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ABSTRACT

Background: Stillbirth, as an adverse outcome of pregnancy, represents a growing worldwide public health challenge.
The risks of stillbirth have been reported to exhibit considerable variation across different factors due to variability in
socio-economic and geographical settings. Thus, this study was aimed at modelling the risk of stillbirth in the
Bolgatanga Municipality of the Upper East region of Ghana and identifying some possible risk factors.

Methods: A retrospective cohort study design was utilized in this work. Thus, all the data were obtained from the
medical recorded histories of all single birth outcomes at Bolgatanga Regional hospital in Ghana from September 2023
to December 2024. Bayesian logistic regression was applied in fitting the data on stillbirth in this study. R studio was
the statistical software that was utilized in analysing the data.

Results: Based on the results of the posterior estimation of the Bayesian logistic regression, maternal age, educational
level and hypertension status were established as significant risk factors of stillbirth in the Bolgatanga Municipality.
Overall, women with low maternal age (<20 years) and those with advanced maternal age (=35 years), women with no
formal education, and women with hypertension during pregnancy were established to have a higher risk of stillbirth in
the Bolgatanga Municipality.

Conclusions: The study concluded by indicating the need for various agencies of healthcare in the Bolgatanga
Municipality to institute targeted interventions that will help control the effects of the risk factors and enhance improved
overall pregnancy outcomes.
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INTRODUCTION

Stillbirth is an adverse outcome of pregnancy, defined as
the death of a fetus after a gestational period of 28 weeks
or more with a birth weight of 1000 gram or more.'” Aside
the attendant loss of earnings because of time taken off
work, stillbirth often results in psychological related
trauma in addition to adverse economic repercussions in
relation to funeral costs among others.?

Stillbirths represent a growing worldwide public health
challenge with a global estimated number of
approximately 2 million stillbirths among which three out
of four are noted to occur in Sub-Saharan Africa (SSA) or
Southern Asia.**> Majority of stillbirths are noted to occur
in low and middle-income countries (LMICs). For
example, in 2019, LMICs accounted for approximately
84% of all stillbirths around the world.® LMICs are thus
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noted to bear a greater proportion of the global burden of
stillbirths.”

Global stillbirth rates have been shown to characterize
with a decreasing trend over the years. Evident from 2000
to 2019, stillbirth rates are noted to have declined from
24.7 per 1000 births to 13.9 per 1000 births.® Across
different sub-Saharan African countries, still birth rates
have been shown to exhibit considerable variation. In 2014
and 2015 for example, stillbirth rates were shown to vary
from 20.3 per 1000 births to 118.1 per 1000 births across
different African countries. Variation in stillbirth rates has
also been shown to be exhibited across different regions in
Ghana. For example, between 2013 through to 2017,
stillbirth rates were shown to range between 27 per 1000
births and 105.6 per 1000 births across various regions in
Ghana.”

The risk of stillbirth has been reported to exhibit
considerable variation across different factors due to
variability in socio-economic and geographical settings.’
Disease conditions such as diabetes, hypertension or
HIV/AIDS have been reported as possible factors that
influence the likelihood of stillbirths. Alcohol usage,
smoking and educational level have also been identified as
possible underlying factors among others that influence
the risk of stillbirths among women.® In the context where
birth outcome is either stillbirth or live birth, the classical
logistic regression model has been utilized to determine
possible risk factors of stillbirths in many applied studies.
For example, the classical logistic regression model was
applied in modelling the risk factors of stillbirth in
Northern Ghana.!'? Several other research works have also
applied the classical logistic regression.!-11-16

Practical data sets are however often biased by sampling
methods or inadequacies of sample size among others and
are usually considered incomplete compared to reality. As
a result, the accuracy of estimation results is often affected
in the applications of traditional models such as the
classical logistic regression model. The Bayesian
procedure provides a robust approach of modelling that
utilizes prior knowledge or information together with
observed data to update and refine available information
through the process of posterior inference. Regardless of
the sample size, the Bayesian procedure results in more
accurate estimation results with better precision than
traditional methods.!”

Using an appropriate statistical procedure in the modelling
process will ensure that possible underlying risk factors are
appropriately identified.'"® Thus, the study focussed on
applying the Bayesian approach as a robust modelling
procedure in modelling the risk of stillbirth in the
Bolgatanga Municipality of the Upper East region of
Ghana and identifying possible associations of some risk
factors of stillbirth.

