, for example subjects that are members of the same family may
indicate a cluster. In such clustered longitudinal studies, Yijt indicates the response variable for the jth member (j = 1, . . . , ni ) of the
ith (i = 1, . . . , K) cluster at time t (t = 1, . . . , T ). We use ni for the
number of elements in the ith cluster to allow for variation of cluster
sizes in the study as it seems reasonable if we assume households as
clusters.
In these kinds of studies there exist two aspects of correlation
that must be taken into account in the model; one is the correlation
between responses of a subject in diﬀerent occasions, and the other
is due to clustering that results in correlated responses for subjects
in the same cluster at each time period. We use random coeﬃcients
to allow for the clustering correlation in the model. Diﬀerent models
can be used to take into account the correlation between responses
raised due to the longitudinal nature of the study. One possibility is
marginal modeling, which can be used to make inferences about parameters averaged over the whole population (Stiratelli et al., 1984;
Liang et al., 1992) A second possibility is random eﬀects modeling, which makes inferences about variability between respondents
(Harvile and Mee, 1984; Berridge and Dos Santos, 1996; Verbeke
and Molenberghs, 1997; Tutz, 2005) The third approach would be to
use Markov (transition) models (see Anderson and Goodman, 1957;
Kaciroti et al., 2006; Sengul et al., 2007). For reviews of transition
and other models for longitudinal responses, see McCullagh (1980),
Diggle et al. (2002) and Agresti (2002).
In such longitudinal studies mentioned above, often some of the
subjects do not respond in some occasions which cause for missing
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responses. There are often two kinds of missing pattern considered
for longitudinal studies; one is the monotone pattern that is most
common in medical surveys and is caused by subject’s dropout before
the study is completed, and the other is the non-monotone or general
pattern that occurs when some of the subjects withdraw from the
study at some occasion and return to the study again at some other
occasion.
Rubin (1976), Little and Rubin (2002) and Diggle and Kenward
(1994), made important distinctions between the various types of
missing mechanisms for each of the above mentioned patterns. For
illustration of diﬀerent mechanisms, a dummy variable M that indicates the missing situation of the variable Y may be deﬁned as
M = 0 if Y is observed and M = 1 otherwise. A missing mechanism
is missing completely at random (MCAR) if the conditional distribution of M given Y and the model covariates is independent of the
variable Y, Missing mechanism is missing at random (MAR), when
this conditional distribution depends only on the observed part of the
variable Y given the model covariates, ﬁnally missing mechanism is
not missing at random (NMAR) when the missingness is dependent
on both parts of Y, missed and observed. From a likelihood point of
view MCAR and MAR are ignorable given disjoint parameter spaces
of the response and the missing indicator models, but NMAR is nonignorable.
In this article a Markov transition model with random coeﬃcients
for binary response variables is proposed. Moreover, we consider
a general non-monotone missing data pattern with a MAR mechanism. Also we will introduce low information prior distributions for
all model parameters in order to take advantage of using a Bayesian
approach.
To analyze the dependence of binary response data on explanatory variables, the logistic transformation is probably the one most
commonly used. However, it is tentative and therefore some consideration of adequacy is needed. If some non-logistic model gives a
better ﬁt it is important to discover this. An appealing and informative way to examine the accuracy of the logistic link is to construct
extended models which include the logistic model as a special case.
We use the family of the asymmetric transformations introduced by
Aranda-Ordaz (1981) to access departures from the logistic link.
As we use a Bayesian approach toward estimating, another important issue is the robustness of the posterior distribution. We can
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assess how robust the posterior distribution is to the selection of the
prior distribution via sensitivity analysis, in which we assess changes
in the posterior distribution over diﬀerent prior distributions. When
prior information is available, sensitivity analysis focuses on the structure of the prior distribution; when noninformative or low informative
priors are used, it focuses on how diﬀerent choices of prior parameters may inﬂuence the posterior inference. In our model we do a
sensitivity analysis for the most interesting parameter in our model
which is the transition parameter.
In the present article, we apply the data belonging to the labor
force survey performed by Statistical Center of Iran 2006 in two seasons of spring and summer. The target population in this survey
consists of all people who are, according to the deﬁnition, a member
of ordinary households in urban or rural areas of the country. The
sampling method in this survey is two stage clustered with classiﬁcation. The ﬁrst stage sampling units are clusters and for the second
stage the sampling unit contains a group of three households those
are usually adjacent. The respondent unit is the private settled living
in the place considered in the sample. A panel survey is performed in
this plan to allow study of variations between seasons in addition to
within season’s variation. Our main interest in analyzing these data
is based on the potential clustering of the household members and the
special missing pattern of this survey which is a kind of non-monotone
missing data pattern.
In the next Section, the attributes of the data belonging to the
labor force survey are discussed. In Section 3, the random coeﬃcient transitional binary logistic model is presented. In this section
the likelihood function and the posterior distribution of the model
parameters are also given. In Section 4, the appropriate model for
labor force data and its computational approach using Gibbs sampling method are discussed. Also the parameter estimates for the
proposed model and a comparison of this model with three other
models with diﬀerent missing and random eﬀect considerations are
given. Some sensitivity analysis are also performed in Section 5 to
access appropriateness of the logistic model and the robustness of the
model estimates to diﬀerent prior selections. Finally a brief conclusion along with possible further works are given in Section 6.
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Labor force survey data

