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Abstract: Logit, probit and complementary log-log models are the most widely used models when
binary dependent variables are available. Conventionally, these models have been frequentists.
This paper aims to demonstrate how such models can be implemented relatively quickly and
easily from a Bayesian framework using Gibbs sampling Markov chain Monte Carlo simulation
methods in WinBUGS. We focus on the modeling and prediction of Down syndrome (DS) and Mental
retardation (MR) data from an observational study at Kuwait Medical Genetic Center over a 30-year
time period between 1979 and 2009. Modeling algorithms were used in two distinct ways; firstly,
using three different methods at the disease level, including logistic, probit and cloglog models,
and, secondly, using bivariate logistic regression to study the association between the two diseases
in question. The models are compared in terms of their predictive ability via R?, adjusted R2, root
mean square error (RMSE) and Bayesian Deviance Information Criterion (DIC). In the univariate
analysis, the logistic model performed best, with R? (0.1145), adjusted R? (0.114), RMSE (0.3074) and
DIC (7435.98) for DS, and R? (0.0626), adjusted R2 (0.0621), RMSE (0.4676) and DIC (23120) for MR.
In the bivariate case, results revealed that 7 and 8 out of the 10 selected covariates were significantly
associated with DS and MR respectively, whilst none were associated with the interaction between
the two outcomes. Bayesian methods are more flexible in handling complex non-standard models
as well as they allow model fit and complexity to be assessed straightforwardly for non-nested
hierarchical models.

Keywords: Bayesian methods; Kuwait Medical Genetic Center; regression modeling; bivariate
logistic regression; Markov chain Monte Carlo

1. Introduction

Logit, probit and complementary log-log or cloglog models are the most widely used
members of the family of generalized linear models when binary dependent variables are
available. Binary outcomes usually arise in many areas of applications in health sciences
such as epidemiology and biomedical studies. These binary data are often multivariate
or correlated, so it is of increasing interest to develop models that maintain marginal
logistic interpretation pertaining to individual outcomes while taking into consideration
the dependency structure.

Two common frequentist approaches have been proposed for the correlated binary
data, namely marginal logistic regression via generalized estimation equations [1-4] and
mixed effects logistic regression [5,6]. The former approach is often used as parameter
interpretation is quite simple and there is robustness to misspecification of the correlation
structure [7]. The second approach does not perform well in integrating out a random
effects model from a mixed effects model, though this is not the case with the generalized
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estimation equations approach. Although likelihood-based approaches to marginal logistic
fitting have also been proposed, the complexity of model specification is a considerable
practical limitation [8,9].

When multivariate categorical data is being analyzed, Bayesian approaches have
shown to produce many benefits over quasi-likelihood- and likelihood-based frequentist
methods. A key benefit of modeling using the Bayesian approach is that it automatically
takes into consideration the uncertainty corresponding to model parameter estimation
when predicting the parameter estimates. Furthermore, Bayesian methods provide great
flexibility in allowing substantive information and new data to be incorporated through an
informative prior distribution, otherwise, vague or noninformative prior is assigned [7].

Chen and Dey [10] proposed a Bayesian multivariate logistic model with the use of
a scaled multivariate ¢ proposal distribution. Holmes and Leonhard [11] discussed auxil-
iary variable methods for inference in Bayesian binary and multinomial regression that
improves the performance in probit and logistic regression simulation by jointly updating
the regression coefficient and the auxiliary variables. In contrast to Reference [10], their ap-
proach was exact and totally automatic multivariable sampling schemes for Bayesian
binary and polytomous regression methods with full extensions to multinomial regres-
sion. Another Bayesian method for joint modeling binary and continuous subunit-specific
outcomes was proposed by Dunson [12] with an application to developmental toxicity
data. Different methods were proposed for probit and logit models such as the data-
augmentation algorithm for missing data, see for example References [13-15]. A similar
approach was proposed by Edwards et al. [16] where they implanted the Markov chain
Monte Carlo methods (MCMC) technique in which standard identifiability restrictions
were excluded. Talhouk et al. [17] proposed Bayesian inference for multivariate probit mod-
els with sparse inverse correlation matrices, which takes into consideration the correlation
structure between binary observations. More recently, Fasano et al. [18] developed a new
variational approximation for posterior probabilities in multivariate probit regression with
Gaussian priors. Cao et al. [19] also developed a novel scalable computation of predictive
probabilities in probit models with Gaussian process priors.

