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Abstract

Background: Under-five mortality (U5SM) is a global public health concern as it is a
measure of a country’s overall performance. Zimbabwe failed to achieve millennium
development goal 4 (MGD) to reduce U5M by two thirds in 2015 and as we target
to achieve sustainable development goal 3 (SDG) which aims to reduce U5M to 25
deaths in 1000 live births in 2030, there is need to review the progress during the last
two surveys (2011 and 2015) of the MDG period and identify risk factors of U5M.
Children from the same geographical region are affected by similar factors, some of
which are unmeasured and accounting for these factors through the incorporation of
spatial effects produces more informative results. Therefore, the aim of this study was
to determine and compare the spatial distribution of U5M while adjusting for possible

risk factors in Zimbabwe at the district level between the two surveys.

Methods: The current study was based on secondary data analysis of data collected
in the 2011 and 2015 Zimbabwe demographic and health surveys (ZDHS). The
study population consisted of under-five children aged 0-59 months (both alive and
dead). To describe the data, we used frequencies and percentages for categorical
variables while means and standard deviations were used for continuous data.
Univariate analysis of survival experiences for categorical variables was visualised
using non-parametric Kaplan-Meier (KM) plots. Bayesian spatial survival models
based on Markov chain Monte Carlo (MCMC) simulation techniques were fit to

determine the spatial distribution of U5M at the district level for both surveys.



Cox proportional hazards (Cox-PH) and accelerated failure time (AFT) models
were the survival analysis models that were fit and they were adjusted for spatial
frailty and possible risk factors of USM. These models were run in OpenBugs and
R statistical software and the best fit model was selected based on the lowest
deviance information criterion (DIC) value. For visualisation of spatial heterogene-

ity of UBM at the district level, maps were plotted in both software for the two surveys.

Results: A total of 5,563 participants were considered in the 2011 survey and 6132
in the 2015 survey. After accounting for sampling weights, we found that 6.93% and
5.65% of the children died before five years in the 2011 and 2015 surveys respectively.
Findings indicate that the U5M rates were significantly lower in 2015 compared
to 2011. Relative to their respective reference categories which were singleton
birth, being a boy child, average size at birth, being married, mother’s non-use of
contraceptives and Apostolic religion, the following results were obtained for U5M
factors from the Cox-PH models. Multiple births (posterior HR (PHR) = 3.84; 95%
CI: 2.56 - 5.50), being a girl child (PHR = 0.74; 95% CI: 0.60 - 0.90), the small size of
child at birth (PHR = 1.73; 95% CI: 1.26 - 2.25), mother’s single marital status (PHR
= 0.32; 95% CI: 0.083 - 0.74), mother’s contraceptive use (PHR = 0.53; 95% CI: 0.42
- 0.66), Pentecostal religion (PHR = 0.72; 95% CI: 0.51 - 0.94) and rural residence
(PHR = 0.70; 95% CI: 0.48 - 1.00) were significantly associated with U5M in the
2011 survey. In 2015, multiple births (PHR = 4.52; 95% CI: 3.11 - 6.28), being a girl
child (PHR = 0.79; 95% CI: 0.63 - 0.96), the small size of child at birth (PHR =
1.81; 95% CI: 1.32 - 2.37), the large size of child at birth (PHR = 1.47; 95% CI: 1.15
- 1.85), mother’s single marital status (PHR = 0.55; 95% CI: 0.24-0.99) , mother’s
contraceptive use (PHR = 0.51; 95% CI: 0.41 - 0.64), Pentecostal religion (PHR
= 0.46; 95% CI: 0.24- 0.78) and other religions (PHR = 0.61; 95% CI: 0.42-0.84)
were significantly associated with U5M. Maps for exceedance probabilities suggested

spatial clustering of USM hotspots. Regions with higher chances of UbM hazards

v



and low survival times were clustered in the northern, middle and eastern parts of
Zimbabwe, while regions with lower chances of hazards were clustered towards the

southern and western parts of Zimbabwe for both survey points.

Conclusion: Information on the geographical distribution of U5M across the country
is important in understanding how frailty due to unmeasured effects at the district
level can affect child survival. There were geographical variations in U5M across the
country and we identified districts from the northern, central and eastern parts to be
hotspots that persisted between the two surveys. This points towards the need for
implementation of strategies and targeted interventions at the subnational level to
guide resource allocation to fast-track progress in reducing UsM. Even though there
was significant progress in decreasing UbM between 2011 and 2015, the mortality
rates remained relatively high and if Zimbabwe is to achieve SDG 3 by 2030, then

fundamental steps must be taken towards tackling the U5M risk factors.
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Chapter 1

INTRODUCTION

1.1 Background

Under-five mortality (U5M) is a public health concern worldwide since it is a sensitive
indicator of the overall performance of a country. The under-five age group is known
to depend on the socio-economic conditions of their environment compared to other
age-groups. Due to the high global USM rate estimated at 93 deaths per 1000 live
births in 1990 (1), the Millennium Development Goal (MDG) number 4 was set to
reduce USM by two thirds (67%) between 1990 and 2015 (2). This goal was reviewed
at the end of 2015 and was translated to Sustainable Development Goal (SDG)
number 3. SDG number 3 aims to reduce neonatal mortality to 12 deaths per 1000

live births and the under-five mortality rate to 25 deaths in 1000 live births by 2030 (3).

