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Abstract

Background Bipolar disorder is a mental health problem that primarily affects mood. Symptoms of bipolar disorder
are extreme irritability or agitation, a period of feeling empty, loss of interest in usual activities, sleep problems Etc.
Symptomatic recovery is a dimensional measure that refers to improvement in the magnitude of symptoms. This
investigation aims to determine the association between the burden of symptoms and time to symptomatic recovery
of bipolar disorder that may increase more awareness about this disorder.

Methods A Bayesian joint modeling of longitudinal and survival data was proposed to examine the association
between the burden of symptoms and time to symptomatic recovery of bipolar disordered individuals at Jimma Uni-
versity Medical Center, Jimma, Ethiopia. The data in this investigation were retrospective longitudinal data and survival
data from all the admitted follow-up of bipolar disorder patients from September 2018 to January 2020.

Results From the total of 257 bipolar disorders, about 116(45.1%) of them experienced an event of recovery. The
time interval of follow up, age, the interaction between time interval of follow up and adolescent first onset of the dis-
ease, the interaction between time interval of follow up and event of relapse, the interaction between linear time
interval of follow up and existence of other cofactors, and the interaction of substance abuse and chewing khat have
significantly affected the log expected burden of bipolar symptoms. In survival sub-models, the covariates; divorced,
event of relapse, mixed type of episodes significantly affect the time to symptomatic recovery at 95% confidence
level. The association between burden of bipolar symptoms and time-to- symptomatic recovery is explained by c,=
-8.403 with a [- 11.157,- 6.576]. It associates longitudinal count, the burden of symptoms, and time-to-symptomatic
recovery of bipolar disorder using shared random effect parameters. There was a significant negative relationship
between the subject-specific random intercept (baseline) of the burden of symptoms and the time to symptomatic
recovery of bipolar disorder. Their 95% credible intervals exclude zero.

Conclusions This study using the Bayesian joint modeling of longitudinal and survival has revealed a strong nega-
tive relationship between the event of recovery and the burden of bipolar symptoms at the baseline time. The study
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exceptional service and treatment.

models, Cox regression model, Shared parameters

indicates that at the beginning, since the burden of bipolar symptoms is high, the chance of symptomatic recov-
ery is low. And, we hypothesize that individuals with a higher initial symptom burden or a slower rate of symptom
reduction (captured by b;) will experience a longer time to recovery. So, bipolar disorders at the initial follow-up need

Keywords Bipolar disorder, Bayesian joint modeling of longitudinal and survival time, Generalized linear mixed

Introduction

Background of the study

Bipolar disorder is a persistent, psychiatric severe illness
with an estimated prevalence of approximately 1%, while
its lifetime prevalence is about 3% worldwide [1, 2]. Bipo-
lar disorder, also known as manic-depressive disorder,
is a mental illness problem that primarily affects mood.
Symptoms of bipolar disorder are extreme irritability or
agitation, a period of feeling empty, loss of interest in
everyday activities, sleep problems etc. Bipolar disorder
affects over five million people in the United States [3].
Bipolar episodes are a drastic change in behavior and
mood and range from joyful and overexcited (manic epi-
sodes) to deplorable and hopeless (depressive). These dis-
orders have different episodes, such as manic episodes,
hypomanic episodes, depressive episodes, and mixed
episodes. Causes of bipolar disorders include childhood
trauma, stressful life events, Self-esteem problems, and
genetic inheritance [4]. In most developing countries,
particularly in sub-Saharan Africa, mental health care
resources are scarce Stanley [5], and the delay in seeking
treatment for bipolar disorder is extended [6]. In sub-
Saharan Africa, unipolar depression was the third lead-
ing cause of disease burden by 2020 and it is expected
to become the second leading cause of disease burden
worldwide [7].

The overall prevalence of mental illness in South
Africa was about 25% among adults [8]. Moreover, men-
tal health problems account for 12.45% of the burden of
diseases in Ethiopia, and 12% of the Ethiopian people are
suffering from some form of mental health problems, of
which 2% are severe cases [9]. Similarly, in 2005, the pro-
jected lost days of work to the Ethiopian society was esti-
mated to be 112.8 million, 140 assuming a 2.9 per cent
lifetime prevalence rate of bipolar disorder in the general
population and 93.52 cumulative lost days of work from
each patient annually [10].

Mental distress is relatively common in Jimma town.
The decentralization of mental health services and their
integration with primary health care and community
health agents in creating awareness among the com-
munity members is recommended [11]. Symptomatic
recovery is a dimensional measure that refers to improve-
ment in the magnitude of symptoms. Recovery should

not be defined merely by symptomatic remission or even
syndrome remission; instead, recovery should include
symptomatic recovery, syndrome recovery, functional
recovery, and a return to an acceptable quality of life for
the patient [12]. Longitudinal and survival data analysis
are among the fastest expanding areas of statistics and
biostatistics in the past three decades. The critical issues
for longitudinal data analysis are how to account for the
within-subject correlations and handle missing obser-
vations. On the other hand, survival analysis deals with
survival data or time-to-event data where the outcome
variable is time to event [13]. Joint modeling of longitu-
dinal and survival time is an affluent and active research
area examining the association between longitudinal
and survival processes. It also enhances longitudinal
modeling by allowing for the inclusion of non-ignorable
dropout mechanisms through survival tools and survival
modeling with internal time-dependent covariates [14].
Joint modeling of longitudinal and survival time were pri-
marily used to adjust for no ignorable missing data due
to informative or outcome related dropouts, which we
cannot appropriately handle using linear mixed and gen-
eralized linear mixed-effects models [15]. Joint modeling
improves efficiency and reduces bias when the two out-
comes of interest are correlated [15, 16], improving pre-
diction and application to outcome surrogacy [17].

Nevertheless, to the best of my knowledge, there is
virtually no advanced literature using the joint models
on bipolar disorder that leads to an unknown associa-
tion between burdens of bipolar and duration of recov-
ery, except the studies about the prevalence of bipolar
in Ethiopia based on cross-sectional data. Even though
some documents were there, they used multiple linear
and logistic regression or separate models survival and
longitudinal to identify determinant factors and assess
risk factors over time separately without raising the asso-
ciation between burden of bipolar symptoms and time to
symptomatic recovery using the survival and longitudinal
joint model [18-20].

Significance of the study

Studying the association between the burden of bipo-
lar symptoms and time to recovery is one way of over-
coming the mental health problem in the community
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by addressing the effects of the burden of bipolar symp-
toms on the duration of recovery and significant factors
of the burden of bipolar symptoms. This study may help
physicians and researchers as a benchmark when inves-
tigating related studies. It also gives a chance to examine
the progression and change trajectory of burden bipolar
symptoms and its recovery duration. Awareness of this
will allow all the concerned body to take appropriate
measures to reduce the burden of bipolar symptoms and
reduce the risk factor or covariates.

Objectives of the study

This study aims to determine the association between
the burden of symptoms and time to symptomatic recov-
ery of bipolar disorder using Bayesian joint modeling of
longitudinal and survival time that may increase more
awareness about this disorder.

Methods and materials

Description of the study area

This study is conducted in the Jimma University Medi-
cal Center, located in Jimma Zone, Oromia Regional
State, and southwest Ethiopia. Jimma zone is located at
a distance of 325 km from Addis Ababa, the center of the
Ethiopian country. The hospital currently employs almost
1,000 people and each year provides tertiary care services
for approximately 9,632 inpatients, 5,000 accident and
emergency cases, and 80,000 outpatients from a catch-
ment area population of 15 million. The psychiatry inpa-
tient unit has 24 beds, which are mainly used to manage
acutely ill patients (www.hindawi.com/journals/psych
iatry/2020/8739546/).

Data source and study design

In this study, data from retrospective cohort admitted
follow up of all bipolar disorder patients, who have fol-
lowed at least three visits from first, September 2018 to
first January 2020 in Jimma University Medical Center is
included. The longitudinal and survival data are extracted
from the patient’s card which contains epidemiological,
laboratory, and clinical information of all bipolar disorder
patients after identifying patients admitted and follow-
up. Data was carefully extracted from secondary sources
using well-trained data collectors in the Jimma University
Medical Center.

Inclusion criteria

All persons registered with complete information,
including study variables of interest in the chart, were
considered eligible for the study. The patients were to be
included in the study, and they must take treatment at
least one time from the hospital.
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Exclusion criteria

The patients with insufficient information regarding
study variables on the registration card were not eli-
gible. Thus, the patients lost from the study without
starting any treatment were omitted.

Variables of the study

Dependent variables

The response variables of this study are two;"Burden of
bipolar symptoms", which counts the number of bipo-
lar symptoms the patient shows a medical psychiatrist
repeatedly records at every follow-up time. At every
follow-up time, the psychiatrists ask the bipolar disor-
der also the caregivers about the patient’s symptoms
and record on the patient’s card (book). Moreover, it
is a counting variable. The other response is"Time to
symptomatic recovery of bipolar disorder”, which is the
length of time in a month to get recovery. It is recorded
on patients’cards when all symptoms are improved or
removed.

Independent variables

The variables used in this study are Age, sex, the event
of relapse, First onset, Bipolar type, educational sta-
tus, Other cofactors, Marital status, Types of episodes,
Family history of the disease, Substance abuse, Reli-
gion, Time interval of the follow up.