Aljarallah et al. [20] proposed a classical logistic regression model for analyzing
and prediction of Down syndrome and Mental retardation diseases from the Kuwait
Medical Genetic Center (KMGC) dataset. This paper is motivated by the need to develop
Bayesian methods to model KMGC data. More specifically, it reports on the findings
from applying a series of Bayesian univariate prediction algorithms, namely logistic,
probit and complementary log-log regression models. Our primary purpose in this paper
is to demonstrate how such prediction models can be implemented relatively quickly and
easily from a Bayesian perspective using Gibbs sampling MCMC methods in WinBUGS [21].
The importance of MCMC methods lies in their flexibility in specifying complex non-
standard models and their ability to easily compute model complexity and fit statistics for
non-nested models [22]. Model prediction was evaluated by computing R?, adjusted R?,
root mean square error (RMSE) and the Bayesian Deviance Information Criterion (DIC).

As the aforementioned methods readily extend to bivariate cases, our secondary
purpose in this paper is to model the data by taking the dependence between observations
as ignoring the correlations between repeated observations can lead to invalid inferences.
A discussion of the various approaches to model correlated binary observations can be
found in References [23-25]. However, the models used in all previous analyses have been
frequentists. In this paper, bivariate models are implemented from a Bayesian perspective.

2. Materials and Methods
2.1. Study and Dataset Used

The dataset comes from an observational study that was conducted at the Kuwait
Medical Genetic Center (KMGC) at the Ministry of Health in Kuwait [20]. The study was
considered as the first comprehensive population-based registry whose purpose was to
document and assess an extensive spectrum of genetic diseases. The patients were from
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various nationalities and ethnicities who lived in Kuwait during the period 1979-2009.
Over the 30-year period, the total number of patients registered in KMGC was 26,050 with
different genetic diseases. However, if patients had partial data, then these patients were
excluded from the analysis. For the analysis in this paper, we only consider a complete-case
analysis of 17,600 patients, restricted to cases without missing data.

More than 692 disorders were identified which reflect the common and the recorded
genetic disorders in Kuwait. Six genetic diseases out of 692 disorders were defined as
majors [20]. These disorders were: Down syndrome (DS) (12.1%), Recurrent Pregnancy Loss
(RPL) (11%), Multiple Congenital Anomalies (MCL) (10.2%), Mental retardation (MR) (8.4%),
Slow Learning (SL) (7.8%) and Cerebral Palsy (CP) (5.9%). For illustration, we only consider
the DS and MR datasets here [20].

The KMGC database also provides socio-demographic data (ethnicity, age, gender,
nationality, governorate, maternal and paternal age at childbirth and birth order), con-
sanguinity (double first cousin, first cousin, first cousin once removed, etc.), reproductive
data (preconception, history of first and second trimester, gravida, reproductive wastage,
abortion, still births) and genetic aspects (karyotype, type of chromosomal, aberration,
number of affected siblings). Full details of the KMGC study design and methodology are
published elsewhere [20].

2.2. Model Development and Validation

Three different models using Bayesian methods were fitted to the data, namely logistic,
probit and complementary log-log regression models. All models shown are executed using
Bayesian Gibbs sampling MCMC methods in WinBUGS [21], and the relevant WinBUGS
code is provided in the Supplementary Material (Code S1).

In each model, the dummy variable which takes on value 1 if the patient has the
disease and value 0 otherwise is treated as our dependent variable. Further, both DS and
MR diseases are assumed to be associated with a number of covariates at the individual
level of response. In this application, only covariates with the greatest discriminatory
ability were included in the models. Thus, the covariates considered are listed below:

Amniotic Fluid—categorical (1 = Yes, 0 = No)

Complications During Pregnancy—categorical (1 = Yes, 0 = No)
Ethnicity—categorical (1 = family, 0 = tribe)