The average U5SM in Sub-Saharan Africa (SSA) was estimated at 76 in every 1000 live
births in 2017, which was 20 times higher than in developed countries’ regions with

the lowest under-five mortality like Australia and New Zealand and 14 times higher
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than in high-income countries in Europe and Northern America (1). Zimbabwe is one
of the SSA countries which failed to attain MDG number 4. The U5M was estimated
at 75.8 deaths in 1000 live births in 1990 and only decreased to 70.7 deaths in 1000

live births in 2015 (4). This decrease is way too far to reach the set targets.

Most SSA countries failed to meet MDG number 4 because of poverty, corruption,
poor allocation and distribution of resources and misplaced priorities (5). Studies have
shown that the variation in the occurrence of childhood mortality is associated with
household socio-economic factors as well as geographical factors (6). The economic
hardships faced by low-income countries greatly affect resource mobilization and
shortages of resources have a direct negative impact on the under-five child mortality
rates. It is, therefore, crucial to determine some of the factors associated with child
survival in Zimbabwe and how these factors changed between 2011 and 2015 and
compare the spatial patterns of UbM between 2011 and 2015 as the country targets
to achieve SDG 3 by 2030.

Since factors associated with childhood mortality are multifaceted and likely to
operate in various complex ways, an appropriate statistical methodology that
addresses these complexities are required. In particular, socio-demographic and
economic patterns of child mortality vary greatly from place to place and over
time. Traditionally, classical statistical models such as correlation coefficients and
regression models have been used to model child mortality (7,8) and only produce
summary statistics and measures of the association at one particular site but ideally,
it cannot be assumed that these relationships hold everywhere within a country.
That is, space (spatial) effect of the USM is not considered in such approaches
but it is known that the socio-economic and demographic factors vary from space

to space and over time (9). Moreover, one of the limitations of these models is
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that the models do not take into account the time contribution of a child. That
is; a week-old infant is assumed to have the same contribution as a child who is
a few weeks to his/her fifth birthday. It is imperative to note that children do
not have the same survival time, some succumb to death very early in life, some
experience the event later while some may live past five years. Frail individuals are
usually at higher risk of experiencing death earlier than those who are not (10),
and frailty may be due to several factors. One of the factors is frailty attributed to
unmeasured spatial effects and can be shared by individuals from the same region.
This study aimed to account, for spatial effects of U5M rates using a geo-additive
Bayesian model, in survival data to assess spatial heterogeneity of UbM and identify
possible risk factors of childhood mortality. The proposed model assumes Gaussian
Markov Random Field (GMRF) priors for the spatial covariate and estimation

is based on the appropriate Markov chain Monte Carlo (MCMC) simulation techniques.

The geo-additive model was fitted to determine the spatial heterogeneity in under-
five mortality rates and other factors associated with USM in Zimbabwe using the
Zimbabwe Demographic Health Survey (ZDHS) data collected in 2011 and 2015. The
spatial clustering of USM rates was assessed at the district level between these two-time
points. Understanding any spatial clustering of USM at the district level may help to
come up with targeted interventions, guide policy formulation and may give a general
guide in the allocation of scarce resources to where they are direly needed especially

in low-income countries.

1.2 Problem Statement

Zimbabwe is one of the countries in the SSA region trailing in achieving SDG 3 by

the year 2030. U5M rates have been decreasing at a very slow pace and a reduction of
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only 6.7% was attained between 1990 and 2015. The recent 2015 ZDHS estimated the
U5M rate at 69 per 1000 live births (11); while the UM rates estimate is decreasing,
the childhood deaths are still considered relatively high. The SDG predictions show
that Zimbabwe will not be able to achieve the remaining gap by 2030 due to its
economic turmoil currently affecting the country (1). Most of the earlier studies
conducted on U5M rates have focused on the classical statistical methods which
ignore the time components making use of simple regression models (7,8,12,13) and
those studies which accounted for the time to examine socio-demographic, economic
and health-related risk factors in specific settings of UbM have generally failed to in-

corporate spatial aspects (9,14,15). However, the U5M burden may vary across regions.

Moreover, such investigations which ignore the spatial aspects of USM and only focus
on the socio-demographic, economic and health-related risk factors usually explain very
little of the variation of mortality rate in children. Such modelling approaches may
not provide conclusive findings useful for policy formulation as results are generalized
to all the country’s regions and at times biased estimates may be reported. Therefore,
using a geo-additive Bayesian model, in survival data assuming Gaussian Markov
Random Field (GMRF) priors for the spatial covariate and estimation based on the
appropriate Markov chain Monte Carlo (MCMC) simulation techniques may be a
better modelling approach for such data to understand the determinants of under-five

mortality in Zimbabwe at the sub-national level.

1.3 Justification

Infant and child mortality has been studied to a considerable extent in SSA and most
studies have applied classical approaches using descriptive statistics and regression

modelling which do not take into account the proximity of participants from the same
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area and also do not consider the time it takes for a child to die. These standard
statistical models ignore the spatial dimension in childhood mortality resulting in
population-level socioeconomic variables and health resources not explaining fully
the mortality rates. However, the inclusion of spatial modelling gives an in-depth

overview of how the UbM burden varies from space to space.