Methods of data analysis

Descriptive statistics

The study considers both descriptive and inferential
statistics. Descriptive data analysis was used to look
at data patterns. Whether the final model fit the data
yields fitted values that resemble the data and capture
the main features of the data. Exploratory analysis of
longitudinal data seeks to discover patterns of system-
atic variation across groups of patients and aspects of
random variation that distinguish individual patients
[21]. Kaplan Meier plot (s) and table of frequency was
used to summarize the information of bipolar used to
summarize disorders recorded from the patient’s chart
(card).

Generalized Linear Mixed Models (GLMMs)

To address the complexities of analyzing correlated
and non-normal data, we employ a Generalized Lin-
ear Mixed Model (GLMM). GLMMs extend the
framework of generalized linear models by incorpo-
rating random effects, allowing for the modeling of
data exhibiting within-subject correlation or cluster-
ing [22, 23]. They can model over dispersion and cor-
relation by incorporating the random effect [24]. The
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response variable, denoted as y(¢;), represents the out-
come for the tjth observation within the i individual,
with observations assumed independent conditional
on the random effects. The relationship between the
response and predictor variables is modeled through
a linear predictor, n;(%) =X,-(t/)Tﬂ +Z,'(tj)Tb,' where
X;(tj) represents fixed-effects covariates, B represents
the associated fixed-effects coefficients, Z;(;) are the
random-effects covariates, and b; represents the ran-
dom effects for the i'" individual. These random effects
are typically assumed to follow a multivariate normal
distribution with mean zero and covariance matrix D,
i.e,bj ~ MVN(0,D). A link function,g(u:(4)) = ni(t),
connects the linear predictor to the conditional mean
of the response,u;(tj) = E(y;(¢})/b;) The conditional
distribution of y;(t;)/b; is assumed to belong to the
exponential family, accommodating various data types,
including normal, binomial, Poisson, gamma, and nega-
tive binomial.

Longitudinal poisson mixed model A longitudinal Pois-
son mixed model is a type of generalized linear mixed-
effects model (GLMM) specifically designed for analyz-
ing count data collected repeatedly over time on the same
subjects [22, 23]. It extends the standard Poisson regres-
sion model by incorporating random effects to account
for within- subject correlation in the repeated measure-
ments. Let y;(£;) denote the count outcome for subject i
at time t, where i=1,2,....n and j= 1,2,.... n;, We assume
that y;() follows a Poisson distribution, conditional on
a subject specific random effect b,. The probability mass
function (PMF) of the Poisson distribution is given by:

e—zi(tj)ii(tj)yi(t/)

pY =yit) /%)) = 7o)

(1)
where 4;; is the conditional mean parameter, representing
the expected count for subject i at time.

t. In GLMMs, a link function is used to relate this
mean to a linear combination of predictors [9, 10]. A
common goal is to model the logarithm of the mean
as a linear function of fixed and random effects. To
achieve this, we take the logarithm of the conditional
mean:

log(Zi(t)) = ni(¢) (2)

where 7 is the linear predictor, which is a linear combi-
nation of fixed and random effects;

nj = Xi&) B+ Zit)" b 3)

Therefore, the log link function is defined as:
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log(i () = Xi(t) T B + Zit) " by (4)

This equation directly models the logarithm of the
conditional mean 4; as a linear combination of fixed
effects X,-(tj)T,B and random effects Z,'(tj)Tb,-. Taking
the exponential of both sides gives the mean parameter:

2i(t) = exp(Xi(t) T B + Zi(t) T by) (5)

where; X (t,») is the design vector for the fixed effects at
time tj for subject I, B is the vector of fixed-effects regres-
sion coefficients, Z,'(tj) is the design vector for the ran-
dom effects at time tj for subject i, bi is the vector of
random effects for subject i. It is assumed to follow a
multivariate normal distribution with mean 0 and vari-
ance—covariance matrix D:

b; ~ MVN(0,D) (6)

The random effects b; account for the within-subject
correlation, meaning that observations from the same
subject are more similar than observations from differ-
ent subjects. The variance—covariance matrix D, speci-
fies the structure of this correlation.

Likelihood and estimation of longitudinal poisson mixed
model Parameter estimation in the longitudinal Poisson
mixed model relies on maximizing the likelihood func-
tion. This involves integrating out the random effects,
leading to a likelihood function of the form:

L(y/ﬁ,D)=_/H 11 76!

i=1 |j=1

} *f(bi; 0,D)db;  (7)

where; y is the matrix of all observed outcomes (y = ;(t))
and f(bi; 0;D) is the probability density function of the
multivariate normal distribution with mean 0 and vari-
ance—covariance matrix D. The integral in the likeli-
hood function is often intractable and requires numeri-
cal approximation methods for parameter estimation.
such as: Penalized Quasi-Likelihood (PQL) which is
an approximate method that linearizes the model [24],
Gaussian Quadrature (AGQ which is a more accurate
numerical integration technique [25] and Markov Chain
Monte Carlo (MCMC) which is a Bayesian method that
uses simulation to approximate the posterior distribution
of the parameters [26]. In this study Penalized quasi-like-
lihood approximation was used to estimate the GLMM.
The glmmPQL() function works by repeated calls to Ime
in the R package uses the Laplace approximation to do
GLMM regression as the default method that the pack-
age nlme had loaded at first.
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Survival data analysis

Survival analysis or time-to-event data analysis refers
to statistical methods for time-to-event data. Censoring
occurs when we have some information about individ-
ual survival time, but we do not know the survival time
exactly; there are many types of censoring, including
right-censoring, left-censoring, interval censoring, and
double censoring [27].

Semi-parametric (Cox Regression) model The Cox pro-
portional hazards model, introduced by Cox [28], is a
semi-parametric approach to survival analysis. It makes
no assumptions regarding the functional form of the
baseline survival function, Sy(¢) the non-parametric com-
ponent, but assumes a parametric relationship between
the covariates and the hazard function. This feature gives
rise to the term"semi-parametric."The survival function
for an individual with covariate vector X is modeled as:

S(e1X) = So(t)exp (X7 B) ®)

where: S(¢|X) is the survival probability at time t for
an individual with covariate vector X. Sy(t) is the base-
line survival function. X is the vector of covariates. B is
the vector of regression coeflicients representing the log
hazard ratios. Despite the unspecified form of Si(t), the
model enables the estimation of regression coefficients,
hazard ratios, and adjusted survival curves. Cox demon-
strated that the estimation of [ can be based on the par-
tial log-likelihood function [28];

n
plB) =>4 [XiTﬂ - log{ZT,>T eXP(XjTﬂ) H
i=1 i
)
where: pl(B) is the partial log-likelihood function; n is the
number of individuals in the dataset; §; is an indicator
variable equal to 1 if individual i experienced the event
and 0 if censored; X is the vector of covariates for indi-
vidual i; T, is the observed time (either event time or cen-
soring time) for individual i. The summation inside the
logarithm is over all individuals j who are at risk at time
T, (i.e., those who have not yet experienced the event or
been censored).

The longitudinal and survival joint modeling

The joint analysis is an elegant approach to model the
association between time-dependent covariates and the
event of interest when the covariate trajectory is not
entirely observed and subject to measurement error and
biological variation [29]. When primary interest is in
the association between such endogenous time-depend-
ent covariates and survival, an alternative modeling
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framework has been introduced in the literature, known
as the joint modeling framework for longitudinal and
time-to-event data [30]. To fit the Bayesian joint longi-
tudinal and survival model using the JMbayes R package,
first separately a generalized linear mixed model for the
longitudinal data and a Cox-PH model for the survival
data has been fitted.

Longitudinal sub-model: poisson mixed effects model We
consider a longitudinal sub-model for count data, specifi-
cally a Poisson mixed-effects model. Let yi(t) denote the
observed count for subject i at time t. We assume that
conditional on the random effects bi, yi(t) follows a Pois-
son distribution.

¥i(t)|b; ~ Poison(/;(t)) (10)

The conditional mean /; is modeled using a log link
function:
log(4(®) = n;(t) = Xi&)" B + Zi(t) " b; (11)
where Xi(t) and Zi(t) are the design vectors for the fixed
effects p and random effects bi, respectively. The ran-
dom effects are assumed to follow a multivariate normal
distribution:

b; ~ MVN(0,D) (12)

where D is the variance covariance matrix. This model
captures the within subject correlation of the longitu-
dinal counts and allows for individual deviations from
the population average trajectory. The Poisson distribu-
tion assumes that the counts are independent and iden-
tically distributed, conditional on the random effects.
Over dispersion (variance greater than the mean) can be
addressed using a negative binomial distribution instead
of the Poisson [31].