Gestational Age—continuous

Maternal Age at Childs Birth—continuous
Nationality—categorical (1 = Kuwaiti, 0 = Non-Kuwaiti)
Parental Couple Consanguinity—categorical (1 = Yes, 0 = No)
Pre-conceptional History—categorical (1 = Yes, 0 = No)
Sex—categorical (1 = female, 0 = male)

Age—continuous

2.2.1. Model Development
Let
1, if patient i has the disease
Y, = .
0, otherwise

wherei = 1,...,n, and #n is the total number of observations. Since Y; is a binary variable,
it has a Bernoulli distribution with parameter p; = P(Y; = 1), thatis, p; is the probability
of having the disease. Thus,

Y; ~ Bernoulli (p;)

Model 1: The logistic regression model is most widely used to predict the patients
with the disease. That is,

logit[P(Y; = 1)|X] = log{lfip} = BotPriXuit ...+ BrXus, )
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where the X;’s represent individuals’ values for the covariates and B’s are the k unknown
regression parameters in the logistic model.

Model 2: The probit regression model can also be used to predict those patients with
the disease. That is,

probit[P(Y; = 1)|X] = @ '(p;) = Bo+ 1 Xi+- .- + BeXis ()

Model 3: The third model fitted was a complementary log-log or cloglog model.
That is,

cloglog[P(Y; = 1)|X] = log(—log(1—p;i)) = Bo+P1X1i+ ... + BrXi- (©)

The Bayesian model is completed by assigning prior distributions for all unknown
parameters Bo, B2, - . ., Bx- In the case when no particular prior information is available,
non-informative prior distributions are assigned to these parameters. Typically, multivari-
ate normal prior distributions are chosen for these parameters with zero mean and large
variance. More specifically, prior distributions were specified as follows:

Bo, B2, -+, Bre ~ N(O, 106)

More details on the choice of the noninformative prior distribution are given in
Natarajan and Kass [26].

2.2.2. Model Complexity and Fit

The performance of all models was compared by computing the Bayesian Deviance
Information Criterion (DIC) [22]. The DIC is specified by

DIC = D+ Pp

where D represents the posterior mean deviance and Pp is the effective number of param-
eters which represents model complexity. The DIC is analogous to Akaike Information
Criterion (AIC) [27] and, in the Bayesian framework, it is used to assess model fit penalized
for increased model complexity. Spiegelhalter et al. [22] suggest that the best fitting model
is defined by the minimum DIC estimates. This criterion has been adopted here for the
assessment of model prediction and fit.

2.2.3. Model Prediction

To check the predictive ability of the assumed models, models 1-3 were applied to derive.
The predicted probability under the different models is given by the following equations:

Model 1:
p = exp(Bo+ B1X1i + -+ - + BrXki) (4)
1+ exp(ﬁo +B1 X9+ + ﬁkai)
Model 2:
pi = ®(Bo+Pr1Xni+ -+ BrXki) ©)
Model 3:
pi = 1 —exp[—exp(Bo+ B1X1i + -+ BrXni)l- (®)

The predicted probabilities are computed by plugging in the estimated  parameters
from each MCMC simulation iteration to the observed values.
The performance of all models was compared by calculating the unadjusted R? statis-
tic [28], that is .
_ log L(Mpun)
10g L (Mlntercept)

where Mp,;; is the model that contains predictors, whilst Myercept is the model that

R* =

@)

contains the intercept only and L is the estimated likelihood. McFadden’s Formula (7)
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is similar to the unadjusted R? in the ordinary least-squares (OLS) approach in a sense
that the log likelihood of M Intercept and MFy; are used as total sum of squares and the
sum of squared errors, respectively. The ratio of the likelihoods explains the degree of
improvement of Mr,;; over Mpytercept- A likelihood lies within 0 and 1, so log-likelihood
is negative. Thus, a small ratio of log-likelihoods means that Mp,;; produces far better
fit than Mpytercepr- Upon comparing two models on the same data, as is the case here,
McFadden’s R? (7) would be bigger for the model with the higher likelihood.

Further, we calculated the adjusted R? that adjusts for the number of predictors in the
model. Specifically,

Adjusted R = 1 {(1-R?) » {n”_kil] } ®)
where n represents the sample size and k is the total number of covariates in the model.
As is the case with the unadjusted R?, McFadden'’s adjusted is similar to the adjusted R? in
the OLS approach by penalizing a model for including lots of covariates.