Very few studies have been done in Zimbabwe to model child survival; however, to our
knowledge none of the studies has made use of geo-additive spatial survival Bayesian
models which consider spatial frailty. The geo-additive spatial survival Bayesian
models do not only pinpoint the marginalized regions but also hotspots where
under-five mortality is high. These models help to identify any regional inequalities
across the country to save more children’s lives by ending any preventable childhood

deaths, which are a global priority.

Moreover, very few studies have studied this area using ZDHS which is a rich database
to provide baseline information in a country. Usually, the published ZDHS report only
provides information on the aggregated level which masks the spatial variations; hence,
it is important to reveal these spatial variations of U5M at a lower administrative level
in a region. Findings from this study will be useful in health planning and resource
allocation at the sub-national level. The results on the distribution of U5M in different
regions will guide policymakers as they come with region-specific interventions to

mitigate the problem.
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1.4 Conceptual Framework

To identify U5M determinants for this study, we considered the Mosley and Chen
framework (Figure 1.1), which is a widely used framework in studies on child survival
and was developed by Henry Mosley and Lincolin Chen in 1984 (16). Mosley and
Chen suggested that USM was a result of interaction between biological factors and
socio-economic factors over time and hence U5M should be considered as a chronic
process rather than a sudden event. (16). In the framework, the biological factors were
treated as the proximate factors and were divided into maternal factors (maternal age
at childbirth, contraceptive use, maternal BMI, birth interval, parity); environmental
(pollution); nutrition; injury; and illness control (prohibition and therapy). The
Socio-economic factors were treated as distant factors and handled at the individual
level (culture, attitude, religion), household level (wealth status) and community level

(service delivery, economy) (16,17).

Socio-Economic Determinants

k. N N N

Envir tal . . .
Martenal Factors IIIFSHInes Nutrient Deficiency Injury
Contamination
4
4 o -
Healthy Sick
Prevention [
Treatment
Personal Illness | Growth )
. » Mortalit
Control Faltering 24

Figure 1.1: Mosley and Chen framework of child survival

The conceptual framework for the current study (Figure 1.2), which links U5M to
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various derteminants was adapted from the conceptual framework developed based
on the Mosley-Chen framework by Lamichhane et al. in 2017 (17). The factors
associated with U5M were grouped into community level, socio-economic and proximate
determinants (maternal and child-related factors). The proximate factors had a direct

effect on USM while socio-economic and community factors indirectly affected U5M.

Community Level Factors

-Residence - Delivery Assistance Personnel
- Begion - Place of Delivery

Socio-Economic F actors

-Wealth Index - Maternal Education
- Religion - hiarital Statns
v
Proximate
Determinants
|
' '
Maternal Factors Child Factors
- Maternal Age at Chuldbirth - Sex of Chuld
- Contraceptive Use - S1ze of Cluld at Buth
- hatemal BMI - Birth-Order
- Breastfeeding - Type of Birth
Under-Five
Mortality

Figure 1.2: Conceptual framework of under-five mortality

1.5 Literature Review

The burden of USM remains a global public health concern; however, substantial
efforts have been made by governments and other organisations such as the United
Nations (UN) to reduce the U5SM rates over the past decades. Despite this positive

global progress, uneven progress has been observed in developing countries which
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are still lagging due to various socio-economic challenges faced by these countries
(18). Though some developing countries have shown a decrease in U5M rates
in the past years, the decline has been of minimum to negligible magnitude in
most countries (18). SSA still accounts for most of the world’s UM with an
average of 76 deaths per 1000 live births (1). The U5M has disproportionately
affected SSA countries as USM rates are lower in Southern parts of the region and

increases as you drift away from Southern Africa towards West and Central Africa (18).

Extensive research has been done on infant and child mortality and associated risk
factors in SSA and several factors are associated with U5M. For child-specific factors,
baby size at birth proved to be a significant risk factor of U5M and small babies
(birthweight < 2500g), were more likely to die than normal-sized babies (birthweight
> 2500g)(19-21). A condition called fetal macrosomia which is defined as large baby
size at birth (birthweight > 4000g) and is caused by factors like high maternal age,
genotype, diabetes and high maternal BMI has also been shown to be one of the
driving factors of U5SM in developed countries such as Turkey and the USA (22,23)

and this might also be the case in SSA.

Nutrition was critical in reducing the risk as those infants and babies who are
malnourished had an increased risk of death (24). Azuine et.al investigated the
association between exclusive breastfeeding and U5M and suggested that the
nutritional benefits of breastfeeding were essential for the full development of a child
and the antibodies in breast milk provided immunity against infections and diseases
which was protective against mortality (25). As far as the sex of a child is concerned,
U5M has been reported to be significantly higher in boys compared to girls and the
explanation for this might be that biologically boys had a weaker immune system

than girls (26,27). From literature, multiple births were a risk factor of child mortality
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when compared to singletons (28) and findings from a study in Bangladesh suggested
that multiple births were associated with complications at birth, higher risk of having
defects and disabilities and being small in size all of which decreased the chances of

survival (29).

Previous studies have investigated the effect of maternal factors which include parity,
birth spacing, contraceptive use, antenatal care, postnatal care, maternal age on
infant and child mortality. As we would anticipate, there is a very close relationship
between USM mortality and maternal factors; however, the effects of these factors
decrease as the baby grows older (15,27). Kembo and Van-Ginneken stressed the
importance of maternal age in child survival and reported that young mothers (less
than 20 years) in Zimbabwe had a higher chance of losing their child in infancy as
they were more prone to experiencing delivery complications and also lacked the
necessary knowledge and experience on raising a child (15). Contradictory results
have been obtained on the effect of maternal education on infant and child mortality
since some studies have reported a strong association between education and USM
(8,12) while other studies have reported an insignificant relationship between maternal

education and U5M (30).