The data used in this paper are related to the unemployment statues of household members in two seasons of spring and summer of
2006. The information about 224691 people who were present in the
study for at least one season is available. Among the sampling units,
9237 people refuse to ﬁll the questionnaire and we omit them from
the study because they only form four percent of the whole sample.
Therefore there are 215454 subjects remained in the study. In researches related to unemployment issues, only the economical active
part of the population is used toward calculations of unemployment
indexes and rates. The economical active population is deﬁned as all
people who are at least ten years old and have either taken part in
production and services (employed) in the week before the sampling
week (reference week), or they had the employment opportunity in
the reference week but they are unemployed. Because of this reason we ﬁrst remove inactive part of the spring sample from the study
that results in 130344 economically active people in the study. Again,
among these we omit the ones who were active in spring but became
inactive in summer that leads to 83144 subjects in the whole sample.
At last, we remove 13 people from the resulting sample due to incomplete covariates. This ﬁnally leads us to have a sample of 83131
economically active people that includes 51791 households.
Due to the special rotating method of sampling in this survey,
the sample is divided into three parts. There are 31153 people in the
sample who are present only in the ﬁrst season, 29890 people who are
included in the survey only in the second season and 22088 numbers
of them were present in both seasons. The binary response variable
of interest in this study is the unemployment status of each member
of household. Also the list of covariates which will be used through
the analysis process is given in Table 1. Some descriptive statistics
are also given for each variable in diﬀerent seasons (considering the
present part of sample in each season).
Figure (1) shows how the probability of being employed in summer depends on the spring employment status for diﬀerent age groups
based on part of sample which includes individuals who are present
in both seasons. According to this Figure, the probability of employment in summer is higher for people who were employed in spring
and that this probability increases as the age increases.
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Table (1): List of variables in the labor force survey data with
some descriptive statistics
Variable

Values

Unemployment Status

1: employed
2: unemployed
1: male
2: female
1: illiterate
2: under diploma
3: diploma or upper diploma
4: bachelor degree
5: master of science or PhD
6: others
1: one member
2: two members
3: three members
4: at least four members
1: married
2: widowed
3: divorced
4: single
1: urban
2: rural
continuous

Gender
Highest educational
qualification

Number of people living
in the household

Marital status

Living area
Age

Percentage in
Spring
90.10
9.90
79.60
20.40
15.30
48.30
24.00
7.50
1.10
1.90
0.60
7.00
16.60
75.80
69.50
1.20
0.50
28.80
41.20
58.80
mean: 35.75

Percentage in
Summer
91.10
9.00
80.10
19.90
15.00
47.70
24.70
7.60
1.10
4.00
0.70
6.80
16.50
76.00
68.40
1.30
0.40
29.90
41.80
58.20
mean: 35.72

Figure (1): Probability of employment in summer conditional on
the spring employment status and age.
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Random coeﬃcient transitional binary
logistic model

