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ABSTRACT

Infant mortality and its risk factors in Nigeria was investigated using Bayesian hierarchical modeling. The hierarchical
nature of the problem was examined to detect the within and between groups (states and regions) variations in infant
deaths. The effect of individual level variables on the risk of a child dying before the age of one was determined using
data collected from the fifth round Multiple Indicator Survey (MICS5, 2016-2017). Infants in Northern Nigeria had a
higher risk of dying than others, especially in North West, while South West had the lowest risk of infant deaths. Ten
percent of the variations in infant deaths was explained by differences between states while differences between
regions explained only seven percent of the variations. Also, factors such as urban place of residence, mothers with
secondary and tertiary education, first birth and birth interval above 2 years were associated with a decreased risk of
infant deaths. Male infants, birth interval of less than 2 years, mothers with primary and no education, teenage
mothers and mothers that gave birth at age 35 years and above were associated with a higher risk of infant mortality.

INTRODUCTION

Infant mortality is the demise of a child before age one
which is an important index of the overall physical health
of a country. Biologically, infants have weaker immune
systems than adults which makes them susceptible to
social or environmental complications (Caldwell, 1996).
The determinant factors of infant mortality includes the
level of education of the mother, environmental
conditions, political and medical facilities, access to
portable water, vaccination against contagious diseases,
and other public health interventions. For over twenty
years, infant and child survival has received global
attention with a resultant effect of drastic decline in
under-five and infant mortality rate (IMR) in some
regions of the world (Claeson, 2000). Although, these
achievements are challenged by differences that persist
among countries.

The under developed and disadvantaged populations
still grapple with the burden of infant mortality. In 2017,
the global IMR was given at 29 deaths per 1000 live
births, while it was 52 per 1000 live births in sub-
Saharan Africa (UN, 2013).

The fifth round Multiple Indicators Cluster Survey
(MICS5, 2016-2017) showed that IMR in Nigeria
dropped to 70 per 1000 live births from 97 per 1000 live
births in 2011. A report by UNICEF placed Nigeria in the
11th position in global ranking of infant mortality due to
lack of assistance during delivery, poverty, conflict and
weak institutions. Report also showed that although the
situation has improved, the progress rate should be
increased for Nigeria to attain the Sustainable

Development Goals.

Mosley and Chen (1984) developed a popular
framework of the proximate causes of infant mortality
which linked infant deaths to socio-economic
determinants at individual, household, and community
levels. Child’s health and survival is hinged on the
environment where she is born, especially in Africa
(Entwisle et al. 2007, Arguillas 2008). The availability of
health amenities in communities greatly influence the
survival of young children (The Cebu Study Team 1991).
Previous studies have increasingly used multilevel
techniques to investigate the effect of contextual factors
on infant mortality, as distinct from the more general
individual  factors.  Socio-economic  development,
communities’ educational and literacy levels have strong
effect on infant’s health outcomes and nutritional status
(Parashar 2005, Boyle et al. 2006). Physical and social
attributes of the place of residence also affects the
health of young children, irrespective of the household
context where the child is born (Arguillas 2008). Hence,
this study is aimed at examining the variables that are
associated with infant mortality, the direction and
magnitude of the effect, and determination of the
geographical variations (if it exists) in the occurrence of
infant mortality in Nigeria. In this section we have
discussed the prevalence of infant mortality globally and
in Nigeria, and also some previous research that have
been done in this area. In section 2, the estimation
method employed is discussed. Results are presented in
section 3, and discussion of results in section 4, while
section 5 provides some concluding remarks.
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Data and Methods

Data

The study used data from Multiple Indicator Cluster
Survey (MICS5, 2016-2017). The survey was conducted
by the National Bureau of Statistics (NBS) in
collaboration with the National Primary Health Care
Development Agency (NPHCDA) and National Agency
for the Control of Aids (NACA), as part of the global
MICS programme. Two stage sampling technique was
employed such that out of 37,440 households sampled,
35,747 households were visited, 34,289 were occupied
and 33,901 were successfully interviewed, which gave a
response rate of 98.9 percent. Hence, the data was
collected from 33,901 households in 2,239 enumeration
areas across Nigeria. A total of 34,376 eligible women,
28,085 of mothers/caregivers of children under 5 years,
and 15,183 men were interviewed using structured
questionnaires aided by Computer Assisted Personal
Interview (CAPI) devices.

as:

One assumption of the single-level or standard logistic
model is that the measured units are independent. If
data are grouped and we have not taken account of
group effects in our regression model the assumption
will not hold.