A study conducted in Zimbabwe reported that higher education attainment of the
mother improved child (those aged one year and above) survival but had little or
no effect on infant (those aged less than one year) survival (15). Antenatal care
and postnatal care are very crucial factors in reducing the risk of USM as reported
in some studies (13). The more the clinical visits of the mother, the lower the
chances of infant mortality. Family planning or contraceptive use by women is

usually done by people who are concerned about their wellbeing and plan their families.
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In a study done in Kenya and Zimbabwe on the effect of contraceptive use on UbM, it
was shown that contraceptive use improved preparedness, reduced unplanned pregnan-
cies, lowered chances of high-risk births, increased birth interval; hence lowering U5M
risks (31). In an investigation on the effect of socio-economic factors on U5M, Kamniki
et al. reported that married mothers were less likely to experience a loss of a child. Rea-
sons being that married women got financial and social support from their partners and

marriage allowed for bringing together resources to provide for the child’s wellbeing (7).

It is evident from the literature that socio-economic activities are associated with
child survival and the use of cleaner fuels, improved sanitation (piped water and
toilet facilities) and high wealth status have been proven to significantly reduce
infant and child mortality in SSA (8,15). In his paper on childhood diseases in
Zimbabwe, Tsiko suggested that the disparities which exist in U5M between nations
extend to the sub-national level, and variations are observed in regions within the
same country as provinces and districts possess diverse environmental conditions
such as climate (rainfall, temperature, wind), soils which are associated with infant
and child morbidity and mortality (26). Furthermore, economic activities such as
agriculture, mining, etc. also affect the environment and these are practised at
different magnitudes across the country, and they have played a significant role in

childhood morbidity and mortality (26,32).

In terms of location, rural areas and urban areas might share similar geographical
locations but the environmental conditions are different. A child born in an urban area
has been shown to have a higher chance of survival compared to a rural counterpart
and also a child born in a conflict-free environment has a better chance of survival
compared to a counterpart in a conflict infested region (6). Religious affiliations and

cultural beliefs play a crucial role in USM as age at sexual debut, age at marriage and
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the peoples’ willingness to use healthcare facilities depend on culture and religion and

these factors are strongly associated with child survival (33).

1.5.1 Frailty in Survival Analysis

The above risk factors are due to measured factors of under-five mortality but some
factors cannot be easily measured and accounting for such factors in the study may
give better results, since unmeasured effects introduce some frailty in the populations.
Infants and children who are frail are at a higher risk of dying before their fifth birthday.
In this context, frailty may be defined as some state of vulnerability attributed to
unmeasured effects such as genetic conformation, lifestyle, environmental factors, etc.
which cannot be distinctly measured or uniquely identified in individuals (34). In
consideration of frailty survival analysis, we are interested in the different survival
experiences of individuals and the variability in time to the event which emanates
mainly from two sources which are fixed effects and from the frailty random effects
(34). Frailty can be at the individual level; the univariate case or can be common
amongst groups of people or clusters in which case it is called the multivariate case
(35). Naturally, we would expect individuals from neighbouring regions to experience
similar survival times due to similar environmental and service delivery factors. As a
result, in statistical inference, we should consider fixed effects and the random effects
(frailty) due to spatial variations as there is a high correlation in survival times of

individuals from the same region because of shared frailty (36).

1.5.2 Bayesian Spatial Survival

Frailty models have been important in survival analysis and have been used to fit
models on infant and child survival where most authors preferred Cox-PH models
with frailty (37-39). Survival analysis using Cox-PH has been used to model U5M in

Zimbabwe and examples are Kembo and Van-Ginneken who used Cox-PH to model
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infant and child mortality using 2005-06 ZDHS data (15) and Yaya et al. who did
a similar study but used 2015 ZDHS data to model U5M and associated maternal
factors (19). In both studies, maximum likelihood estimation (MLE) was used and

the geographical variations of USM were not considered.

In SSA, a few studies on spatial survival of under-five children have been done;
Gayawan et al. applied a fully Bayesian approach and used geo-additive discrete-time
survival modelling to determine spatial variations of U5M in West Africa using
2008-2013 DHS data. (32). Kandala and Ghilagaber also applied geo-additive
Bayesian discrete-time spatial survival modelling to study geographical differences
of USM at the district level in Malawi using 2000 DHS data. (40). Cox-PH
with frailty model was used by Kazembe et al. to model cross-sectional census
data on geographical inequalities of infant and child mortality in three SSA
countries (Rwanda, Uganda and Senegal) (41). Similarly, a study conducted in Nige-

ria used Cox-PH to model determinants associated with UsM using 2013 DHS data (9).

Survival analysis with the spatial random effects has not been applied much to U5M in
SSA. In this study we were interested in using survival analysis models to incorporate
frailty random effects and determine the geographical variations of UM after adjusting
for associated factors. The use of cross-sectional DHS data from a one-time point in
survival analysis was demonstrated in the studies above and, in this study, we sought
to use ZDHS data in the same way but from the last two surveys (2011 and 2015),
to monitor the progress of child survival in Zimbabwe. To achieve this, we explored
the use of OpenBugs Bayesian statistics software and R statistical software to fit the
models. OpenBugs is well adapted for time-to-event spatial data and has over the past
been used to fit Cox-PH (42,43) and AFT (44-46) models. More recently, a package

has been developed to fit Bayesian spatial survival models (Cox-PH, AFT and PO) in
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R statistical software (47) and it is worth using in modelling U5M.