Survival sub-model: cox proportional hazards model The
survival sub-model is a Cox proportional hazards model
[25], which relates the hazard rate to the longitudinal
marker. Let T, be the event time for subject i, and 6i be the
event indicator (1 for event, O for censored. The hazard
function is given by:

hite/mi, X = hoWesp(XiTy +am®)  (13)
where /(¢) is the baseline hazard function, X; is a vector
of baseline covariates, y is the corresponding vector of
regression coefficients, a quantifies the effect of the lon-
gitudinal outcome m;(t) on the hazard or it is the associa-
tion parameter that quantifies the relationship between
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the longitudinal process and the hazard and my(t) is the
true unobserved longitudinal value at time t. where;
m;(t) = m;i(s), 0 <S <t. Since my(t) is unobserved, we
replace it with the predicted value from the longitudinal
sub-model,

Elyi®)1bi) = 2(t) = exp(Xit) T B+ Zit) T by) (14)

Elyi@)1b;) = 4(t) = expX; ()T B+ Zi(t) " by) (15)

In particular, we obtain that using the known rela-
tion between the survival and cumulative hazard
functions:-

Si(t/Mi(8), Xi) = Pr(T;* > t/M;(t), X;)

t
= exp[/ ho(s)exp(y TX; + am;(s)ds] (16)
0

L0 = [ [0:©1b1 81+ [/ X536/ Mi0),X0| 5 p(bis D)
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is referred to as shared parameter models, although bi
is a covariate, not a parameter, in the model for time
T, A more general extension of shared parameter a
latent zero-mean bivariate Gaussian process U=
(UsipUaiy) [33] is used to characterize the associa-
tion between Y and T. In particular, the model is given
by; g(E(u,) =XB,"+ Uji(ty) and A\(t|U,) =he(t)exp
(X; Bo+ Uylty)) Various functional forms have been
proposed for the latent processes Uy, and Uy,). For
example, Uy can be by; or by; + b;; and etc. where by,
and by; are random intercept and slope, respectively,
and Uy) can be YU, Yobg; + Y1by; + Y2Uyy).

Bayesian estimation of longitudinal and survival joint model
The joint model likelihood is formed by assuming con-
ditional independence between the longitudinal and
survival processes, given the shared random effects.
The likelihood for subject i is.

the product of the likelihoods for the longitudinal and
survival components:

(17)

This implies that the corresponding survival func-
tion depends on the whole covariate history mj(t).
However, within the joint modeling framework, it
turns out that following such a route may lead to an
underestimation of the standard errors of the parame-
ter estimate [30]. To avoid such problems, we explicitly
defined hy(.). For instance, step-functions and linear
splines used a B splines approximation to obtain a
non-parametric estimate of the risk function [30], used

n

Le) =1 [ [ [wosrien 1 = (e X% 55:¢/:0, 0] +pieis )| db,}

i=1

where: 0 is the vector of all model parameters (8, D, vy,
a, parameters in hg(t)). p(yi(t)|bi, ;3) is the probability
mass function of the Poisson distribution for the longi-
tudinal counts. S;(t/M;(t),X;) is the survival function,
h;(t/m;, X;) is the hazard function evaluated at the event
time and p(b;; D) is the probability density function
of the multivariate normal distribution for the random
effects.

The overall likelihood is the product of the individual
likelihoods:

(18)

restricted cubic splines. Two simple options that often
work pretty satisfactorily in practice are the piecewise-
constant and regression splines approach.

Shared parameters in the longitudinal and survival bayesian
joint model

The joint model connects the longitudinal and survival
processes through the random effects b; [32]. These
shared random effects induce correlation between
the longitudinal measurements and the time to event.
When bi is used to link together y; and T;, the approach

This product represents the likelihood of the entire
dataset, assuming independence between subjects.

Compared to likelihood approaches, Bayesian meth-
ods in principle are relatively straightforward to
implement that the expectation is computed numeri-
cally through Monte Carlo simulations by repeatedly
drawing random (0,b;) samples from its posterior via
Gibbs or Metropolis Hastings samplers. In the Bayes-
ian framework, we don’t just maximize the likelihood;
we combine it with our prior beliefs about the param-
eters. This prior information, represented by the prior
distribution 1(0), influences our final estimates. The
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posterior distribution 7 (6, b|D,,), reflects our updated
beliefs about the parameters after observing the data
and is proportional to the product of the likelihood and
the prior distributions:

(6, b|Dy) o< L(6) * p(b/6) * 7(6) (19)

where; L(6) is the overall likelihood, representing the
data’s contribution to our knowledge p(b/6) Specifies
the distribution of the random effects, usually a multi-
variate normal with mean zero and covariance matrix D.
This models the heterogeneity between subjects. 7 (6);
represents the prior.

distribution over all the model parameters 0 [34, 35].
This allows us to incorporate existing knowledge or
reasonable constraints on the parameter values. Where
D, = {yi, ti, T;, Si,Xi}?:l represents the entire observed
data for n subjects and encompasses all information
about (longitudinal data, survival data, and covariates).
The choice of prior distributions is crucial in Bayesian
analysis. Priors should be chosen to reflect reasonable
ranges for the parameters and can be either informa-
tive (based on previous studies or expert opinion)
or weakly informative (to regularize the estimation
without strongly influencing the results). And in this
study all the standard prior distribution for all param-
eters [35] from the JMbayes package is considered. We
assign appropriate prior distributions to all parameters.
For example:$ NN([L&E[;); A Normal prior for fixed
effects in the longitudinal submodel. The mean pug, rep-
resents our prior expectation for the effects, and the
covariance matrix,Xg, reflects the uncertainty in that
expectation. « ~ N(fta» 02); A Normal prior for the
association parameter. If we believe the longitudinal
process increases the hazard, we might choose a posi-
tive /1oy ~ N (i, 2y ); A Normal prior for fixed effects
in the survival sub-model andD~! ~ Wishart(v,V);
A Wishart prior for the inverse of the random effects
covariance matrix. Before begin estimation the miss-
ing data is imputed using Multivariate Imputation by
Chained Equations or mice() function [36]. Because
the posterior distribution is typically intractable, we
use Markov chain Monte Carlo (MCMC) methods,
such as Gibbs sampling or Metropolis—Hastings algo-
rithms to draw samples from it. These samples allow
us to approximate the posterior distribution and cal-
culate quantities of interest, such as; Posterior means:
Estimates of the model parameters, Posterior standard
deviations; Measures of uncertainty in the parameter
estimates, Credible intervals: Ranges of values that are
likely to contain the true parameter value with a certain
probability.
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Model selection

Model selection is a crucial step in statistical modeling,
and two of the most commonly used criteria for this pur-
pose are Akaike’s Information Criterion (AIC) and Bayes-
ian Information Criterion (BIC). These criteria provide
a trade-off between model fit and complexity. They are
defined as follows:

AIC = =21 (5) + npara

~ (20)
BIC = —21(0) + nparalog (n)

where npara represents the number of parameters in the
model, and n is the sample size. The preferred model is
the one with the lowest value of the corresponding crite-
rion, as it indicates a better balance between goodness-
of-fit and complexity.

To compare different longitudinal models and joint
models, we also analyzed the Bayesian deviance term,
which is generally expressed as:

D(O,b) = =2 log{P(D,/b;,0)}
i=1

(21)

Furthermore, we assessed model fit using the Deviance
Information Criterion (DIC). This criterion evaluates
model adequacy while penalizing excessive complexity,
ensuring a trade-off between goodness-of-fit and over fit-
ting risk. The DIC is defined as:

DIC(6, b)) = D(@, E,«) +2Pp&

_ (22)
Pp = EID®,b)] - D(7,5;)

where: E[D(6, b;)] is the posterior mean deviance (aver-
age deviance over the posterior distribution). D (5, Ei); is

the deviance evaluated at the posterior mean of the
parameters. Pp represents the effective number of
parameters, acting as a penalty term to adjust for model
complexity. A lower DIC value indicates a model with
better fit and lower complexity, making it preferable for
selection. A higher Pp indicates a more complex model,
potentially leading to over fitting, while a lower Pp sug-
gests a simpler model with fewer effective parameters
[37].

Result and discussion

The data for this study consists of 257 patients who are
bipolar disordered individuals under psychiatric follow-
up from first September 2018 to first January 2020 in
JUMC. Since this dataset is longitudinal, even though
the sample size is 257, there are missing observations.
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To ensure the accuracy of the descriptive analysis, I
removed missing observations. By removing them, the
dataset becomes more complete, making comparisons
between recovered and non-recovered patients more
meaningful. Among the total bipolar disordered individ-
uals during the period, 116(45.1%) of them faced symp-
tomatic recovery, whereas 141(54.9%) were censored. As
observed from Table 1 below, 100(38.9%) are females,
and 63(24.5%) of them have not recovered, whereas
37(14.4%) of them show symptomatic recovery, and
157(61.1%) are males, and 77(30.4%) of them have not
recovered, whereas 79(30.7%) of them showed sympto-
matic recovery.

The majority of bipolar disorder patients 128(49.7%)
are found in the 26-49 age category, and 67(26%) of
them have not recovered, whereas 61(23.7%) of them
show symptomatic recovery. Many of the bipolar disor-
der patients 145(56.6%) are single in marital status, and
90(35.2%) of them were not recovered, whereas 55(21.5%)
of them show symptomatic recovery compared to other
marital categories. Based on the relapse status of bipo-
lar disorder patients, those who have not faced an event
of relapse before the study are 66(25.7%) and are more
likely to face an event of recovery relative to those who
had faced an event of relapse before the study 50(19.5%).
Many bipolar disorder patients have faced their first
bipolar disorder episode at their adolescence age
119(46.5%) relative to other age categories, and 62(24.2%)
of them have not recovered, whereas 57(22.3%) of them
have recovered. Many bipolar disorder patients with the
manic type of episodes are 153(60.5%), and 80(31.6%)
of them have not recovered, whereas 73(28.9%) of them
have recovered relative to other types of episodes. Con-
sidering family history of mental illness, 163(65.2%) of
patients do not have a family history of mental illness, of
which 82(32.8%) have not recovered, whereas 81(32.4%)
have recovered. Meanwhile, 87(34.8%) have a family his-
tory of mental illness, with 52(20.8%) not recovered and
35(14%) recovered. With respect to substance abuse,
160(63%) of the patients do not use substances, with
83(32.7%) not recovered and 77(30.3%) recovered. On the
other hand, 94(37%) are substance users, with 59(23.2%)
not recovered and 35(13.8%) recovered. With regard to
religion, 148(57.5%) of the bipolar disorder patients are
Muslim, of which 99(38.5%) have not recovered, whereas
49(19%) have recovered. Orthodox Christians account
for 64(25.5%), with 22(8.5%) not recovered and 44(17%)
recovered. Protestant Christians are 35(13.6%), with
17(6.6%) not recovered and 18(7%) recovered, while
9(3.4%) belong to other religions, with 2(0.7%) not recov-
ered and 7(2.7%) recovered.