Let Yijt denotes the binary response variable for the j-th individual
of the i-th cluster at time t, in a longitudinal study in T periods.
Also let {Xijt } be the set of all covariates in the study those which
may be regarded as time varying. We assume a continuous latent
variable Uijt related to the binary response of Yijt with the following
mechanism:
Yijt = 0 ⇔ Uijt ≤ α0t

(1)

i = 1, ..., K; j = 1, ..., ni ; t = 1, ..., T
where α0t , for t = 1, . . . , T , are cut point parameters. Also We consider following transition model with random coeﬃcients for the latent variable:

βt − γt yij,t−1 − bit + εijt
Uijt = −Xijt

(2)

iid

iid

εijt ∼ F ; bi = (bi1 , bi2 , ..., biT ) ∼ M V N (0, Σb ); bit ⊥εijt
i = 1, ..., K; j = 1, ..., ni ; t = 1, ..., T.
In which yij0 = 0 for all i and j, and we assume Σb as a diagonal
matrix with diagonal elements (τ1 , ..., τT ). Using the above model
Uijt is independent of Uij,t−1 given Yij,t−1 as a consequence of transitional nature of the model. Also random eﬀects bit are introduced
to account for the correlation due to clustering. We can consider the
binary response of Yijt as a Bernoulli distributed random variable
with success probability πijt = Pr(Yijt = 1|Xijt , yij,t−1 , bit ) which according to the relation between Yijt and Uijt , given in equation (1)
and the proposed model in (2) can be regarded as:

βt + γt yij,t−1 + bit )
πijt = F (α0t + Xijt

(3)

Applying Diﬀerent distribution functions, F, lead to diﬀerent models.
In our application, We especially use the logistic distribution that
leads into a binary logistic model with success probability of


πijt =

eα0t +Xijt βt +γyij,t−1 +bit


1 + eα0t +Xijt βt +γyij,t−1 +bit

.

(4)
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likelihood and posterior function

In order to obtain the likelihood function for the set of model parameters Θ = {α0t , βt , γt , τt ; t = 1, ..., T } using the model proposed in the
previous section, we have:

L(Θ|Y1 , ..., YT ) =

ni
K  
T 

i=1 bi t=1 j=1

f (Yijt |Yij,t−1, Xijt , α0t , βt , γt , bit , τt )

× φ1,...,T (bi )dbi .

(5)

In which f (Yijt|Yij,t−1 , Xijt , α0t , βt , γt , bit , τt ) is the Bernoulli density
with corresponding success probability πijt and also φ1,...,T (.) is the
multivariate normal density with mean 0 and covariance matrix Σb .
The ﬁrst product on the right hand side of the equation (5) is based
on the assumption of having no correlations between diﬀerent clusters
and the second one results from the transitional property of the introduced model and the third product is obtained by the conditional
independence assumption of responses in the same cluster given random eﬀects. To complete the model speciﬁcation, a diﬀuse prior distribution for Θ, P (Θ), is assumed where for t = 1, . . . , T , (α0t , βt , γt )
have independent diﬀuse normal priors with mean 0 and some large
variance and τt follows a diﬀuse inverse gamma distribution.
The primary inferential quantity of interest is (α0t , βt , γt ; t =
1, .., T ). Obviously other parameters (τt , bit ; t = 1, ..., T ; i = 1, ..., K)
are also of interest. Given the complexity of the model, inference
based on the complete data needs to be based on simulation techniques. For example Gibbs sampling or Markov Chain Monte Carlo
(MCMC) methods can be used to construct inferences based on values drawn from the joint posterior density,
P (Θ, b|Y1 , . . . , YT , X) ∝ L(Θ|Y1 , . . . , YT , X)P (Θ)
When there are missing values in Y = (Y1 , . . . , YT ), and missing data
mechanism is ignorable (MAR), the Gibbs sampling for the complete
data model can be easily modiﬁed. We include missing values in
Y in the Gibbs sampling steps simply by drawing values from its
conditional predictive distribution, given the observed values and the
current draw of parameters that will be discussed more in the next
sections.
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Model and results for labor force survey
data