1.6 Research Question

What are the determinants and geographical variations of under-five mortality in

Zimbabwe between 2011 and 2015 survey points?

1.7 Objectives

1. To describe and compare under-five mortality rates by background characteristics

between 2011 and 2015 survey points.

2. To determine and compare associated risk factors of under-five mortality in

Zimbabwe between 2011 and 2015 surveys points.

3. To determine and compare the spatial heterogeneity (structured and unstructured
effects) of under-five mortality adjusting for possible risk factors in Zimbabwe at

the district level between 2011 and 2015 surveys points.



Chapter 2

METHODS

2.1 Introduction

This chapter outlines the methods which were used for data collection, extraction,
transformation and analysis. It starts by describing the study design, study site and
population. It then outlines the data management steps including data extraction,
cleaning and recoding and lastly the spatial survival analysis techniques which were

used to model USM are described.

2.2 Study Design/Site

Secondary data analysis based on the ZDHS under-five children’s data collected in
2011 and 2015. Hence, this study was conducted in Zimbabwe. Zimbabwe is an inland
country bordering South Africa, Botswana, Zambia and Mozambique. The country
is partitioned into eight provinces (Manicaland, Midlands, Masvingo, Matabeleland

South, Matabeleland North, Mashonaland East, Mashonaland West and Mashonaland
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Central) and two metropolitan cities (Harare and Bulawayo) with Harare as the
Capital City of the country (Figure 2.1). These provinces are further portioned into
districts giving a total of 60 districts (Figure 2.2) which further break down into more
than 1500 wards.

Zimbabwe Provinces

A

M BN 00 ] «0o0km

Figure 2.1: Map showing Zimbabwe provinces labelled by names
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Zimbabwe Districts

A

BN 0 ok

Figure 2.2: Map showing Zimbabwe districts labelled by names

2.3 Data Sources

The data used for this study came from the Zimbabwe national Demographic Health
Surveys conducted in 2011 and 2015. The surveys are done countrywide after
every five years to obtain the latest quality data which has been collected using
expert techniques to monitor demographic and health indicators. The data was
collected through individually administered questionnaires. The questionnaires
collect information on maternal and child health, reproductive health and fertility,
HIV/AIDS, immunization, nutrition, child mortality and household data. In the

women’s questionnaire, some of the information collected is on birth history and
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childhood mortality which this study focused on (11,48).

The sampling technique used in these surveys was the multistage stratified sampling.
The two-staged stratified sampling process is done to identify the particular household
to be considered in the survey. Firstly, the stage was the selection of enumeration
areas (EA) which are embedded within wards (11,48) . In 2011, 406 EAs were selected
of which 169 were in urban and 237 in rural areas (Figure 2.3). In 2015, 400 EAs were
selected of which 166 were in urban and 234 in rural areas (Figure 2.3). The second
stage involved the selection of households; in 2011, a total of 9,756 households were
interviewed while in 2015, 10,535 households were interviewed (11,48). From these
selected households, 9171 eligible women (15-49 years) and 7480 eligible men (15-49
years) were successfully interviewed in 2011 (48). Similarly, for the 2015 survey, a
total of 9955 eligible women and 8396 eligible men were successfully interviewed (11).
The survey also collects information for children aged 0-59 months from women of the
reproductive age group. The detailed information of sampling instruments, sampling
techniques, data collection and management used by ZDHS is publicly available (

https://dhsprogram.com/).

2011 Enumeration Areas

Figure 2.3: Enumeration (cluster) points for 2011 (left) and 2015(right) ZDHS.


https://dhsprogram.com/
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2.4 Data Quality

The DHS datasets come from a standardized survey done in many countries every five
years. The datasets are cleaned and compiled after every survey and stored in different
files for each country namely household, household members, women, men, HIV,
births, couples, and children including the under-five children’s data files that were
used in this study. The data collected is of high quality, as interviews are conducted
by specially trained personnel on participants with high response rates across all the
country’s regions. Due to the design of the survey, the variable information is weighted
to represent the true population from which the data is collected at the cluster level.
Standard and consistent datasets are stored and comparisons between two survey
time-points can easily be done (49). Although the data is of high quality, it is not
perfect and some of the downfalls of DHS data are that different EAs are used every
time a survey is done, and this might affect comparability. There are also sensitive

questions asked in the surveys and these may not always be answered correctly.

2.5 Current Study Population

This study targeted under-five children aged 0-59 months both alive and dead as
recorded in the 2011 and 2015 survey data. Only live births were considered, and
any record of still birth and miscarriages excluded. The final sample sizes for the

under-five children were 5,563 and 6,132 in 2011 and 2015, respectively.
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2.6 Data Management

2.6.1 Data Extraction
Outcome Variable

The U5SM information of children born 0 to 59 months before the survey was extracted
from the birth history section of the individual women file. For each live birth to a
woman, information on year and date of birth, whether the child is dead or alive, the
age at death (if the child was dead), sex of the child was captured. The U5M rate
was estimated from the data in the birth history from a child’s birth, survivorship
status, and age at death (if dead). The outcome variable for this study was the risk
of under-five death which was measured from the duration of survival in days. This
was defined as the risk of a child dying before reaching its fifth birthday. The survival
status of infants was further recoded as ‘1’ for the infant who died within the first 59

months of life and ‘0’ for infants who survived beyond 59 months of life.