An outline of the remaining part of the article is given as
follows: Section 2 gives a presentation of the materials and
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methods. In section 3, the results and discussions are
outlined. The article is then concluded with some
recommendations in section 4.

METHODS
Study design

A retrospective cohort study design was utilized in this
work.

Study area

The Bolgatanga municipality of the upper East Region of
Ghana represented the study area of this work. The
Bolgatanga municipality is the administrative capital of
the upper East Region of Ghana and home to the
Bolgatanga Regional Hospital. The hospital serves as a
referral center for all private health facilities within the
municipality and also provides healthcare services to all
patients within the municipality and beyond.

Study population

All birth outcomes that were recorded at the Bolgatanga
Regional Hospital from September 2023 to December
2024 were included the study.

Inclusion criteria

All single birth outcomes with a gestational age of 28
weeks or more were included in the study.

Exclusion criteria

Birth outcomes were excluded from the study where
information on gestational age was not available.

Data collection

Secondary data were obtained from the Bolgatanga
Regional Hospital of the upper East region of Ghana by
reviewing the medical histories of all single birth outcomes
from September 2023 to December 2024. Thus, a total of
410 recorded single birth outcomes were used for the
study. Birth outcome, defined as stillbirth or live birth
representing a binary outcome was the variable of interest
in the study. Other variables such as hypertension status of
mother, maternal age, foetal sex and educational level of
mother were used as independent variables in the study.

Ethical approval

The research did not involve direct participation of
pregnant women. Thus, ethical clearance was not required
for the study. Personal or identification information on the
birth outcomes were excluded from the data thereby
ensuring confidentiality in the use of the data that were
obtained for the study.
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Study variables
Dependent variable

The response variable for this study was birth outcome
defined as stillbirth or live birth. Thus, the variable of
interest was classified as a dichotomous variable in the
study.

Independent variables
Maternal age

As a categorical variable referring to the age of the
pregnant woman at time of delivery, three categories (<20
years, 20-34 years and >35 years) were defined for
maternal age.

Foetal sex

As a categorical variable, foetal sex refers to male and
female categories of the foetus.

Educational level

Four categories (No education, Primary, Secondary and
Tertiary) were defined for educational level of mother of
each birth outcome.

Hypertension status

For the hypertension status of the mother of each birth
outcome, two categories (Yes and No) were defined.

Statistical analysis

Bayesian inference

: w, j=L..n .
Consider that 7, e represent the birth
outcomes of pregnant women and a random variable has a

- o P(w, o)
probability function given by where

¢= (%,?)z,m, @ ) is a parameter space. The likelihood
function is defined by

n

L(o)= TI P(wj |(p)
J=1

The Bayesian approach of modelling makes use of prior

distributions of the unknown parameters ? in the
likelihood function. Prior distributions provide knowledge

of existing information about the parameter space (P,

w. .
before the sample 7/, is observed. Considered as
stochastic, appropriate distributions known as prior

distributions are assigned to all the parameters ? within
the Bayesian framework.'’
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In a posterior inference, a probability distribution known
as the posterior distribution is obtained through a
combination of the likelihood function of the sample and
the prior distributions.'” Given the observed data, the

o P(olw,) .
posterior distribution, denoted by is the
conditional distribution of the parameters. The posterior

.. P(e)
distribution , defined as the product of the
likelihood function and the prior distributions is given by

-

P[q}

1rj)0:P[1rj|q:]P(q:). (1)

By assigning a distribution for each parameter under the
assumption of the parameter estimates being random could
generate informative priors resulting in misleading
statistical inferences.’’ Conjugate or non-informative
priors allow for more efficiency in estimating the
coefficients of the posterior distributions within the
approach of Bayesian framework.?! Thus, conjugate priors
were utilized in this study.

To assess the adequacy of the Bayesian model, trace and
density plots of the posterior distributions parameter
estimates were utilized to determine model convergence
through Markov Chain Monte Carlo (MCMC) procedures.

Likelihood function

Consider a random sample of independently and
!
identically distributed outcomes W = (W1 Wy W, ) ,

with a probability function f° (W/. |(p) , where @ isa

parameter space. The joint probability function which is
the likelihood function of the sample is defined in (2).2

L{g|w)=f (w1050, |q>]:1£[f[1rj |q)] (2)

I=]
Bayesian analysis using logistic regression model

Consider a random sample of birth outcomes

’
( 1> 72 ") , in which each individual birth

outcome is defined as stillbirth or live birth. Then the

w,
distribution of / is Bernoulli with values 0 or 1. The

Bernoulli distribution with a parameter M has a
probability mass function defined in (3).2%?