In the labor force survey data we assume the unemployment statues
of household members as the binary response variable of interest. The
extracted data only contains two seasons, hence we have T = 2. Also
we consider X as the matrix of all covariates introduced in Table
1. We consider πijt as the employment probability conditional on
model covariates, previous response and random eﬀects as deﬁned in
equation (3). Similar to model in (4), we assume a transition binary
logistic model with random eﬀects distributed as mentioned in (2) for
the response variable. For the complete data we have the likelihood as
(5) but considering the missing data problem with a non-monotone
pattern which occurred in the labor force survey data, we have to
compute the appropriate likelihood function. This pattern has some
respondents in the ﬁrst period who are removed from the study in the
second period and some individuals who are not in the study at the
ﬁrst period but are included in the study, as new individuals, for the
second period. The missing responses in these data are based on the
sampling design so that, response variables have a MAR mechanism.
Hence the likelihood function for these data should be viewed in three
parts. First part consists of households who were present in both
seasons:
L(1) (Θ|Y1obs , Y2obs , X) =
yij2
×πij2
(1

−





ni


y

ij1
[πij1
(1 − πij1)1−yij1

i∈I1 bi2 bi1 j=1
1−yij2
πij2)
]φ1,2 (bi1 , bi2 )dbi1 dbi2 .

where I1 is the set of all households who were present in both seasons
and Θ is the set of all parameters.
For the second part of the likelihood, there are some households
that were only present in the ﬁrst season with the corresponding set
I2 :
L(2) (Θ1 |Y1obs , X1 ) =



ni


y

ij1
[πij1
(1 − πij1 )1−yij1 ]

i∈I2 bi1 j=1

×ϕ1 (bi1 )dbi1 .
Where Θ1 = (α01 , β1 , τ1 ). Here it is obvious that there is no need
to consider the remaining vector of parameters {Θ − Θ1 } due to the

102

Eftekhari Mahabadi and Ganjali

transitional nature of the model and that the missing mechanism is
MAR.
The third part consists of households who only their summer response is observed with all individuals belonging to I3 :
L(3) (Θ|Y2obs , X) =

ni 
1
 
i∈I3 j=1 yij1 =0



{


bi2

bi1

y

ij1
[πij1
(1 − πij1)

1−yij1

y

ij2
×πij2
(1 − πij2 )1−yij2 ]φ1,2 (bi1 , bi2 )dbi1 dbi2 }.

We have used the marginal distribution of the second response by
summing over two possible outcomes of the ﬁrst season to be able to
ﬁnd conditional probabilities of the second response.
From a frequentist point of view, product of all individuals’ likelihood might be used to obtain parameter estimates using optimizing
functions (for maximizing the overall likelihood or minimizing minus
logarithm of the likelihood) available in softwares S-Plus or R (for
example function ‘optim‘ in R). However, considering independent
diﬀuse normal priors for (α01 , α02 , β1 , β2 , γ) with mean 0 and variance 1.0 × 106 and independent diﬀuse gamma priors for (1/τ1 , 1/τ2 )
with shape parameter 0.001 and scale parameter 0.001, we can base
inference on the resulting posterior distribution. We will use Gibbs
sampling along with the above decomposition to account for the missing problem as will be explained in the next section.

4.1

Computations based on Gibbs sampling

Posterior distribution of Θ is interactable; hence the inferential statistics on the parameters of interest can be constructed based on values drawn from the joint posterior distribution, P (Θ, b|Y1 , Y2 , X) obtained using Gibbs sampling. WinBUGS software (Ntzoufras, 2009;
Spiegelhalter et al. 2003; Gilks et al. 1996) will be used to obtain
the draws and to derive inferences on parameters of interest.
For the complete data inferences, Gibbs sampling (Gelfand and
Smith, 1990) involves iteratively drawing from the known conditional
distributions. Draws from P (β, γ, b, τ |Y, X) where β = (β1 , β2 ), b =
(b1 , b2 ) and τ = (τ1 , τ2 ), are generated by Gibss sampling based on
the following conditioned distributions:
(i)

[β1 , b1 , τ1 |X, Y1 ]
(i.1) [β1 |b1 , τ1 , X, Y1 ]
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(i.2) [b1 |β1 , τ1 , X, Y1 ]
(i.3) [τ1 |b1 , β1 , X, Y1 ]
[β2 , γ, b2 , τ2 |Y1 , Y2 , X]
(ii.1) [β2 |γ, b2 , τ2 , Y1 , Y2 , X]
(ii.1) [γ|β2 , b2 , τ2 , Y1 , Y2 , X]
(ii.2) [b2 |β2 , γ, τ2 , Y1 , Y2 , X]
(ii.3) [τ2 |b2 , β2 , γ, Y1 , Y2 , X]