Independent Variables

The variables used in this study only came from the children’s data file. Literature
guided variable selection and the variables extracted include cluster number, sample
weight, date of death, date of birth of the child, date of the interview, mother’s
age at birth in years (continuous variable), child’s birth-weight in grams (continuous
variable), and size (small, average and large at birth), contraceptive use (yes or no),
religion (Christianity, Pentecostalism, Apostolic and the rest classified as other), wealth
index (poor, average and rich) , region, mother’s marital status (single, married and
widowed /divorced), birth type (singleton or twin (multiple)), mother’s education(no
education, primary and secondary /higher level), sex of child (male or female) and

type of residence (rural or urban).
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2.6.2 Data Preparation

The extracted data was cleaned by checking for completeness of the information and
checking how the variables were coded. Entries with numerical codes for missing
values such as child’s birth weights were re-coded to missing. Recoding of categorical
variables and renaming of variables was done for ease of data handling. New variables
were generated from some of the existing variables. For instance, the wealth quantile
variable had five categories which were further reduced to three categories for easy
data interpretation. The outcome variable named “child alive” in the ZDHS was
reverse coded such that “0” indicated a child who was alive and “1” indicated a child
who died. Time to death in days was calculated using the date of birth and date of
death if the child died while those who were alive were censored based on the date of

interview from the date of birth.

2.6.3 Missing Data

Exploratory data analysis was used to determine the data structure for each variable
and identify any missing values. Most of the variables we selected were complete
and from the 2011 dataset, contraceptive use and size of the baby at birth were the
two variables with missing data while from the 2015 dataset, the size of the baby at
birth had missing values. The data were assumed to be missing at random (MAR)
and multivariate imputation by chained equations (MICE) package in R statistical
software was used for imputation of the missing values (50). A sensitivity analysis
(Appendix B) using the standard Cox proportional hazard model on both complete
case data and imputed data showed that imputed data did not improve the model
estimates as the missing percentages were below 3%; hence, the imputed data were

very similar to complete case data and inferences were based on this data.
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2.7 The MICE method

Missing data imputation was done using the mice package in R statistical software,
developed by Stef van Buuren and Karim Groothuis-Oudshoom in 2011 (50) and it uses
a Gibbs sampling algorithm in MCMC technique. MICE method needs a few iterations
and is done variable by variable on target columns as the complete variables are used
to predict the missing values. From the selected data, two variables had missing values
from the 2011 dataset, and these were the size of the child at birth and contraceptive
use while the size of the child at birth was the only variable with missing values
from the 2015 dataset. There was a total of 150 missing values in the 2011 dataset
of which 12/5563 (0.22%) were for contraceptive use and 138/5563 (2.75%) were

for size while there were 26/6132 (0.42%) missing values for size at birth in 2015 dataset.

Imputation of missing values was run using five imputation models, and to achieve
convergence a maximum of 50 iterations were done under the assumption that data
were MAR. The size of the baby at birth was a categorical variable with three ordered
classes (large, average and small); hence, the proportional odds model for ordinal
data was used as the imputation method. In contrast, the contraceptive variable was

imputed using the logistic regression imputation method since the variable was binary.

2.8 Spatial Data

The polygon shapefile data for the Zimbabwean map was downloaded from the DIVA
shapefile site (https://www.diva-gis.org/) (51). A boundary shapefile with 60
administrative levels (districts) was used to define the spatial unit of analysis in
this study. The Zimbabwe centroid data shapefiles with the specific EA coordinates
corresponding to the survey cluster variable were obtained from the DHS website

(https://dhsprogram.com/) (52).An open-source system, Quantum Geographic In-
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formation Systems (QGIS) (53) was used to match the clusters (centroid shapefile)
and spatial polygon shapefile (Figure 2.3 and 2.4). For spatial analysis in R, the
shapefiles were loaded directly as R can read shapefiles (shp format) but for spatial
analysis in OpenBugs, we converted the shapefiles in R to S-plus format and exported

them to OpenBugs.

2.9 Statistical Analysis

Objective 1: To describe and compare under-five mortality rates by background
characteristics between 2011 and 2015 survey points.

Descriptive statistics, that is, frequencies and percentages for categorical variables
were used and continuous variables were summarised by means (SD) as the data
were normally distributed using STATA version 15.0. Univariate analysis of survival
experiences by the group was visualised using non-parametric Kaplan-Meier (KM)
plots and analysis was done in R statistical software version 3.6.2 (54) using the
survival package for analysis of survival times and ggplot2 and fortify packages
for plotting the survival experiences with time (55). The log-rank test was used

to determine the difference in survival rates between an independent group of variables.

Objective 2: To determine and compare associated risk factors related to under-five
mortality in Zimbabwe between 2011 and 2015 survey point.