In terms of khat chewing, 140(55.6%) of patients do
not chew khat, and 73(29%) of them have not recovered,
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whereas 67(26.6%) of them have recovered. However,
112(44.4%) of the patients chew khat, with 68(27%) not
recovered and 44(17.4%) recovered. Regarding edu-
cational status, 125(55.8%) of patients are tenth grade
and below, with 75(33.5%) not recovered and 50(22.3%)
recovered. Those with education above tenth and
diploma are 64(28.6%), of which 30(13.4%) have not
recovered and 34(15.2%) have recovered, while those
with degree and above are 35(15.6%), with 21(9.4%)
not recovered and 14(6.2%) recovered. In terms of
bipolar type, 204(79.4%) of patients are type I patients,
and 108(42%) of them have not recovered, whereas
96(37.4%) of them have recovered. However, 53(20.6%)
of the patients are faced Type II, with 33(12.8%) not
recovered and 20(7.8%) recovered. Among the total
bipolar disorder patients, the high number of patients,
223(86.8%), are Oromo by ethnicity, and 127(49.4%)
of them have not recovered, whereas 96(37.4%) of
them have recovered. 18(7%) of them are Amhara, of
which 7(2.7%) have not recovered, whereas 11(4.3%)
have recovered. The other ethnicities are 16(6.2%), of
which 6(2.3%) of them have not recovered, whereas
10(3.9%) of them have recovered. Regarding employ-
ment status, 190(77.7%) of the bipolar disorder patients
are unemployed, of which 117(47.7%) have not recov-
ered, whereas 73(30%) have recovered. Employed
patients are 55(22.3%), with 23(9.3%) not recovered
and 32(13%) recovered. Finally, concerning other cofac-
tors, 131(51%) of patients have no other cofactors,
with 55(21.4%) not recovered and 76(29.6%) recovered.
On the other hand, 126(49%) have other cofactors, of
which 86(33.5%) have not recovered, whereas 40(15.5%)
have recovered.

Exploratory data analysis

Exploratory analysis of longitudinal data aims to discover
patterns of systematic variation across groups of patients
and characteristics of random variation that charac-
terize separate patients. Figure 1 on the left-hand side
below indicates the individual profile plot of 16 randomly
selected individuals with the burden of bipolar symp-
toms. It indicates within and between subjects variabil-
ity on the burden of bipolar symptoms over time. Close
inspection of the shapes of the burden of bipolar symp-
tom profiles indicates that for some individuals, these
seem to be nonlinear. Therefore, during fitting later in
JMbayes, regression splines are required to estimate the
baseline relative risks. On the right-hand side, the over-
all individual curves with the loess smoothing technique
suggest the linear growth effect in the mean structure
of burden of bipolar symptoms over time. Therefore,
the linear time effects should include fixed and random
effects in the model and indicate that the mean burden of
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Table 1 Frequencies and percentages of recovery status among bipolar disorder patients
Recovery status
Variable Category Censored Events Total
Sex Female 63(24.5%) 37(14.4%) 100(38.9%)
Male 77(30.4%) 79(30.7%) 157(61.1%)
Total 140(54.9%) 116(45.1%) 257(100%)
Age 1-19 12(4.7%) 2(0.8%) 14(5.5%)
20-25 61(23.7%) 50(19.5%) 11(43.2%)
26-49 67(26%) 61(23.7%) 128(49.7%)
50 and above 1(0.4%) 3(1.2%) 4(1.6%)
Total 141(54.8%) 116(45.2%) 257(100%)
Marital status Single 90(35.2%) 55(21.5%) 145(56.6%)
Married 31(12.1%) 44(17.2%) 75(29.3%)
Divorced 17(6.6%) 15(5.9%) 32(12.5%)
Widowed 3(1.2%) 1(0.4%) 4(1.6%)
Total 141(55.1%) 115(45%) 256(100%)
Event of relapse No 69(26.8%) 66(25.7%) 135(52.5%)
Yes 72(28%) 50(19.5%) 122(47.5%)
Total 141(54.8%) 115(45.2%) 257(100%)
First onset age Childhood 41(16%) 21(8.2%) 62(24.2%)
Adolescent age 62(24.2%) 57(22.3%) 119(46.5%)
Adult age and above 38(14.8%) 37(14.5%) 75(29.3%)
Total 141(55%) 115(45%) 256(100%)
Types of episodes Manic episodes 80(31.6%) 73(28.9%) 153(60.5%)
Mixed episodes 41(16.2%) 20(7.9%) 61(24.4%)
Depressed episodes 19(7.5%) 20(7.9%) 39(15.4%)
Total 140(55.3%) 113(44.7%) 253(100%)
Family history of Mental iliness No 82(32.8%) 81(32.4%) 163(65.2%)
Yes 52(20.8%) 35(14%) 87(34.8%)
Total 134(53.6%) 116(46.4%) 250(100%)
Substance abuse No 83(32.7%) 77(30.3%) 60(63%)
Yes 59(23.2%) 35(13.8%) 94(37%)
Total 142(55.9%) 112(44.1%) 254(101.4%)
Religion Muslim 99(38.5%) 49(19%) 148(57.5%)
Orthodox 22(8.5%) 44(17%) 64(25.5%)
Protestant 17(6.6%) 18(7%) 35(13.6%)
Other’s 2(0.7%) 7(2.7%) 9(3.4%)
Total 140(54.3%) 118(45.7%) 256(100%)
Chewing khat No 73(29%) 67(26.6%) 140(55.6%)
Yes 68(27%) 44(17 4%) 112(44.4%)
Total 141(56%) 111(44%) 252(98%)
Educational status Tenth and below 75(33.5%) 50(22.3%) 125(55.8%)
Above tenth and diploma 30(13.4%) 4(15.2%) 64(28.6%)
Degree and above 21(9.4%) 14(6.2%) 35(15.6%)
Total 126(56.3%) 98(43.7%) 224(100%)
Bipolar type Type-| 108(42%) 96(37.4%) 204(79.4%)
Type-ll 33(12.8%) 20(7.8%) 53(20.6%)
Total 141(54.8%) 116(45.2%) 257(100%)
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Table 1 (continued)
Recovery status

Variable Category Censored Events Total

Ethnicity Oromo 127(49.4%) 96(37.4%) 223(86.8%)
Amhara 7(2.7%) 11(4.3%) 18(7%)
Others 6(2.3%) 10(3.9%) 16(6.2%)
Total 140(54.4%) 117(45.6%) 257(100%)

Employment No 117(47.7%) 73(30%) 190(77.7%)
Yes 23(9.3%) 32(13%) 55(22.3%)
Total 140(57%) 105(43%) 245(95.2%)

Other cofactors No 55(21.4%) 76(29.6%) 31(51%)
Yes 86(33.5%) 40(15.5%) 126(49%)
Total 141(54.9%) 116(45.2%) 257(100%)

bipolar symptoms decreases over time. We are exploring
the Mean Structure to understand the possible relation-
ships among the burden of bipolar symptoms, a plot of a
line connecting the average values computed at each time
point like the Fig. 2 below. Then mean structure plot sug-
gests that the mean burden of bipolar symptoms profiles
has a nonlinear growth over time.

The generalized linear mixed model is built within
two stages; the first stage involves fitting generalized
linear regression models, which only considers the
subjects’variability and an appropriate fixed effect for
the outcome variable based on the AIC values of the fit-
ted candidate GLM. The fitted model explains the bur-
den of bipolar symptoms by accounting only for the
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variability of the bipolar disordered patients. The dis-
persion parameter for poison distribution is taken to be
one, and the residual deviance is equal to the degrees of
freedom so that no over-dispersion indicates there is no
over-dispersion. The variance of the poison distribution
is taken to be equal to its mean. Then, the poison distri-
bution is appropriate for this study to fit both GLM and
GLMM. As reported in Table 2 below, seven generalized
linear mixed models are fitted with different time ran-
dom effects from random intercept to random intercept;
linear and quadratic time slopes use Laplace approxi-
mation. Among the seven fitted GLMM, random linear
slope time effect is selected as best time random effect
with small 8494.9 AIC and 8663.5 BIC values and based

oN

Burden of bipolar symptoms

oN

Time (months)

Fig. 1 Individual profile plot of 16 random sampled individuals and overall individual profile plot with loess curve over time
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Fig. 2 Mean of burden of bipolar symptoms over time

significance value of chi-square test. The final appropri-
ate GLMM for the separate longitudinal model is fitted
using both Laplace and then Penalized quasi-likelihood
approximation as reported in Table 3. The independ-
ence and normality assumption diagnosis of the random
effects was checked using residual versus fitted value, and
quantile quantile plots shown in Figs. 3 and 4 and the
plots show no problems of the normality assumptions.