In practical problems, however, not all of the conditional distributions
are known or have closed form. In such cases, rejection sampling
(Ripley, 1987), adaptive rejection sampling (Gilks and Wild, 1992),
the Metropolis algorithm (Metropolis et al., 1953), or the MetropolisHastings algorithm (Hastings, 1970) are commonly used for drawing
values from the distributions (Chib and Greenberg, 1995).
For inferences under ignorable missing data mechanism for the
response variables in both seasons (non-monotone pattern) with disjoint parameter spaces in spring and summer, inferences can be made
by drawing values from P (β, b, τ |Yobs , X) which is equivalent to drawing from P (β, b, τ, Ymiss |Yobs , X). These draws are obtained using
Gibbs sampling based on the data augmentation algorithm (Tanner
and Wong, 1987) implemented in the following conditional distributions:
(i)
(ii)

(i )
(ii )

[Y1,miss |β1 , b1 , τ1 , X]
[β1 , b1 , τ1 |Y1 , X]
(i.1) [β1 |b1 , τ1 , Y1 , X]
(i.2) [b1 |β1 , τ1 , Y1 , X]
(i.3) [τ1 |b1 , β1 , Y1 , X]
[Y2,miss |β2 , γ, b2 , τ2 , Y1 , X]
[β2 , γ, b2 , τ2 |Y1 , Y2 , X]
(ii .1) [β2 |γ, b2 , τ2 , Y1 , Y2 , X]
(ii .1) [γ|β2 , b2 , τ2 , Y1 , Y2 , X]
(ii .2) [b2 |β2 , γ, τ2 , Y1 , Y2 , X]
(ii .3) [τ2 |b2 , β2 , γ, Y1 , Y2 , X]

The four blocks (i), (ii), (i ) and (ii ) represent an outer Gibbs sampling, from which draws from P (β, b, τ, Ymiss |Yobs , X) are obtained.
Because drawing directly from blocks (ii) and (ii ) is not feasible, an
inner Gibbs sampling, as described for complete cases, was implemented within each block. Blocks (i) and (i ) are consisted of the
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I-step in data augmentation, with missing data generated to create a
complete data set.

4.2

Results for labor force survey data

In this section, four diﬀerent transitional models will be compared.
The ﬁrst two models only consider complete cases (22088 individuals who were present in both seasons) whereas the other two models
work with all available cases. Model (I) does not assume any random
eﬀect parameters but the second model [Model (II)] includes random
eﬀects, due to household clustering. Both models are of the form
(3) in Section 3, but excluding bit for Model (I). Model (III) and
Model (IV) are assumed to be transitional models for the available
cases with non-monotone missing pattern as discussed in the previous
section. Model (III) does not include random eﬀect parameters but
Model (IV) takes into account the existing correlation within household members by including random coeﬃcients (similar to the model
proposed in Section 3).
All the above Models are ﬁtted using a Bayesian approach toward
parameter estimations or data augmentation [if needed as in Model
(III) and Model (IV)]. Using Bayesian approach, we have performed
the iterative Gibbs sampling procedure in 10000 iterations, ignoring
the ﬁrst 5000 iterations as burn-in, we obtain inferences about the
model parameters using 5000 remained iterations. We use the posterior mean of each parameter as its estimate and the sample standard
deviation as the estimated standard deviation of the parameter of
interest. Results for the proposed models are presented in Table (2)
and Table (3).
According to the results of using complete cases given in Table
(2), in both seasons, employment odds of the active part of population increases as the age grows by both Models (I) and (II) with
an stronger eﬀect in Model (II), ﬁxing all other model covariates. In
Model (I), the odds ratios of employment for men v.s. women are
1.002 and 1.176 respectively in spring and summer, and these values
respectively increase to 1.039 and 1.249 by Model (II). The odds of
employment for married people in Model (I) is 2.775 (2.519) times
than that of singles in spring (summer). Model (II) indicates a higher
employment odds ratio of 3.414 and 3.296 for married people v.s. single ones respectively in spring and summer. Both models show that
people with master degree or PhD have more odds of employment
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than illiterate ones in spring and summer. Based on Model (I), in
spring (summer) the employment odds of households having 1 member is 1.846 (1.531) times than that of households having at least 4
members and these odds are respectively 2.003 and 1.84 by Model
(II).
Table (2): Results for complete data; (parameter estimations
highlighted in Bold are signiﬁcant at 0.05 level and DIC stands for
Deviance Information criterion)