To test the performance of the three proposed models (outlined above), we compared
them based on the calculation of R?, adjusted R?, root mean square error criterion and the
Bayesian DIC. It is to be noted that Equations (4)—(6) are needed to compute such criterions
used. The WinBUGS code (available in the Supplementary Material (Code S1)) provides
more details on this.

2.2.4. Bivariate Logistic Regression

We now develop the bivariate logistic regression algorithm for modeling bivariate
binomial responses. Bivariate logistic regression has the potential of modeling the marginal
probability distribution of the bivariate binary outcomes in addition to modeling the odds
ratio that describes the pairwise correlation between the two binary outcomes with respect
to some explanatory variables.

Define Y = (Y3, YZ)T, where Y7 and Y, take only the values 0 and 1. As usual, we de-
note “failure” by 0 and “success” by 1. Now define p;s = P(Y; = r,Y, = s),r,s = 0,1,
the joint probabilities, and p; = P(Y; = 1), j = 1,2, the marginal probabilities. It is
to be noted that the observations within (different) pairs are correlated (independent).
Further information on bivariate binomial data is available elsewhere [29].

The bivariate logistic model described in References [29,30] and later in Reference [22]
is defined by modeling the marginal distribution of each of Y; as well as the odds ratio.
The latter is defined as ¢y = poop11/(Po1p10), and is used to provide the association
between the two outcomes. Thus, the model is given by,

Y; ~ Bernoulli(pj)
logitp; = B/X, j =12
log p(x) = pIX
where the X indicates respondents” values for the covariates and p’s are the unknown

regression coefficients in the bivariate logistic model to be estimated. The joint probability
p11 can be obtained in terms of p;, p; and ¢, as

P = { %(¢_1)*1{a¢ a2+b}’ p A1
pip2, p =1

wherea =1+ (p; + p2)( — 1) and b = —4¢(¢p — 1) p1 p2. The remaining three probabilities
prs can be straightforwardly obtained from the marginals and py;.
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The predicted probability for each observation under the bivariate logistic model is
given by

5o 1 .
i = 1+exp(/3]TX)’] =12

¥ = exp(BlX)

As in the univariate case, the predicted probabilities are computed by plugging in
the estimated B parameters from each MCMC simulation iteration to the observed values.
The relevant WinBUGS code is provided in the Supplementary Material (Code S2).

3. Results
3.1. Study Cohort

The entire KMGC study population consisted of 26,050 patients, 8450 of which had
missing observations for one or more of the socio-demographic characteristics, consanguin-
ity, reproductive values and for the DS and/or MR outcome data. Therefore, our complete
case analysis was conducted on a group of 17,600 patients (32.4% had missing observations).
On average, maternal age at child’s birth was 29.18, and children were 14.93 years old.
The study sample consisted of a slightly higher proportion of males versus females (55.6%
males and 44.4% females). Further, the majority of the patients were Kuwaitis (71.4%) and
came from family (77.8%), whilst only 12.7% reported were having complications during
pregnancy and 17% reported having pre-conceptional history. The baseline characteristics
of the entire population and the complete case cohort, along with full details of the KMGC
study methodology, are presented in Reference [20].

3.2. Model Estimation

The implementation of all models using Bayesian methods is shown through its appli-
cation to the KMGC data mentioned in Section 2. After the burn-in iterations, the Gibbs
sampler was scanned for 10,000 iterations to reach convergence. The convergence of
the Gibbs sampler was examined using the Gelman and Rubin [31] convergence statistic
for two parallel chains with different starting values. The ratio of the within-chain to
between-chain variance was then computed. A ratio of about 1 means that convergence
had been reached. For the purpose of parameter estimation, a further 25,000 iterations
were then followed.