Separate survival data analysis

Kaplan-Meier survival function estimates

The Kaplan Meier estimate is the most common-para-
metric technique for modeling the survival function. It
was applied to estimate the survival curves for categorical
covariates and the estimated survival probability curve
of some selected categorical covariates. The Kaplan-
Meir estimated median value that the half of the bipo-
lar disorders experiencing the event was nine months.
From the Fig. 5, we can see that those single individu-
als have the highest probability curve of time to recov-
ery. The divorced individual has the lowest probability

Table 2 AIC and BIC values for fitted generalized linear mixed
models with different random effects

Random affects AIC BIC Pr(> Chisq)
Random intercept only 86153 87727 -

Random linear slope 84949 8663.5 0.000
Random intercept and linear slope 85986 87503 1.000
Random intercept and quadratic slope 84949 86635 1.000
Random linear and quadratic slope 84949 8663.5 1.000
Random intercept, linear and quadratic =~ 84949 8663.5 1.000

slope

curve of time to recovery relative to the marital status
of other groups. Substance abuse patients have a higher
time to recovery relative to those who do not use sub-
stance abuse. The patients who have faced the event of
relapse have a higher time to recovery relative to those
who do not face the event of relapse. The patients with
mixed types of bipolar episodes have a higher time to
recovery relative to those with manic and depressive
episodes. However, patients with manic episodes have a
higher time to recovery relative to those with depressive
episodes.

From Fig. 5, we can see that those single individu-
als have the highest probability curve of time to recov-
ery. The divorced individual has the lowest probability
curve of time to recovery relative to the marital status of
other groups. The patients who face an event of relapse
have a high probability curve of time to recovery rela-
tive to those who do not face an event of relapse. Sub-
stance abuse patients have a higher time to recover than
those who do not use substance abuse. The patients who
had faced an event of relapse before had a higher time to
recovery relative to those who had not faced any event
relapse.

Result of cox-proportional hazard model

From Table 4, we are using AIC for variable and model
selection in our study. Then the variables marital status,
religion, age, the event of relapse, bipolar type, types
of episodes, and substance abuse significantly affect
the time to symptomatic recovery of bipolar disorder.
The results of a Log-Rank test, which is a statistical test
used to evaluates whether the survival curves (time-to-
symptomatic recovery) differ significantly across levels of
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Table 3 Penalized quasi-likelihood estimations of longitudinal count data burden of bipolar symptoms using Generalized Linear

Mixed Models (GLMM)

Variables(Fixed Effects) Categories Coeff(B) 95% Cls Pr(> Chisq)
Intercept 2313 [2.172,2.454)° 0.000
Time interval of follow up —0.245 [-0272,—0218]° 0.000
Religion Muslims (ref)

Orthodox 0.044 [-0.031,0.119] 0339

Protestants 0.256 [0.161,0.350)° 0.000

Others 0.243 [0.099, 0.387]° 0.000
Age < 19(ref)

20-25 -0.103 [-0.236,0.028] 0.082

26 —49 —-0.124 [-0.273,0.023] 0.062

50 and above —0.586 [~ 0.823, - 0.350]° 0.000
Other-Cofactors No (ref)

Yes —0.008 [-0.075,0.059] 0.774
Substance Abuse No(reference)

Yes 0.045 [-0.046, 0.059] 0.055
First Onset Childhood(ref)

Adolescence 0.003 [-0.081,0.087] 0.868

Adult age and above 0.083 [-0.021,0.187] 0.087
Event of Relapse No(ref)

Yes 0.151 [0.075,0.228)° 0.000
Family History of Mental No(ref)

Yes 0.015 [-0.075,0.106] 0.878
Chewing Chat No(ref)

Yes —0.045 [-0.121,0.031] 0314
Time interval of follow up *Adolescent age 0.026 [0.0002, 0.053] 0.051
Time interval of follow up *Adult Age —-0.029 [~ 0.058,0.003] 0.047
Time interval of follow up *Event of Relapse 0.049 [0.026,0.071]° 0.000
Event of Relapse*Family History of diseases —0.046 [=0.159, 0.066] 0435
Time interval of follow up *Other cofactors 0.049 [0.025,0.073]° 0.000
Substance abuse*Chewing chat 0.150 [0.025,0.276]% 0.009
Random effects
ob, 0.148 [0.121,0.182] 0.079
ob, 0.068 [0.058,0.081] 0.990

Cls Confidence Interval

? Indicates the significance and interaction effects

categorical variables. A statistically significant result (p <
0.05) indicates that the time-to-symptomatic recovery
varies across the groups defined by the categorical vari-
able. For variables with a p-value less than 0.05 (Religion,
Age, Event of relapse, Type of episodes and Substance
abuse), there is a statistically significant difference in the
time-to-symptomatic recovery curves between the differ-
ent categories of that variable. This means that patients
in different categories of these variables have different
recovery trajectories. For Bipolar type variables with a (p
>0.05) there is no statistically significant difference in the
time-to-symptomatic recovery curves between the differ-
ent categories of that variable. This means that patients in

different categories of these variables have similar recov-
ery trajectories. Overall, these findings could guide clini-
cians in tailoring interventions by focusing on modifiable
factors like event of relapse management or addressing
substance abuse.

From Fig. 6, the lines appear to be somewhat paral-
lel, especially in the earlier time points. However, there
seems to be a slight divergence in the later time points.
This suggests that the proportional hazards assumption
might be violated to some extent.

From Table 5 a statistically significant p-value (p<
0.05) indicates a violation of the proportional hazards
(PH) assumption, suggesting that the covariate’s effect on
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survival is time-dependent. The global test (x2 =52.80,
df =14, p= 0.00) is significant, indicating that the model
overall does not satisfy the PH assumption. This sug-
gests that multiple covariates have time-varying effects
on the hazard, necessitating adjustments such as incor-
porating time-dependent covariates or alternative mod-
eling strategies to ensure accurate predictions. Bayesian
joint models address violations of the Cox proportional
hazards (PH) assumption by incorporating flexible mod-
eling strategies that adapt to time-varying relationships
between covariates and the hazard function. Bayesian
joint models integrate longitudinal processes (repeated

measurements) as dynamic predictors of the survival
outcome. These predictors naturally account for time-
dependent effects since they evolve with time, enabling
the hazard function to change in response to the trajec-
tory of the longitudinal variable. Additionally, random
effects in the longitudinal component of the joint model
can further capture individual-specific variations in the
hazard. To explicitly relax the PH assumption, Bayesian
joint models allow for time-dependent covariates, either
by directly including interaction terms between covari-
ates and time or by using splines or other flexible priors
to model time-varying effects. This makes Bayesian joint
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Survival Curves with Log-Rank Test for Event of Relapse

Survival Curves with Log-Rank Test of Marital Status
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Fig. 5 Kaplan—-Meier survival curves with log-rank test for event of relapse, marital status, episode types, and substance abuse in bipolar patients
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Table 4 Factors associated with time to symptomatic recovery in bipolar disorder: analysis using the cox proportional hazards model

and its log-rank test

Variables Categories Cox PH Result Log-Rank Test
Estimated values P-value 95% Cl Chi square P.value
Intercept Intercept
Marital status Single
Married —-0.025 0.567 [~ 0.656,0.605] 7.60 0.05
Widowed 0.905 0.021 [0.208,1.601]
Divorced 0.203 0.530 [-1.196,1.604]
Religion Muslims
Orthodox 0.287 0337 [-0.226,0.802] 14.20 0.00
Protestant —0.065 0.959 [-0.746,0.615]
Others 1.488 0.011 [0.438,2.539]
Age 19 and below
20-25 2.046 0.006 [0.675,3.416] 21.00 0.00
26-49 1.504 0.107 [-0.092,2.915]
50 and above 3.662 0.001 [1.619,5.704]
Relapse No
Yes -1.132 0.000 [-1.651,-0613 14.40 0.00
Bipolar type Type |
Type ll -0836 0.013 [-1.504,-0.167] 040 0.05
Type of episodes Mania
Mixed —0.542 0.104 [-1.111,0.026] 10.90 0.00
Depression 0.925 0.024 [0.264, 1.586]
Substance abuse No
Yes -0.892 0.003 [-1423,-0361] 8.80 0.00
AIC Intercept only model Full model
1187.26 726.49
s _ :
-
s

Fig. 6 Log-Minus-Log survival curves for assessing proportional hazards assumption

Time



Kulute et al. BMC Psychiatry (2025) 25:337

Table 5 The global test for the assumptions of cox PH model

Chi-square df P.value
Marital status 9.960 3 0.018
Religion 13.30 3 0.004
Age 19.44 3 0.000
Event of relapse 7.120 1 0.007
Bipolar type 1.280 1 0.257
Type of episodes 6.42 2 0.040
Substance abuse 8.600 1 0.003
GLOBAL 52.80 14 0.00

models particularly suited for real-world data, where
strict proportionality often does not hold, and the rela-
tionship between covariates and survival outcomes is
more dynamic [30].