It is noteworthy that employment odds of people belonging to
rural households is 2.096 (1.864) times than that of people in urban
households in spring (summer) by Model (I) and these odds increase
in Model (II). Also the summer employment odds of people who were
employed in spring is 15.487 (42.777) times than that of others that
were unemployed in spring based on Model (I) (Model (II)). The
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overall comparison of Model (I) and Model (II) indicates that the
parameter eﬀects are stronger when the random coeﬃcients are included in the model and that the variance of both random eﬀects
in summer and spring are highly signiﬁcant in Model (II). Hence,
for complete data, consideration of the existing correlation between
household members (taking into account by random eﬀects) has made
the eﬀects more obvious.
Table (3): Results for the available data (assuming MAR);
(parameter estimations highlighted in Bold are signiﬁcant at 0.05
level and DIC stands for Deviance Information criterion)

Table (3) summarizes the results for models ﬁtted to all available
cases with the assumption of MAR mechanism. The interpretation
of parameter estimates are nearly the same as Model (I) and Model
(II) but these two models gain more precision due to consideration of
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available observations and the use of data augmentation procedure
to consider the special missing pattern of the data. In comparison
with the complete data models, these two models lead to signiﬁcant
eﬀects for all covariates except for some of the levels in multilevel
covariates. It is also apparent that the signiﬁcance of the eﬀect of all
covariates except for some of their levels are obtained in comparison
with models for complete data. Also the eﬀect of spring outcome on
the employment statues in summer has been decreased in comparison
with Model (I) and Model (II) due to data augmentation. In Model
(IV) the parameter eﬀects are stronger than Model (III).
According to the deviance information criterion (DIC; Spiegelhalter et al., 2002) calculated for all 4 models (see Table (2) and (3)),
consideration of random eﬀect parameters has reduced DIC in both
models for complete and available data. Also, comparing Table (2)
results with its corresponding results in Table (3) illustrates that using data augmentation method toward available data analysis and
including random eﬀects as in Model (IV) have reduced variance of
parameter estimates and increased their signiﬁcant level due to consideration of the potential correlation between household members,
hence yielding more precision for analyzing these data. Hence, we
would suggest Model (IV) as the best for the employment probability prediction and inference in these data.

5

Sensitivity Analysis

Statistical conclusions can be viewed as the end result of synthesis of
the relevant information provided by the observed data and the prior
information provided by the model which is usually a plausible, but
necessarily imprecise, description of the actual process that generated
the data. The discussions presented by Cook (1986) are based on the
informal notion that important conclusions should not depend critically on the hypothesized model or unusual aspects of the data. If
our conclusions do depend critically on the model or the data, there
is surely cause for concern and knowledge of such dependence must
become a part of conclusions. Otherwise our ignorance of the precise
process that generated the data should do no harm. An obvious way
to see if perturbations of the model inﬂuence key results of the analysis is to compare the results derived from the original and perturbed
models using an inﬂuence graph.
In this section we access the sensitivity of the best model selected
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in the pervious section (Model IV) around two key aspects of the
assumed model. One the use of logit link function for both spring
and summer response variables which for our data set leads to logistic models. Next the robustness of the posterior distribution to the
selection of the prior distribution via sensitivity analysis.

5.1

Link Function

To analyze the dependence of binary response data on explanatory
variables, the logistic transformation is probably the one most commonly used. However, it is tentative and therefore some consideration
of adequacy is needed. If some non-logistic model gives a better ﬁt
it is important to discover this. An appealing and informative way
to examine the accuracy of the logistic link is to construct extended
models which include the logistic model as a special case. We use
the following family of the asymmetric transformations introduced
by Aranda-Ordaz (1981),
W (θ) = {(1 − θ)−λ − 1}/λ
where θ is the success probability for the binary response of interest.
Now we assume that
log(W (θ)) = X  β

(6)

where X  β is some linear predictor for the model.
For λ = 1, (6) reduces to the logistic model, while when λ → 0 the
complementary log log model is obtained. Hence, these two models
may be compared by means of a single parameter, λ.
The inverse of (6) takes the form


θ(X  β) = 1 − (1 + λeX β )−1/λ ,
1

,



if λeX β > −1
otherwise.