3.3. Model Diagnostics

The results for each model are displayed in Table 1. For each parameter, the posterior
mean and associated 95% credible interval are presented. The first three columns show the
parameter estimates for the three models (95% credible interval in parentheses) for the DS
data. Results revealed that 8 out of the 10 coefficients had credible intervals excluding zero
in all three models. Based on the DIC, both the probit and cloglog regression models pro-
duced a comparable fit to the data with values of 7448.61 and 7451.21, respectively. As far
as the logistic regression model is concerned, the DIC was 7435.98. Overall, the logistic
regression model was found to produce the best fit to the data when compared to both
probit and cloglog regression models. The last three columns show the parameter estimates
for the three models for the MR data. As is the case with DS analysis, eight coefficients
had credible intervals excluding zero in all three models. Further, the logistic regression
model was found to provide the best fit (DIC = 23,120), when compared to both probit
(DIC = 23,180) and cloglog (DIC = 23,190) regression models.
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Table 1. Parameter estimates for the three models (95% credible interval in parentheses) for each of the Down syndrome (DS) and Mental retardation (MR) data.
DS MR
Covariate Logit Probit Cloglog Logit Probit Cloglog
Intercent —6.868 —0.5829 —1.105 —2.282 —0.5294 —0.5971
p (—7.533, —4.68) (—0.8539, —0.0541) (—1.518, —0.094) (—2.626, —1.859) (—0.584, —0.428) (—0.851, —0.296)
Ethnicit —0.140 —0.079 —0.108 0.031 0.018 0.019
y (—0.260, —0.021) (—0.143, —0.017) (—0.212, —0.004) (—0.045, 0.105) (—0.026, 0.064) (—0.035, 0.075)
Sex 0.025 0.015 0.017 —0.434 —0.267 —0.323
(—0.075,0.121) (—0.036, 0.068) (—0.068, 0.102) (—0.496, —0.374) (—0.305, —0.229) (—0.370, —0.277)
Nationalit —0.637 —0.346 —0.548 0.244 0.149 0.175
y (—0.736, —0.538) (—0.399, —0.292) (—0.634, —0.461) (0.175, 0.312) (0.107, 0.193) (0.123, 0.226)
Parental Couple —0.485 —0.257 —0.430 —0.302 —0.188 —0.220
Consanguinity (—0.589, —0.386) (—0.311, —0.204) (—0.520, —0.341) (—0.365, —0.241) (—0.227, —0.149) (—0.266, —0.174)
Maternal Age at Child’s 0.131 0.069 0.112 0.044 0.026 0.031
Birth (0.123, 0.138) (0.065, 0.072) (0.106, 0.117) (0.039, 0.049) (0.023, 0.029) (0.027, 0.034)
Pre-conceptional Histor —0.069 —0.033 —0.057 —0.681 —0.419 —0.520
p Y (—0.212, 0.070) (—0.108, 0.040) (—0.181, 0.065) (—0.774, —0.591) (—0.475, —0.364) (—0.593, —0.449)
Gestational Age 0.064 0.031 0.059 —4.423 —0.188 0.010
8 (0.041, 0.088) (0.022, 0.043) (0.045, 0.074) (—6.908, —3.817) (—0.227, —0.149) (0.002, 0.018)
Amniotic Fluid —0.273 —0.146 —0.246 0.071 0.044 0.046
(—0.384, —0.164) (—0.206, —0.085) (—0.345, —0.147) (—0.003, 0.145) (—0.0005, 0.087) (—0.009, 0.101)
Complications During —0.598 —0.316 —0.543 —0.247 —0.152 —0.189
Pregnancy (—0.770, —0.437) (—0.405, —0.228) (—0.694, —0.390) (—0.350, —0.149) (—0.213, —0.091) (—0.267, —0.113)
Ace 0.006 0.003 0.002 0.013 0.008 0.008
& (0.001, 0.011) (0.001, 0.006) (0.001, 0.007) (0.010, 0.016) (0.006, 0.010) (0.006, 0.010)
R? 0.1145 0.0778 0.0755 0.0626 0.0594 0.0576
Adjusted R? 0.114 0.0772 0.0749 0.0621 0.0589 0.0571
RMSE 0.3074 0.3137 0.3141 0.4676 0.4828 0.4833
Overall DIC
D 7400.77 7414.02 7416.71 23,100 23,150 23,170
Pp 17.603 17.293 17.246 9.123 11.21 7.344
DIC 7435.98 7448.61 7451.21 23,120 23,180 23,190
Note: DS: Down syndrome; MR: Mental retardation; RMSE: root mean square error; DIC: Deviance Information Criterion. Values reported as posterior means with their 95% credible intervals. Estimates shown

in bold are those that have credible intervals excluding zero.
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3.4. Model Prediction