Results of the bayesian longitudinal and survival joint
model analysis

Based on the GLMM that incorporates subject-specific
variance under longitudinal sub-model and semi-par-
ametric model under survival sub-model, we explore
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several joint models with various latent processes.
The”param” specifies the association structure between
the longitudinal and survival processes in this study.
The’shared-RE” association structure is used in which
only the random effects of the generalized linear mixed
model are incorporated in the linear predictor of the sur-
vival sub-model. Moreover, the GLMM is obtained using
argument densLong since the response variable for this
study is count and follows the Poisson distribution. The
glmmPQL() function from a MASS package generates
GLMM using penalized quasi-likelihood. In this study,
the Bayesian method results are based on four parallel
MCMC sampling chains of 20,000 iterations each, follow-
ing a 3000 discarded as burn-in to achieve convergence.
Several joint models using different shared parameter
association structures with different combinations of the
random effect processes are fitted. Then in this study, a
shared parameter association structure is selected based
on the smallest DIC value of the joint models, reported
in Table 6.

Because Model II emerges with the smallest total DIC
9207.546 among all other models, it is selected as the
final joint model for the burden of bipolar symptoms and
time to symptomatic recovery of bipolar disorder. We

Table 6 Bayesian joint modeling selection utilizing various shared parameter association structures (Random Effects)

Models U,i(t) U,i(t) PD DIC
Random intercept only
I boi m;(t) 277.586 9216.139
I by, agby; 281.82 9207.546
I by, agbgi+ a,b;, 27811 9217.67
Random intercept and linear slope
\Y boi+ byt mi(o 439486 10,021.36
v Do+ bt agbgi 439.486 10,021.36
Vi boi+ byt aby; 380.268 9970.937
Vil bgi+ byt agbgi+ aib;; 380.268 9970.937
Random linear slope
Vil byt Miy 439.486 10,021.36
IX byt aby; 380.268 9970.937
Random quadratic slope
X byt m;(0) 439486 10,021.36
XI byt a,b,iti 2 380.268 9970.937
Random linear and quadratic slope
XIl byt + byt m () 439486 10,021.36
XIll byt + byt bt 380.268 9970.937
XIV byt + byt a,bsiti 2 380.268 9970.937
XV byt + byt aybyiti j+ a,byt; 380.268 9970.937
Random intercept; linear and quadratic slope
XV boi+ @byt + byt 2 m(t) 439486 10,021.36
XVI boi+ a byt + axbyt boi+ abyt;+ byt 380.286 9970.937

PD Effective Number of Parameters, and DIC Deviance Information Criterion
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Fig. 7 Trace plot of time series iteration of Gibbs sampling to check convergence

have used a time series plot of the history of iterations of
the final Bayesian joint model, which shows a reasonable
degree of randomness between iterations Fig. 7 is used
to check the MCMC chains’convergence. The overlaps
of the three chains indicate that the exact solutions are
obtained for each initial value. Therefore, the Gibbs sam-
pler has converged to the target density.

As observed from Table 7, the appropriate joint
model with a minimum DIC (Deviance Information
Criteria) score values than the remaining joint models
is selected. The longitudinal sub-model specification
is the same as the selected generalized linear mixed
model. In contrast, the survival sub-model specifica-
tion incorporates the association parameters to the
selected cox-regression model. The posterior esti-
mates of the longitudinal sub-model and survival sub-
model regression coefficients with their 95% credible

interval are summarized in Table 7. In the longitudinal
sub-model, the variables; The intercept, time inter-
val of follow up, 50 and above age group, the interac-
tion between time interval of follow up and adolescent
age first onset of the bipolar disorder, the interaction
between time interval of follow up and event of relapse,
the interaction between linear time interval of follow
up and existence of other cofactors and the interaction
of substance abuse and chewing khat are significantly
affecting the log expected burden bipolar symptoms.
Whereas in the survival sub-model, the covariates;
divorced, marital status, event of relapse, mixed type of
episodes significantly affect the symptomatic recovery
of bipolar symptoms. o, = — 8.403 explains the associa-
tion between longitudinal and time-to-event outcomes
with [- 11.157,— 6.576] credible interval. It associates
longitudinal count, the burden of bipolar symptoms,
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Table 7 Estimated bayesian joint model for longitudinal burden of bipolar symptoms and survival time-to-symptomatic recovery

Longitudinal sub-model

Survival sub-model

Variables Categories Coefficients 95% Cls Coefficients 95% Cls
Intercept 2316 [2.244,2.385)2
Month -0.011 [-0.152,0.123]
Religion Muslim
Orthodox 0.175 [0.002,0.3791 -0.734 [-2.267,0456]
Protestant 0.196 [0.041,0.457] —0.747 [-2527,0.757]
Others -0.106 [-0.257,0.046] 0.104 [-2.765,2.156]
Age 1-19
20-25 —-0.165 [—0.340,0.0077° 1.961 [0.241,3.7437]°
26-49 - 0473 [0.811,0.149] 0.846 [-0.696, 2.599]
50 and above —0.005 [~ 0.090, 0.080] 3.800 [0.501, 8.902]°
Substance abuse No
Yes 0.007 [-0.086,0.107] -1.137 [-2.061,—0.334]°
Other Cofactors No
Yes 0.059 [-0.059,0.190]
Family history of disease No
Yes —0.025 [-0.122,0.097]
Marital status Single
Married 0425 [-0475,1.339]
Divorced 2.358 [1.216,3.449]°
Widowed 1.239 [0.625,3.078]
Bipolar type Bipolar type-| —1.195 [-2.222,—0.285)°
Bipolar type-l
Types of episodes Manic
Mixed —1.584 [-2.539,- 0.839)°
Depressed 1.241 [0.552,2.015)°
Event of relapse No
Yes —1.857 [-2.794~0918)°
Chewing khat No
Yes —-0.024 [-0.117,0.064]
Time interval of follow up*Adolescent age 0.029 [0.014, 0.046)° Random effects
Time interval of follow up *Adult age —-0.006 [-0.022,0.013] ob,= 0410
Time interval of follow up *Event of relapse 0.040 [0.023, 0.056)° Association(a,) =— 8403 [11.157,6.576)°
Time interval of follow up *Other cofactor 0.031 [0.016,0.0477°
Relapse*Family history of disease 0.010 [-0.129,0.133] DIC 9207.546
Substance abuse*Chewing khat 0213 [0.052,0.49]°

Cls credible intervals

? indicates significance

and time-to-symptomatic recovery of bipolar disorder
using shared random effect parameters. We observe a
significantly strong negative association between the
subject-specific random intercept (baseline) of the bur-
den of bipolar symptoms and the risk ratio of symp-
tomatic recovery since their 95% credible intervals
exclude zero. The b0 =0.410 indicates the heteroge-
neity in the longitudinal measurement of the burden
of bipolar symptoms that must be accounted for. The

mean burden of bipolar symptom scores at baseline for
a reference individual is estimated at 0.410. This study’s
Bayesian results are based on four parallel MCMC sam-
pling chains with 20,000 iterations each following a
3000 discarded burn-in to achieve convergence.

Table 8 shows the Coefficient and hazard ratios of the
standard relative risk model to determine the hazard of
symptomatic recovery using baseline covariates and with
the assumption of a time-independent covariate. The
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Table 8 Posterior estimated hazard ratio of factors associated
with time symptomatic recovery of bipolar disorders

Covariates Categories Hazard ratio 95% Cls
Marital status Single
Married 1.529 [0.621,3.817]
Divorced 10.572 [3.376,31.496)°
Widowed 3452 [0.534,21.752]
Religion Muslim
orthodox 0479 [0.103,1.577]
protestant 0473 [0.079, 2.133]
others 1.109 [0.062, 8.643]
Age 1-19
20-25 7.110 [1.273,42.235]°
26-49 2332 [0.498,13.454]
50 and above
Event of relapse No
Yes 0.156 [0.006, 0.399]°
Bipolar type type-l
type-Il 0.302 [0.108,0.075)°
Type of episodes Manic
mixed 0.205 [0.078,0.432]°
depressed 3460 [1.737,7.500]°
Substance abuse No
Yes 0320 [0.127,0.715]°
Association factor  q 0.001 [0.000, 0.002]°

Cls credible intervals

? indicates significance

risk ratio value of 1 means no difference in relative risk
between groups. When the relative risk is less than one,
the corresponding covariate has negatively affected the
event of interest. When it is greater than one, the corre-
sponding covariate positively affects the event of interest.
From Table 8, we observed that; the risk of symptomatic
recovery time for divorced bipolar disorders is greater
than the single bipolar disorder given the burden of
burden bipolar of symptoms. The risk of time to symp-
tomatic recovery for between twenty and twenty-five is
7.110 greater than those nineteen and below nineteen age
groups, given the burden of bipolar symptoms.

The risk ratio of recovery time for the fifty and above
the age group of bipolar disorders is less than those nine-
teen and below age groups given burden bipolar symp-
toms. The risk of recovery time for bipolar disorders
those faced events of relapse before is less than for those
who did not face an event of relapse before, given the
burden of bipolar symptoms.

The relative risk of recovery time for bipolar disorders
with bipolar II is 30.2% less than those with bipolar I,
given the burden of bipolar symptoms. The relative risk
of recovery for bipolar disorders with mixed episodes is
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less than those with manic episodes, given the burden
of bipolar symptoms. The hazard of recovery for bipo-
lar disorders with depressed episodes is more signifi-
cant than those with manic episodes, given the burden
of bipolar symptoms. The risk of recovery for substance
abuse bipolar disorders is less than those not abused
substances, given the burden of bipolar symptoms. The
relative risk of symptomatic recovery time for bipolar
disorders at baseline time (random intercept) indicates
that the one unit increase in the burden of bipolar symp-
toms at a starting point in time results in a 0.001(0.1%)
decreased risk of time to symptomatic recovery with a
95% credible interval of [0.000, 0.002]. These results are
statistically significant since its credible interval excludes
zero, indicating that the burden of bipolar symptoms is a
good predictor of time to symptomatic recovery.