Semi-parametric and parametric geo-additive Bayesian survival modelling approaches
were used for the study. Semi parametric Cox proportional hazards (Cox-PH) model
was used with and without the spatial term. The MLE approach was used for the
non-spatial Cox-PH model while for the spatial models, the geo-additive Bayesian
survival model with frailty terms was used with prior information assigned to all

unknown parameters. Similarly, parametric AFT was fit with and without a spatial
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term. The parametric geo-additive Bayesian models assume the baseline hazard
function to be either log-logistic, Weibull or log-normal accelerated failure time (AFT)
models with frailty. The models were fitted in OpenBugs Bayesian software version
3.2.3 (56) and R statistical software. The motivation behind using the Cox-PH and
AFT models was based on that the Cox-PH gives the chances of a child dying as
hazard ratios and the AFT models give the differences in terms of the number of
days survived by a child in the study and AFT can be used in situations where the
proportional hazards (PH) assumption does not hold hence, use of these approaches
results in more informed conclusions. The Cox-PH and the AFT geo-additive models
were modelled based on the Bayesian estimation perspective. The model specifications
are described in detail in the next section. In this study, Cox-PH and AFT models
were fitted in R and OpenBugs. However, since their specifications are slightly
different, in the next section, the model specifications for OpenBugs are explained

while the model specification for the R models are explained in Appendix C.

Objective 3: To determine and compare the spatial distribution of under-five mortality
risk factors in Zimbabwe at the district level between 2011 and 2015 survey point.

Geo-additive Bayesian survival models with frailty terms, were fit with prior informa-
tion assigned to all unknown parameters. The shared frailties captured the spatial
component (structured and unstructured spatial effects) of the models. The models
were adjusted for spatial effects and U5M associated factors and fit in R and OpenBugs
software. The corresponding maps for structured and unstructured spatial effects for

the two time points were then plotted in both software.
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2.10 Kaplan-Meier Model

The Kaplan-Meier method is a non-parametric method that was developed by Edward
L Kaplan and Paul Meier to analyse time-to-event data of which in our case it is
the time to death of a child (57,58). KM is best used for univariate analysis of
survival experiences for categorical variables and plotting the survival curves which
show steps going down for every event experienced giving better visualisation of the
different survival times between groups and the significance of the differences maybe
be confirmed using the log-rank test (57,59). Since KM is a univariate method, we
can neither use it for continuous variables nor adjust for the effect of other variables
and potential confounders on the survival times but none the less it can be used for

preliminary analysis which gives one an idea of survival experiences of the participants

(57).

2.11 Cox Proportional Hazards Model Specifica-
tion

The Cox-PH model is analogous to the KM model, but it allows the fitting of more
than one variable including continuous covariates. The method was presented by Sir
David Cox in 1972 (60) and has been over the years used for time to event studies
and its flexible nature has allowed researchers to fit semi-parametric and parametric
Cox-PH models. The coefficients of Cox regression are exponentiated and the results
given as the hazard ratios under the assumption that the hazards between groups
remain constant over time and this is called the proportional hazards assumption. In
our context, the hazard may be defined as the probability that a child dies the next

instance given that the child survived till a certain time point, (¢), that is hazard
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(h(t)) maybe written as:

Pt<T<t+At|T>t)
At ’

ht) = limaiso (2.1)

where (77) is time to the event (time to death of an under-five child) and ¢ + At defines
the next instance such that At is a small increment in time. Equation 2.1 can be

written as:

h(t)ydt = Pt <T<t+At|T >t) (2.2)
_ PE<T<t+AtNT >1)
B P(T > 1) (2:3)
P LT <t+dt)
= PT 1) : (2.4)

If we want to determine the effect of covariates on the survival time, we use the

following hazard function.

ht | X) = ho(t)exp(BX), (2.5)

where hg(t) is the overall baseline hazard, that is, the hazard when the effect of
covariates is null, 8 is a vector of regression coefficients and X represents the matrix
of the covariates. Equation 2.5 maybe extended by including spatial frailty shared by

children from the same district (w):

h(t) = ho(t)exp(SX + w). (2.6)

In modelling, we may take logs of both sides for additive effect and remain with the

following expression:

log(h(t | X)) = log(ho(t))+ BX 4+ w. (2.7)
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Which can be simplified to:

At) = () +BX+w, (2.8)

where A(t) is the rate of an event occurring (rate of USM). In semi paramet-
ric models the survival times and the baseline hazard are assumed not to follow

any distribution, but the effect of the covariates is assumed to follow some distribution.

Likehood Function
The following likelihood can be used for a right-censored time to event data. Let
survival time for child ¢ be T;, the density function be f(7;), the survival function be

S(T;) and 6; be the survival status for child i such that:

1 if child 7 is dead
0 if child 7 is alive.

The likelihood of survival for the Cox PH model will be given by:

L) = I, [f(m) [S(T) (2.9)
— T, [W(T)S(T)) (ST (2.10)
— T () [S(T)] - (2.11)

We adjusted the model used in OpenBugs and adapted our data accordingly. The
code is developed using the counting process and is best described in the OpenBugs
manual (56) and well implemented in (42,43) hence we will follow the steps as we
describe the model.

Let ¢ = 1,...,n be the number of subjects, in our case children, then N;(t) is the count

of the number of deaths up to some time t. We may then write the hazard rate or
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intensity of failure (\;(¢)) as:

N(t) = EdNi(t) | F), (2.12)

where dN;(t) is a small increment of N; in the interval [t,t + At].The data/history
available before time ¢ is F;_ and since dV;(t) = 1 if subject i dies at time ¢ and dN;(t)
= 0 if subject 7 survives past ¢, hence E(dN;(t) | Fi—) is the probability of death in
the next instance for child <.