To assess the predictive ability of the proposed models, R?, adjusted R? and RMSE
were computed for the three models and were also shown in Table 1. We see that for predict-
ing probabilities of observing the disease for the cohort of individuals with DS and/or MR,
the logistic regression model performed best under all criterions used, with R? (0.1145),
adjusted R? (0.114) and RMSE (0.3074) for DS, and with R? (0.0626), adjusted R? (0.0621)
and RMSE (0.4676) for MR.

3.5. Bivariate Case

It is more likely that both DS and MR diseases are associated with a number of
covariates at the respondent level. Therefore, a bivariate analysis is conducted with each of
the pre-defined covariates in order to explore the significant related factors as well as to
study the association between the two diseases. Table 2 describes the results of the bivariate
logistic regression analysis, reflecting the association between DS and MR. Results revealed
that 7 and 8 out of the 10 selected covariates were significantly associated with DS and
MR respectively, whilst none of the selected covariates was associated with the interaction
between DS and MR.

Table 2. Bayesian odds ratio estimates (95% credible interval in parentheses) for the bivariate logistic
regression model for both DS and MR diseases along with their association.

Bayesian Estimates

Odds Ratio (95% Credible Interval)

Covariate DS MR Association
0.0005 0.1040
Constant (0.0002, 0.0010) (0.0634, 0.1606) 0.9196
o 1.0960 1.7800
Amniotic Fluid (0.8037, 1.4780) (1.4580, 2.1660) 16641
Complications 0.5916 0.7668 0.9273
During Pregnancy (0.4985, 0.6948) (0.6938, 0.8452) '
. 0.8452 1.0350
Ethnicity (0.7508, 0.9496) (0.9585, 1.1150) 1.0019
. 1.0600 1.0100
Gestational Age (1.0390,1.0830) (0.9991, 1.0210) 10129
Maternal Age at 1.1400 1.0450 1.1482
Child’s Birth (1.1320, 1.1490) (1.0400, 1.0500) '
L 0.5261 1.2740
Nationality (0.4754, 0.5806) (1.1880, 1.3640) 0.7584
Parental Couple 0.6206 0.7430 1.0681
Consanguinity (0.5605, 0.6854) (0.6970, 0.7910) '
Pre-conceptional 0.9662 0.5044 0.9208
History (0.8379, 1.1070) (0.4597, 0.5518) ’
1.0290 0.6499
Sex (0.9328, 1.1320) (0.6102, 0.6912) 0-9605
1.0070 1.0120
Age (1.0020, 1.0120) (1.0090, 1.0160) 10747

Note: DS: Down syndrome; MR: Mental retardation. Values reported as odds ratios with their 95%
credible intervals. Estimates shown in bold are those that have credible intervals excluding one.

The odds ratios (OR) with the corresponding 95% posterior credible intervals for the
intercept and each of the covariates are presented in Table 2. Although Amniotic Fluid was
not significantly associated with DS, it had some significant impact on MR in the sense
that subjects who had Amniotic Fluid were 1.78 times more likely to have MR. As far as
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Complications During Pregnancy is concerned, we see that it had a significant impact
on both DS and MR. That is, subjects with Complications During Pregnancy were less
likely to get both DS and/or MR. This is also the case with Parental Couple Consanguinity.
Ethnicity was not significantly associated with MR but had some significant impact on DS
in the sense that subjects from family were less likely (OR = 0.8452) to have DS. Regarding
Maternal Age at Child’s Birth, results revealed that it also had a significant impact on both
DS and MR. That is, subjects with higher Maternal Age at Child’s Birth were more likely
to get both DS (OR = 1.1400) and /or MR (OR = 1.0450). The situation with Nationality is
challenging somehow. It can be seen that Nationality had a significant impact on both DS
and MR. However, Kuwaitis were less likely (OR = 0.5261) to get DS but 1.274 times more
likely to have MR. Further, gender was not significantly associated with DS, but it had
some significant impact on MR. More specifically, females were less likely (OR = 0.6499) to
have MR. To this end, it is apparent from Table 2 that age had a significant impact on both
DS and MR, where it is evident from the results that older subjects were more likely to get
both DS (OR = 1.0070) and/or MR (OR = 1.0120).