Now the model (IV) for the labor force survey data changes to,

βt + γyij,t−1 + bit ,
log({(1 − πijt )−λt − 1}/λt ) = α0t + Xij

i = 1, . . . , K; j = 1, . . . , ni ; t = 1, 2
The results of using a Bayesian approach with a uniform(0,1)
prior distribution for λt and the same diﬀuse priors introduced before
for all other parameters, show that the posterior means are λ̂1 =
0.967 (S.E. = 0.031) and λ̂2 = 0.963 (S.E. = 0.032). Hence, as
λ̂1 ≈ λ̂2 ≈ 1 the logistic link is the appropriate one for these data.
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Prior Distribution

Another important issue in the context of the approach we use is the
robustness of the posterior distribution. We can assess how robust
the posterior distribution is to the selection of the prior distribution
via sensitivity analysis, in which we assess changes in the posterior
distribution over diﬀerent prior distributions. When prior information is available, sensitivity analysis focuses on the structure of the
prior distribution; when noninformative priors are used, it focuses on
how diﬀerent choices of prior parameters may inﬂuence the posterior
inference. When prior distributions are used, it is common practice
to proceed to the implementation of sensitivity analysis with diﬀerent
values of the prior mean or variance.

Figure (2): Sensitivity plot of posterior mean of γ for diﬀerent
values of k with prior mean equal to 1.55; dotted lines represent the
2.5% and 97.5% quantiles of the posterior distribution.
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The most interesting parameter for us in the Model (IV) is the
transition eﬀect (γ) which shows the dependence of two response
variables along two seasons. Hence, we examine the sensitivity of its
posterior distribution to the perturbation of the mean and variance
of the normal prior used in the model.
The sensitivity of the posterior mean of γ over diﬀerent values of
the prior variance σ 2 when mean equals to 1.55 (the estimation from
Model (IV)), is depicted in Figure 2. For σ 2 we consider σ 2 = 10k
for values of k = −3, −2, −1, 0, 1, 2, 3. From the graph we clearly
see that the posterior mean is quite robust with values ranging from
1.545 to 1.556. Even for relatively low values of σ 2 (e.g., for σ 2 = 1),
the estimate is equal to 1.552, which is quite close to the value of 1.55
resulted using large values of σ 2 . Even if we consider as prior mean
the extreme value of zero (which is far away from realistic values),
the posterior mean of γ is still quite robust as is shown in Figure 3.
Actually, for values of σ 2 > 10 the posterior mean ranges from 1.49
to 1.55, see Figure 3.

Figure (3): Sensitivity plot of posterior mean of γ for diﬀerent
values of k with prior mean equal to zero; dotted lines represent the
2.5% and 97.5% quantiles of the posterior distribution.
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Conclusion

We use a transition logistic model with random coeﬃcients for longitudinal binary response with MAR non-monotone missing pattern.
The model is so ﬂexible to be used with diﬀerent distributions for
the measurement error of the latent variable model. This model provides the ability to model not only monotone missing (dropout) but
also non-monotone missing data for two period longitudinal studies.
Gibbs sampling is used to obtain Bayesian parameter estimates. For
labor force data (Statistical Center of Iran, 2006) we ﬁnd a random
eﬀect transitional model as the best available. To access asymmetric
departures from the logistic model, a general class of power transformations for the binary response variable was used which shows
that the logistic link is appropriate. Also the sensitivity analysis of
the posterior estimation of the transition parameter to the prior assumptions was performed which shows that our best model is nearly
robust to the prior selection. Based on the results, we obtain that the
response variable in summer is dependent on the spring response and
that the correlation due to being a member of the same household is
strongly signiﬁcant. For further work the model can be extended to
be used for longitudinal ordinal responses with non-ignorable missing
mechanism.
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