Discussion

This study explores the benefits and applications of
Bayesian joint models in analyzing longitudinal and sur-
vival data within the context of bipolar disorder research.
In particular, we highlight the advantages of this
approach when the primary objective is to understand
the influence of longitudinal symptom burden on time
to symptomatic recovery. By simultaneously modeling
these processes, joint models yield less biased and more
efficient estimates of the effect of longitudinal symptom
trajectories on time to event, especially when compared
to analyzing the data separately. A key advantage is the
ability to account for the complex interplay between
repeated measurements of individual bipolar symptoms
over time and the eventual time to recovery. Therefore,
this work demonstrates the potential of joint modeling
as a powerful alternative to traditional methods when
predicting individual symptomatic outcomes in bipolar
disorder, offering a more comprehensive and nuanced
understanding of disease progression and recovery.

A Bayesian joint model was proposed to simultaneously
analyze longitudinal count data representing the burden
of bipolar symptoms and time-to-event data represent-
ing symptomatic recovery. The longitudinal process,
capturing the evolution of symptom burden, was mod-
eled using a Poisson mixed-effects model. This model
allows for subject-specific random effects b; to account
for heterogeneity in baseline symptom levels and rates of
change. The time-to-recovery process is modeled using
a Cox proportional hazards model. The joint model con-
nects these two processes by incorporating the random
effects b; from the longitudinal Poisson model into the
hazard function of the Cox model. This shared param-
eter approach assumes that individual trajectories of
symptom burden, as characterized by the random effects,
are predictive of the time to symptomatic recovery. The
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Bayesian framework allows for the incorporation of prior
information and provides a natural means for quantifying
uncertainty in parameter estimates within both the longi-
tudinal and survival components.

In this study, among the 257 bipolar disorders under
psychiatric follow-up during the period, 116(45.1%) of
them faced symptomatic recovery, and 141(54.9%) were
censored. Similarly, the department of psychiatry at the
University of Cincinnati, College of Medicine shows
symptomatic recovery occurred in only 26% of disorders
among 134 total bipolar disorders [35]. Another study
shows that of 1,469 participants symptomatic at study
entry, 858 (58.4%) subsequently achieved recovery, which
also supports this study. The study done on the Longitu-
dinal Course of Bipolar-I Disorder and Duration of Mood
Episodes [20] to describe the duration of bipolar I mood
episodes and factors associated with recovery from these
episodes while the probability of recovery over time from
multiple successive mood episodes is examined with ana-
lytical survival techniques, which showed that the median
duration of bipolar I mood episodes was 13 weeks which
support the result of this study [36]. This study reveals
that the interaction between time in a month and ado-
lescent age first onset of the bipolar disorder significantly
affects the log expected burden of bipolar symptoms.
And it is supported by the idea that people with bipolar
disorder have highly disruptive episodes, frequent recur-
rences, and severe psychosocial impairments, and the ill-
ness typically has its onset in adolescence and even late
childhood in some patients [38].

This study shows that the hazard of recovery for bipo-
lar disorders with the depressed type of episodes is more
significant than those with the manic type of episodes
given the burden of bipolar symptoms with a 95% cred-
ible interval of [1.737, 7.500], which agrees with the study
by Solomon [20] showed that the probability of recov-
ery from a major depressive episode was a significantly
more prominent chance of recovery from an episode
of mania (HR =1.713; 95% and Confidence interval of
[1.373, 2.137]. This study shows that the relative risk of
recovery for bipolar disorders with mixed types of epi-
sodes is less than those with manic episodes given the
burden of bipolar symptoms, which disagrees with the
study done using multivariate analyses [35] suggests
that; during the 12-month follow-up period, there were
no significant differences in outcome between patients
with manic compared with mixed Bipolar disorder. And
this may be due to the inefficient model he uses, which
means using the Joint model may improve the efficiency
and biasedness of the estimator. Bayesian methods of
joint modeling enabled the specification of a time-var-
ying coefficient to link the longitudinal and the survival
processes. Which, Andrinopoulou looked at the valve
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function of cardiac-thoracic surgery, which is monitored
over some time [30].

To examine the association between longitudinal symp-
tom burden and time to symptomatic recovery in bipolar
disorder, this study implements a Bayesian joint model
with a shared parameter structure [39]. This structure
links the longitudinal and survival sub-models, allowing
symptom trajectories to predict the hazard of recovery.
The baseline hazard function in the survival process is
estimated using regression splines within the Bayesian
framework [30]. In this study the joint models are esti-
mated under the Bayesian framework using a four chain
of 20,000 MCMC iterations from which we discarded the
first 3,000 samples as burn-in; finally, trace time series
plots are plotted for the convergence diagnosis of MCMC
samples, and in the plots, there is not any problem of
convergence failure. Our results support the hypothesis
of an association between time to symptomatic recovery
and the burden of bipolar symptoms. We found that the
hazard of symptomatic recovery increases by decreasing
the burden of bipolar symptoms, indicating a negative
relationship. And, we hypothesize that individuals with a
higher initial symptom burden or a slower rate of symp-
tom reduction (captured by b,) will experience a longer
time to recovery.

Conclusion

The data for this study consists of 257 patients who are
bipolar disordered individuals. Among the total bipolar
disordered individuals during the period, 116(45.1%) of
them faced symptomatic recovery, whereas 141(54.9%)
were censored. The intercept term, religion, other cofac-
tors, event of relapse, the interaction between linear time
interval of follow up and event of relapse, the interaction
between linear time interval of follow up and other cofac-
tors, and the interaction between substance abuse and
chewing khat have a significant positive effect on the log
expected burden of bipolar symptoms. Where the vari-
ables linear time interval of follow up, age, and the inter-
action between linear time interval of follow up and first
onset have a significant adverse effect on the log expected
burden of bipolar symptoms, the covariates marital sta-
tus, religion, age, event of relapse, bipolar, types of epi-
sodes and substance abuse are significantly affect the
time to symptomatic recovery of bipolar disorder. Find-
ings from this work have revealed that the increment of
symptomatic recovery with bipolar disorder can best be
predicted using the burden of bipolar symptom scores
and analyzed via Bayesian joint longitudinal and survival
models. Specifically, we hypothesize that individuals with
a higher initial symptom burden or a slower rate of symp-
tom reduction (captured by b,) will experience a longer
time to recovery. Furthermore, it has been explained that
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a decrease in the burden of bipolar symptoms results in
a significant decrease in the time of symptomatic recov-
ery. The finding that a decrease in the burden of bipolar
symptoms leads to a significant reduction in the time to
symptomatic recovery has important implications for
clinical practice. Clinicians should prioritize interven-
tions that effectively reduce symptom severity, such as
optimized pharmacological treatments, psychotherapy,
and lifestyle modifications. Early and sustained symptom
management not only improves patients’quality of life but
also accelerates recovery, minimizing the overall impact
of the disorder. This highlights the importance of regular
monitoring and timely adjustments to treatment plans to
address fluctuating symptom severity. Clinicians should
adopt a proactive approach to identify and mitigate fac-
tors contributing to symptom burden to enhance recov-
ery outcomes. Standard or extended relative risk models,
logistic regression, and multivariate analysis may not be
the most suitable statistical approaches for analyzing
variables measured repeatedly over time. Instead, lon-
gitudinal and survival joint models that account for the
dynamic nature of such data are more appropriate. These
models can incorporate essential variables to capture
temporal trends and relationships effectively. Addition-
ally, psychiatrists should maintain detailed and system-
atic records of patients’information during follow-ups to
ensure the data’s quality and reliability for longitudinal
analysis.

Abbreviations

BD Bipolar Disorder
@] Confidence Interval
Cis Credible intervals

GLM Generalized Linear Model

GLMM  Generalized Linear Mixed Model
MCMC  Markov chain Monte Carlo

DIC Deviance Information Criteria
Po Effective Number of Parameters
PH Proportional Hazards

PMF Probability Mass Function

Acknowledgements

Firstly, we would enjoy delivering our kindest regards to our investigation part-
ners. We extend our appreciation to data collectors. They are the backbone

of completing the report. In conclusion, the authors thankfully acknowledge
Jimma University Medical Center’s permission to use the data.

Authors’ contributions

The corresponding author, Tefera Fufa (M.Sc. in Biostatistics), made an out-
standing commitment regarding the conception, work detail, design, analysis,
interpretation, and compilation of the study. The other authors took part in
drafting, reexamining, and checking on the article, provided the last approval
of the version to be allocated, agreed on the journal to which the article has
been submitted, and were responsible for all aspects of the work

Funding
The study was funded by Jimma University, Ethiopia. The obtained fund is
covered the data collection and related activities.

Page 21 of 22

Data availability
Data materials generated in this study are available from the corresponding
author upon request.

Declarations

Ethics approval and consent to participate

Ethical approval was waived by the local Ethics Committee of the College of
Natural Sciences, Jimma University, Ethiopia. In the view of the retrospective
nature of the data and all the procedures being performed were parts of the
routine care.

This study utilized secondary data from existing patient records. As such,
direct informed consent from individual patients was not obtained. However,
all patient data was handled in accordance with relevant ethical guidelines
and privacy regulations. The study protocol was reviewed and approved by
the Jimma University Review Board or Ethics Committee. The authors have
taken all necessary steps to ensure patient confidentiality and anonymity
through the research process.