Bayesian Hierarchical Logistic Model (Model 2)

In order to know if state and region of residence have
significant effect on the risk of infant deaths in Nigeria
and to determine the extent to which the effect of the
individual variables vary between the clusters, we
carried out a Bayesian hierarchical logistic regression
analysis. This is the second model. Bayesian
hierarchical modeling is a statistical model written in
multiple levels that estimates the parameter of the
posterior distribution using the Bayesian method. It is
used when information is available on different levels of
observational units and allows us to explore the

as:

where i, j and k are the indexes for the individual level,
state and region respectively. The estimated group level
variance represents the extent to which children in the
same group (state or region) are exposed to the same
conditions. This can be interpreted as the evidence of
differential mortality levels between groups. The higher
the estimated variance, the higher the level of inequality

METHODS

The outcome variable of interest is whether a birth in the
last one year is still alive or not. We labelled the survey
responses yi as 1 for children that died and O for
children that are still alive. The individual-level variables
(X) considered are: type of place of residence, wealth
quantile, mother’s level of education, Mother's age at
birth, gender, and previous birth interval.

Bayesian Logistic Model (Model 1)

The first model considered is the single-level Bayesian
logistic regression to know the odds of an infant dying
before his or her first birthday. It was carried out on the
individual level variables as predictors, and does not
take into account the possibility that a cluster factor
might influence infant mortality. This is the base model.
We assigned a normal prior to the  parameters and 2
their mean, while a uniform prior was assigned to the
variance parameter. The model is expressed

geographical clustering present in the data. For this
study state and region level predictors are not included.
Hence, a three-level logistic regression model with
unobserved second and third level predictors was fitted
on the survival status of children born one year before
the census, where the first level is children below the
age of 1, while the state and region in which the infant
lives were the second and third level respectively. We
assigned an inverse gamma prior to the state level
variance parameter, while a half-Cauchy prior was
assigned to the region level variance parameter
because it has small number of groups (six). We used
the same prior that were used for the standard Bayesian
logistic regression for the individual level parameters.
The three level varying intercept logistic regression
model can be expressed

estimated with Markov Chain Monte Carlo Methods
(MCMC) using R2jags software version 0.5-7. The
MCMC procedure is preferred because it gives less
biased estimates of variance parameters than quasi-
likelihood methods for binary response models (Browne,
2009). The Bayesian MCMC procedure is carried out by
running the simulation for 1000 burn-in and 4000
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INTRACLASS COEFFICIENT

Intraclass correlation coefficient (ICC) quantifies the
proportion of observed data that is attributable to the
effect of clustering (systematic differences between
clusters). It can also be interpreted as the correlation

Where TOjk and UOOk are the residual variance at the
second and third level respectively, while a2y is the level
1 error variance. In a multilevel logit model ¢ 2y = /3 by
assumption.

The ICC was calculated to quantify the degree of
homogeneity of the outcome within clusters. It reflects
the the unobserved factors that are shared among
infants in the same group.

RESULTS

among observations within the same cluster, it ranges
from 0 to 1, where ICC = 0 indicates that there is no
between cluster variation, while ICC = 1 indicates that
observations only vary between clusters. The usual
formula for ICC for a three-level model is:

| ™

DESCRIPTIVE ANALYSIS OF VARIABLES

Table 1 shows the distribution of the explanatory
variables and the survival status of infants in each
geopolitical region in Nigeria. Among the 5696 infants
included in the survey, 386 died before age one. 16.84%
of these deaths occurred in North Central, 16.06% in
North East, 40.93% in North West, 7% in South East,
8.29% in South South and 10.88% in South West. Table
2 shows the number and proportion of infants that died
and those that are alive at different covariate levels.

Table 1: Descriptive analysis of dependent and explanatory variables
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BAYESIAN MODEL

Table 3 shows the model outputs. Both models gives the
same direction of the effect of the variables considered,
but the magnitude of the effect vary for some variables
while it remains unchanged for others. For the multilevel
model, infants residing in an urban area had 14%
significant lower odds [OR: 0.86, Cl: 0.74, 0.99] of dying
compared to those in rural areas, also children from rich
households had 7% lower risk of dying compared to
those from poor households although not significant.
Birth interval of more than 2 years significantly reduced
the odds of an infant dying by 29% compared to birth
interval of 2 years, while birth interval of less than 2
years was significantly associated with 59% higher odds
[OR: 1.59, CI: 1.32, 1.92] of infant deaths. Male infants
had 14% significant higher odds of dying than female
infants. Mothers with no education was associated with
19% significant higher odds of infant deaths compared
to mothers with secondary or higher education for model
1 but we found this effect to be insignificant for model 2,
while the significant reduction in the risk of dying for

infants residing in urban areas compared to those in
rural areas that was observed in model 2 was
insignificant in model 1. The effect of mothers age,
gender and birth interval is the same for both models.
We can also see from table 3 that 7% of the variations in
infant deaths is significantly explained by between
regions differences, while 10% of the variations is
significantly explained by between states differences.