S () =n" (=)™ ®)

n=P(w,=1)

where .

Using the logit link function, the logistic regression is
defined such that

= exp(X¢@)
1+exp(Xe@)’
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where X" isa k%1 vector of explanatory variables and

P s a kX1 vector of regression coefficients. This
therefore gives the likelihood function as

gyl i) | N

By choosing a Gaussian prior for the regression coefficient
such that @; ~ N(0,62), the joint posterior distribution is
obtained by applying the Bayes theorem. This gives

RESULTS
Summary statistics

Table 1 shows the descriptive statistics which illustrate the
distribution of the birth outcomes across various categories
of the predictor variables. Table 1 shows that 64.15% of
the birth outcomes were females and 35.85% were males.
Again, majority of the mothers of the birth outcomes
representing 94.15% were aged between 20 and 34 years
whereas 2.68% aged less than 20 years and 3.17% aged
above 34 years. Among the birth outcomes, very few of

) ) the mothers representing 1.95% received primary
P(@‘X,nj ) * L("f @,X]P(qo). (5) education whereas 4.15% received no formal education.
That is, Majority of the mothers attained higher levels of education
with 68.29% being secondary level and 25.61% being
v ep(Xp) X exp(X) oy ¢ tertiary level. Finally, the prevalence of hypertension was
d (W‘X’"’J)“g L+esp(Xo) * 1"1+exp( X9) Xl;l[ GHMQXP{_ZX#]' (6 evident among 6.34% of the mothers in the study.
Table 1: Descriptive statistics of birth outcomes based on some predictor variables.
‘ Variable Category Frequency (%)
. Live birth 387 (94.39)
Birth
irth outcome Stillbirth 23 (5.61)
Female 236 (64.15)
Foetal sex Male 174 (35.85)
<20 11 (2.68)
Maternal age (in years) 20-34 386 (94.15)
=35 13 (3.17)
No education 17 (4.15)
) Primary 8 (1.95)
Educational level Secondary 280 (68.29)
Tertiary 105 (25.61)
Hypertension status Yes 26 (634)
P No 384 (93.66)

Table 2: Parameter estimates of Bayesian logistic regression on the stillbirth data.

Parameter Tty L P00 GHEIELE Bulk_ESS Tail ESS
error interval - —
Intercept 8.45 5.56 (-0.73, 21.07) 1.00 8288 8427
Maternal 20-34 -9.94 4.98 (-20.95, -1.53) 1.00 7332 9147
age (in >35 -3.86 5.46 (-15.06, 6.62) 1.00 8893 9629
years) <20 (Ref) - - - - - -
Male 0.55 2.97 (-5.25, 6.59) 1.00 11301 10449
Foetal sex
Female (Ref) - - - - - -
Primary -4.47 4.42 (-13.57, 4.04) 1.00 8882 10581
Educational  Secondary -11.67 4.40 (-21.54, -4.30) 1.00 7813 9850
level Tertiary -12.88 5.08 (-24.10, -4.50) 1.00 7855 9892
None (Ref) - - - - - -
Hypertension Yes 6.87 3.78 (0.33,15.42) 1.00 7073 7793
status No (Ref) - - - - - -

*Ref* means reference category
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Figure 1: Caterpillar plot of Bayesian logistic regression.
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Figure 2: Density and trace plot of Bayesian logistic regression parameters.

Table 2 shows the parameter estimates of the posterior of the posterior distribution of the Bayesian logistic
distribution for the Bayesian logistic regression model. regression.

Among the predictors, the results showed maternal age,

educational level and hypertension status to be statistically Figure 1 shows the caterpillar plot of the Bayesian logistic
significant at 95% confidence level. Foetal sex is however regression model. The results support the finding that
shown to be statistically insignificant. The Rhat values are whilst foetal sex is statistically insignificant, maternal age,
all 1.0 for all the parameters and the effective sample size educational level and hypertension status are statistically
(Bulk_ESS and Tail ESS) values are all greater than 1000 significant at 95% confidence level.

indicating that there was satisfactory model convergence
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Figure 3: Density and trace plot of Bayesian logistic regression parameters.
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Figure 4: Density and trace plot of Bayesian logistic regression parameters.
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Figure 5: Posterior predictive plot of Bayesian logistic regression.