All the methods were performed in accordance with relevant guidelines and
regulations.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
!College of Natural and Computational Science, Assosa University, Assosa,
Ethiopia. College of Natural Science, Jimma University, Jimma, Ethiopia.

Received: 10 December 2023 Accepted: 25 March 2025
Published online: 05 April 2025

References

1. Calles JL Jr, Nazeer A. Adolescence and mood disorders. Int J Child Health
Hum Dev. 2012,5(2):215.

2. Ketter TA. Diagnostic features, prevalence, and impact of bipolar disorder.
J Clin Psychiatry. 2010;71(6):27652.

3. Merikangas KR, Akiskal HS, Angst J, Greenberg PE, Hirschfeld RM,
Petukhova M, Kessler RC. Lifetime and 12-month prevalence of bipolar
spectrum disorder in the national comorbidity survey replication. Arch
Gen Psychiatry. 2007;64(5):543-52.

4. Bauer M, Pfennig A. Epidemiology of bipolar disorders. Epilepsia.
2005;46(Suppl 4):8-13.

5. Rosenberg PS. Hazard function estimation using B-splines. Biometrics.
1995;51:874-87.

6. Ferrari AJ, Baxter AJ, Whiteford HA. A systematic review of the global dis-

tribution and availability of prevalence data for bipolar disorder. J Affect

Disord. 2011;134(1-3):1-13.

Castelpietra G, Knudsen AKS, Agardh EE, Armocida B, Beghi M, Iburg KM,

Logroscino G, Ma R, Starace F, Steel N, Addolorato G, Andrei CL, Andrei T,

Ayuso-Mateos JL, Banach M, Barnighausen TW, Barone-Adesi F, Bhaga-

vathula AS, Carvalho F, Carvalho M, Monasta L. The burden of mental

disorders, substance use disorders and self-harm among young people
in Europe, 1990-2019: Findings from the Global Burden of Disease Study
2019.The Lancet regional health Europe. 2022;16:100341. https://doi.org/
10.1016/j.lanepe.2022.100341.

Vos T, Abajobir AA, Abate KH, Abbafati C, Abbas KM, Abd-Allah F, et al.

Global, regional, and national incidence, prevalence, and years lived with

disability for 328 diseases and injuries for 195 countries, 1990-2016: a sys-

tematic analysis for the global burden of disease study 2016. The Lancet.
2017;390(10100):1211-59.

9. HaderaE, Salelew E, Girma E, Dehning S, Adorjan K, Tesfaye M. Magnitude
and associated factors of perceived stigma among adults with mental
illness in Ethiopia. Psychiatry J. 2019;2019:8427561.

~


https://doi.org/10.1016/j.lanepe.2022.100341
https://doi.org/10.1016/j.lanepe.2022.100341

Kulute et al. BMC Psychiatry

20.

21

22.
23.
24.
25.
26.
27.
28.

29.

30.
31
32.
33
34

35.

36.

37.

(2025) 25:337

Kleintjes S, Flisher A, Fick M, Railoun A, Lund C, Molteno C, Robertson B.
The prevalence of mental disorders among children, adolescents and
adults in the Western Cape, South Africa. South African Psychiatry Rev.
2006;9(3):157-60.

. Mekonnen E, Esayas S. Correlates of mental distress in Jimma town, Ethio-

pia. Ethiopian Journal of Health Sciences. 2003;13(1):39-43.

Harvey PD. Defining and achieving recovery from bipolar disorder. J Clin
Psychiatry. 2006;67:14.

Yashin Al, Stallard E, Land KC, Akushevich |, Kravchenko J, Arbeev KG,
Ukraintseva SV. Health effects and Medicare trajectories: population-
based analysis of morbidity and mortality patterns. In: Biodemography
of Aging: Determinants of Healthy Life Span and Longevity. Netherlands:
Springer; 2016:47-93.

Rizopoulos D. Fast fitting of joint models for longitudinal and event time
data using a pseudo-adaptive Gaussian quadrature rule. Comput Stat
Data Anal. 2012;56(3):491-501.

Ibrahim JG, Chu H, Chen LM. Basic concepts and methods for joint mod-
els of longitudinal and survival data. J Clin Oncol. 2010;28(16):2796.

Chen LM, Ibrahim JG, Chu H. Sample size and power determina-

tion in joint modeling of longitudinal and survival data. Stat Med.
2011;30(18):2295-309.

Rizopoulos D, Hatfield LA, Carlin BP, Takkenberg JJ. Combining dynamic
predictions from joint models for longitudinal and time-to-event data
using Bayesian model averaging. J Am Stat Assoc. 2014;109(508):1385-97.
Lin DY, Wei L-J, Ying Z. Checking the cox model with cumulative sums of
martingale-based residuals. Biometrika. 1993;80(3):557-72.

Cox DR, Snell EJ. A general definition of residuals. J Roy Stat Soc: Ser B
(Methodol). 1968;30(2):248-65.

Solomon DA, Leon AC, Coryell WH, Endicott J, Li C, Fiedorowicz JG, et al.
Longitudinal course of bipolar | disorder: duration of mood episodes.
Arch Gen Psychiatry. 2010,67(4):339-47.

Ivanova A, Molenberghs G, Verbeke G. Mixed models approaches

for joint modeling of different types of responses. J Biopharm Stat.
2016,26(4):601-18.

Diggle P. Analysis of Longitudinal Data. Oxford: Oxford University Press;
2002.

Fitzmaurice GM, Laird NM, Ware JH. Applied Longitudinal Analysis. Hobo-
ken: John Wiley and Sons; 2012.

Breslow NE, Clayton DG. Approximate inference in generalized linear
mixed models. J Am Stat Assoc. 1993;88(421):9-25.

Pinheiro JC, Bates DM. Unconstrained parametrizations for variance-
covariance matrices. Stat Comput. 1996;6:289-96.

Gelman A, Carlin JB, Stern HS, Rubin DB. Bayesian data analysis. Chapman
and Hall/CRC; 1995.

Breslow NE, Lin X. Bias correction in generalised linear mixed models with
a single component of dispersion. Biometrika. 1995;82(1):81-91.

Oakes D. Survival times: aspects of partial likelihood. International Statisti-
cal Review/Revue Internationale de Statistique. 1981;49:235-52.

Berzuini C, Larizza C. A unified approach for modeling longitudinal and
failure time data, with application in medical monitoring. IEEE Trans Pat-
tern Anal Mach Intell. 1996;18(2):109-23.

Rizopoulos D. Joint Models for Longitudinal and Time-to-Event Data: With
Applications in R. Boca Raton: CRC Press; 2012.

Hilbe JM. Negative binomial regression. Cambridge University Press;
2011,

Wulfsohn MS, Tsiatis AA. A joint model for survival and longitudinal data
measured with error. Biometrics. 1997;53(1):330-9 PMID: 9147598.
Rizopoulos D, Verbeke G, Molenberghs G. Shared parameter models
under random effects misspecification. Biometrika. 2008;95(1):63-74.
Ibrahim JG, Molenberghs G. Missing data methods in longitudinal stud-
ies: a review. TEST. 2009;18(1):1-43.

Rizopoulos D. The R package JMbayes for fitting joint models for longitu-
dinal and time-to-event data using MCMC. arXiv preprint arXiv:14047625.
2014,

van Buuren, S., Groothuis-Oudshoorn, K. mice: Multivariate Imputation
by Chained Equations in R. Journal of Statistical Software. 2011;45(3):1-
67. https://doi.org/10.18637/jss.v045.i03.

Spiegelhalter DJ, Best NG, Carlin BP, Van Der Linde A. Bayesian meas-
ures of model complexity and fit. J R Stat Soc: Ser b (stat methodol).
2002,;64(4):583-639.

38.

39.

Page 22 of 22

Miklowitz DJ, Axelson DA, Birmaher B, George EL, Taylor DO, Schneck

CD, et al. Family-focused treatment for adolescents with bipolar

disorder: results of a 2-year randomized trial. Arch Gen Psychiatry.
2008;65(9):1053-61.

Papageorgiou G, Mauff K, Tomer A, Rizopoulos D. An overview of joint
modeling of time-to-event and longitudinal outcomes. Annual review of
statistics and its application. 2019;6(1):223-40.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.


https://doi.org/10.18637/jss.v045.i03

	Bayesian joint longitudinal and survival modeling of bipolar symptom burden and time to symptomatic recovery of patients with bipolar disorder at Jimma University Medical Center, Jimma, Ethiopia
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Background of the study
	Significance of the study
	Objectives of the study

	Methods and materials
	Description of the study area
	Data source and study design
	Inclusion criteria
	Exclusion criteria

	Variables of the study
	Dependent variables
	Independent variables

	Methods of data analysis
	Descriptive statistics
	Generalized Linear Mixed Models (GLMMs)
	Survival data analysis
	The longitudinal and survival joint modeling
	Shared parameters in the longitudinal and survival bayesian joint model
	Bayesian estimation of longitudinal and survival joint model

	Model selection

	Result and discussion
	Exploratory data analysis
	Separate survival data analysis
	Kaplan–Meier survival function estimates
	Result of cox-proportional hazard model

	Results of the bayesian longitudinal and survival joint model analysis

	Discussion
	Conclusion
	Acknowledgements
	References