To see the geographical variations in infant mortality in
Nigeria, we look at the distribution of the predicted log
odds of infant mortality of the states and regions. It can
be observed from Figure 1 that the North West had the
highest log odds of infant deaths in Nigeria, while the
South West had the lowest log odds of infant deaths.
Generally, the Northern parts of Nigeria seems to be
associated with a higher log odds of dying than other
regions. Figure 2 shows that among the states in
Nigeria, Lagos and Edo state had the lowest log odds of
infant deaths while Kano state had the highest log odds
of infant deaths.
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Table 3: Odds ratio and 95 % credible intervals for the effect of individual level factors on infant mortality in Nigeria
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Figure 1: Boxplot showing predicted log odds of infant deaths across the geopolitical regions in Nigeria.
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Figure 2: Boxplot showing predicted log odds of infant deaths across the states in Nigeria. 10

DISCUSSION OF RESULTS

The effect of place of residence, maternal age at birth
and level of education, child’s gender, household wealth
quantile, and previous birth interval on infant mortality in
Nigeria was examined. A Bayesian hierarchical model
was employed to examine the influence of the states
and regions of residence on an infant’s risk of dying. The
results indicated residual state and regional-level effect
on the risk of infant deaths, even after controlling for
individual-level explanatory variables. There was
observed higher clustering at the state-level in
comparison to the region-level. These results suggest
that states and regions of residence also had a
significant effect, though not to a large extent, on the risk
of infant deaths. We found that infants in the North are
at more risk of dying than infants in other regions. Type
of residence, child’s gender, and birth interval were
significant determinant of infant

mortality. The estimates obtained from the analysis
showed that residing in an urban area reduced the risk
of infant deaths in comparison to rural areas, this could
be due to a better access to health care, portable water,
and other improved environmental facilities enjoyed by
people in urban areas. Birth interval above two years
was found to be linked with a lower risk of infant deaths,
while an interval below 2 years was related with a higher
infant mortality risk compared to a birth interval of two
years. This agrees with previous reports that close child
spacing increases infant mortality risk (Bolstad and
Manda 2001) possibly due to maternal depletion
syndrome and contest between siblings for available
resources (Rutsein 2005). It was also observed that
male infants have higher mortality risk than female
infants. This finding seems to be in agreement with
reports that male infants are biological disadvantaged in
Africa (Waldron, 1998). Before accounting for state-level
and reaion-level differences, mother’s with no education

mortality while the effect of residing in an urban area
was insignificant, but after accounting for these
differences, the effect of no maternal education was
found to be insignificant while that of place of residence
was significant, suggesting that not accounting for the
geographical clustering resulted in incorrect estimated
effects. A major surprise is the finding that middle class
households had higher risk of infant deaths compared to
poor households. This observation seems controversial
and requires further investigation for a better
understanding of this reversal from previous reports.

CONCLUSION

The study analysed infant mortality in Nigeria by
considering the hierarchical nature of the data and
investigated the geographical variation of infant
mortality. The result suggests that child spacing through
family planning and providing improved facilities in the
country can reduce infant mortality. The results from the
hierarchical modelling shows that there is need for state
and geopolitical region level implementation of policies
to drastically reduce infant mortality, especially in states
with higher prevalence.
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chains. If the chains converge, the plot should show
rapid up-and-down variation with no trends. The trace
plots and marginal density plots in Fig 3 shows that the
chains converges for all the parameters represented by
b [1],...,b[11].
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Figure 3: Traceplot showing convergence.
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Posterior predictive checking was used to assess the fit
of the model. Datasets were generated from the
predictive distribution of the model, and were compared
to the observed datasets. This goodness-of-fit tests
were conducted using DHARMa R-package. Fig 4
shows the QQ plot on the left and residual plot on the
right. QQ-plot detects overall deviations from expected

distribution and also test for uniformity and outliers. The
p-values obtained from the Kolmogorov-smirnov (KS)
test and the QQ-plot showed that the residuals follow
the expected uniform distribution, the residual plot also
showed that there was no pattern in the residuals. The
result of the outlier test implies that there are no
significant outliers.
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Figure 4: Residual plot.

Note: When interpreting DHARMA residuals, the
residuals are expected to follow a uniform distribution
instead of the normal distribution, and are standardized
to values between 0 and 1. Fig 5 shows that there is no
over/under dispersion or zero-inflation in the model.
Over-dispersion occurs when the observed variance is

DHARMa nonparametric dispersion test via sd of
redidials fivted v, simulated
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[81]
i
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higher than the variance of a theoretical model, while
under dispersion means that that the observed data has
less variation than the predicted data. Zero inflation
occurs when the observed proportion of zeros is greater
than expected from the theoretical logistic model.
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Figure 5: Tests for dispersion and zero-inflation.