Model diagnostic checks

The adequacy of the fitted Bayesian logistic regression
model is investigated in this section to determine whether
there was satisfactory model convergence. Figures 2, 3 and
4 show the trace and density plots of the parameters of the
fitted regression model. The results showed an overlay of
the chains, and this illustrates a good mixing of the four
chains for all the parameters. The results confirm that the
Monte Carlo Markov Chain simulation converged
satisfactorily to the target posterior distribution in the
estimation of the parameters. This finding is supported by
the results in Table 2 with the Rhat values being 1 for all
the parameters of the model.

Further, the posterior predictive plot in Figure 5 shows an
overlap of the posterior and replicated distributions having
the same trend. The results confirm that the posterior
predictive capability of the Bayesian logistic regression
model was adequate in modelling the risk of stillbirth in
the Bolgatanga municipality.

DISCUSSION

In this paper, the risk of stillbirth in the Bolgatanga
Municipality of the Upper East region of Ghana was
investigated, with a dichotomous variable, defined as
stillbirth or live birth being the response variable. Among
a sample of birth outcomes, the summary statistics showed
the prevalence of hypertension evident among 6.34% of
the mothers in the study.

The Bayesian framework as a robust modelling approach
was utilized in modelling the response variable in this
study. Thus, the response variable defined with binary
outcomes was studied by applying the Bayesian logistic
regression model.

The posterior estimation results of the fitted Bayesian
logistic regression identified maternal age, educational
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level and hypertension status as statistically significant
risk factors of stillbirth at 95% confidence level. However,
foetal sex showed no statistical significance.

At the 95% confidence level, the results illustrated a
statistically significant difference in the risk of stillbirth for
different age categories of mothers. Specifically, it was
empirically established that the risk of stillbirth is higher
for mothers who are aged less than 20 years compared to
mothers who are aged between 20 and 34 years. For
women who are aged less than 20 years and those aged
above 34 years, the results however showed no significant
difference in the risk of stillbirth. This shows that women
who are less than 20 years old and those with advanced
maternal age (> 35 years) have a higher risk of stillbirth
than women within the age category of 20-34 years. The
finding is consistent with other reported observations that
women with advanced maternal age have a higher risk of
stillbirth.3

Across different educational levels, the findings indicated
a statistically significant difference in the risk of stillbirth
between mothers with no formal education and those with
higher educational levels. Specifically, the results
illustrated that women with higher educational levels
(secondary and tertiary) have a lower risk of stillbirth
compared to those with no formal education. This finding
is similar to observations of other studies that women with
higher educational status have a lower risk of stillbirth.2>2¢

Empirically, the findings further established a statistically
significant difference in the risk of stillbirth between
women with hypertension during pregnancy and those
without hypertension during pregnancy. Specifically, the
findings indicated that women with hypertension during
pregnancy have a higher risk of stillbirth compared to
women without hypertension during pregnancy. The
finding is consistent with observations of other studies that
women with hypertension during pregnancy have a higher
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risk of stillbirth than women without hypertension during
pregnancy.'?

Study limitations

The use of secondary data was a limitation to the choice of
variables in this study. Consequently, important variables
such as smoking status and alcohol usage which could
influence the risk of stillbirth could not be captured in the
current study. Nonetheless, the findings of this study are
useful and have implications towards public health policy
in the Bolgatanga Municipality.

CONCLUSION

This study was aimed at modelling the risk of stillbirth in
the Bolgatanga municipality of the upper East region of
Ghana and identifying some possible risk factors. To this
end, Bayesian logistic regression model was utilized in
fitting the stillbirth data in this study. Based on the results
of the posterior estimation of the Bayesian logistic
regression, maternal age, educational level and
hypertension status were established as significant risk
factors of stillbirth in the Bolgatanga Municipality.
Overall, women with low maternal age (<20 years) and
those with advanced maternal age (>35 years), women
with no formal education, and women with hypertension
during pregnancy were established to have a higher risk of
stillbirth in the Bolgatanga municipality.

Recommendations

Based on the findings of this study, it is recommended for
various agencies of healthcare in the Bolgatanga
Municipality to institute targeted interventions that will
ensure adequate access to healthcare through which
conditions such as hypertension during pregnancy can be
detected and managed. Pregnant women can also be
sufficiently educated on recommended practices during
pregnancy. Again, pregnant women within the high-risk
age categories can also be identified and the needed
medical assistance offered. These will help control the
effects of the risk factors and enhance improved overall
pregnancy outcomes in the Bolgatanga Municipality.
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