4. Discussion

In this paper, we have developed a series of Bayesian models for DS and MR of the
KMGC dataset. Models were used in two distinct ways; firstly, using logistic, probit and
complementary log-log regression models, and, secondly, using bivariate logistic regres-
sion to study the association between the two diseases in question. In the univariate
analysis, the logistic regression model was found to provide the best fit to both DS and
MR data under all criterions used when compared to both probit and cloglog regression
models. The logistic regression model performed best, with R?(0.1145), adjusted R?(0.114),
RMSE (0.3074) and DIC (7435.98) for the DS data, and R?(0.0626), adjusted R?(0.0621),
RMSE (0.4676) and DIC (23,120) for the MR data (see Table 1). In the bivariate case, it is
evident from the results that 7 and 8 out of the 10 selected covariates were significantly asso-
ciated with DS and MR respectively, whilst none of the selected covariates were associated
with the interaction between DS and MR (see Table 2).

All models presented here were executed using Bayesian Gibbs sampling MCMC
methods in WinBUGS. These methods have key advantages over the classical approach
given that they permit great flexibility in (1) handling complex non-standard models,
(2) allowing model fit and complexity to be assessed straightforwardly and (3) automat-
ically incorporating all parameter estimation uncertainty into the results. Additionally,
the DIC that is used for model selection is straightforward to calculate in a MCMC analysis.
Bayes factors would have been a great alternative criterion for model selection, though,
in order to assess the relative ability of the different models in predicting the data. However,
in comparison to the DIC, implementing Bayes factors needs the specification of informative
prior distributions, which we did not use here, and is the subject of further work.

Limitations of our study include the use of vague prior distributions for all the pre-
sented models. In a Bayesian approach, it is straightforward to incorporate substantive
external information and data via the prior distribution, for example, the use of conjugate
informative priors when highly strong interactions matter among covariates. An addi-
tional limitation is identifying the best prior for the parameters in the bivariate model.
In the analysis presented here, a large variance normal distribution is defined in order to
overcome this problem. Although this was intended to be noninformative, it would be of
great interest to perform sensitivity analysis by assigning a range of prior distributions.
A further limitation is that the available dataset contains most of the important covariates;
however, the effect of reproductive data (history of first and second trimester, gravida,
reproductive wastage, abortion, still births) and genetic aspects (karyotype, type of chro-
mosomal, aberration, number of affected siblings) on DS and/or MR cannot be overlooked.
Data pertaining to other disorders such as Recurrent Pregnancy Loss, Multiple Congenital
Anomalies, Slow Learning and Cerebral Palsy can also be analyzed using the developed
bivariate binary logistic regression model. All of the above are the subjects of further work.
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An additional concern is around individuals with missing covariate data. Note that
a complete case analysis was only considered here. The overall percentage of missing
values was 32.4%. We did not notice any significant differences in either socio-demographic
characteristics or the chances of getting DS and/or MR between the overall cohort and
the complete case dataset. Missing observations are usually ignored in many standard
regression software packages. However, within WinBUGS, missing observations are
treated as unknown quantities to be estimated by the model. This implies that missing data
from respondents, which is ignored in the current analysis, could certainly be included,
and hence more data would be available to fit and validate the model [32,33].

This paper has proposed a series of Bayesian models for modeling and predicting DS
and MR diseases of the KMGC dataset. The Bayesian analyses presented here have illus-
trated how such prediction models can be implemented relatively quickly and easily from
a Bayesian perspective using Gibbs sampling MCMC methods in WinBUGS. Such models
may provide significant information (such as estimation of future chance of getting DS
and/or MR as well as the association between the two diseases) for healthcare decision-
makers in the public organizations such as the Ministry of Health in Kuwait and private
sector firms on the planning of future services and budgets.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com /2227-739
0/9/3/248/s1, Code S1: WinBUGS code for Logistic Regression Model (Model 1), Code 52: WinBUGS
code for Bivariate Logistic Regression Model.
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