The hazards may then be written as:

N(t) = Yi(t)ho(eap(8"X +u; +vy), (2.13)

where Y;(t) indicates the survival status at time ¢t and takes the value 1 if the child
is still alive and 0 otherwise, X, are the explanatory variables for child ¢ and wu;
represents the unstructured spatial random effects while v; represents the structured
spatial random effects or the shared frailty for 7 = 1,...,m districts.

Now let Ag = [5 Xo(u)du be the cumulative baseline hazard and let the data, D =
N;(1),Y;(t), X, for i =1,...,n.

The likelihood can then be written as:

L(D | 8,Ag,v) = I, [W(T)) [S(T))] (2.14)
= 7 [Mso ()] exp(—i(t)dt) (2.15)
= Ly [TeoXi(t) ™0 exp(=A(t)dt) (2.16)

Prior Specification
Since N;(t) is the count of dead children at time ¢, it means that N;(t) ~ Pois(u)

hence dN;(t) will be the count of the small increments in the intervals [¢, ¢ + 0t] with
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mean \;(t)dt.

dN,(t) ~ Pois(\i(t)dt), (2.17)

where:

N(t)dt = Yi(t)exp(BTX; + v;)dAo(t), (2.18)

and dAo(t) = Ag(t)dt is a small increment on the baseline hazard in the interval [t, At].
The gamma prior for the cumulative baseline hazard will fit in well since it is a

conjugate prior to the Poisson distribution.

dAo(t) ~ Gamma(cdAj(t),c), (2.19)

where dA§(t) is a prior guess of the hazard which is probably unknown, and c is the

degrees of freedom of this prior guess.

o ani—1)
= p(dAo) F(chS)Aé 0~ Hemehs (2.20)
ALl oo (2.21)

The prior distribution of the regression coefficients () may be assigned a normal

distribution with mean y and variance o%; 8 ~ N (jg,073).

=p(B) = #exp [_1 (B — NB) ] (2.22)

,/QWU% 2 0p
2
[—1 <B—Mﬂ>
X exp |—
2 0'5

The unstructured spatial random effects u are assigned a Gaussian distribution with

(2.23)
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mean = 0 and precision 7,; u ~ N(0.0,7,)

S| T) = ———exp [_21 (Zﬂ (2.24)

—1
x exp[ u27u] . (2.25)

The structured spatial random effects (v) are assigned an intrinsic conditional auto
regressive prior (ICAR). Intrinsic conditional autoregressive models are part of
conditional autoregressive models (CAR) presented by Besag and Kooperberg in
1995 (61). These models cannot be used as the likelihood for data and can only be
used as prior distribution for spatial effects in Bayesian spatial models (62). ICAR
models define a Gaussian Markov random field (GMRF) and assume complete spatial
correlation of neighbouring regions (62,63). The main advantage of ICAR models is
in the simplicity of specification of parameters and as a result, the same precision (7)
can be used for all regions (63,64). The correlated (structured) spatial effects for all

our models were therefore assigned the ICAR prior distribution due to its advantages.

The derivation of the ICAR model from the CAR model is shown below and the steps
followed are mainly based on derivation by Morris et.al (62,64) and work by Lavine
and Hodges (63).

Let W be an n x n adjacency matrix for n regions and the spatial effects for the
regions given by: v = (v1,...,v,). Let i ~ j denote that i and j are neighbouring
regions. Then v is normally distributed with mean zero and covariance ¥, that is:
v~ N(0,X) Since ¥ = Q7!, where Q is a positive definite symmetric precision matrix,
this is the same as writing v ~ N(0,Q™')

The precision matrix is related to the spatial weights and number of neighbours each
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region has by:

Q = [1(M-W)], (2.26)

where 7 is the precision, M is a diagonal matrix of number of neighbours for each region
such that m;; gives the number of neighbours for region ¢ and W is the adjacency
matrix with spatial weights such that w; ; = 1if i ~ j (i and j are neighbours) and

w; ; = 0 otherwise;

= v~ N(O, [F(M — W)Y, (2.27)
Hence:
v 1 iU 1
p(vi | v, 1) ~ N (ZZN]U, ) and p(v; | v, 1) ~ N <M, ) .
mmTi mm' mj,jTj ij'

The joint spatial distribution is given by:

1 -1 T,
M) = e e
o exp | (M = W)](") (229)
For neighbouring regions ¢ and j
p(v) = exp ;Z(M—W)vivj] (2.30)

= exp ;TZUZ'U]'MZ'J—ZVVZ'J’UZ'U]'] . (231)

Z7]



2.11. Cox Proportional Hazards Model Specification 31

Since M is a diagonal matrix with only M, ; entries and w; ; = w;;, we get the following

plv|T) = exp __27 vaM” — Z QUin] (2.32)
L 7 i~j
= exp _77 Z(vf + UJQ) - Z QUin] (2.33)
L i~j i~j
= exp _77 Z(vf — 2005 + U5 (2.34)
i~j
=plv|7T) o exp _77— Z(vl - vj)Q} . (2.35)
[ < i~

This is known as the pairwise difference formula and depends on the constraint Y-, v; = 0
for it to be identifiable (62,63). The ICAR prior is improper and needs the specification

of the prior precision 7 which follows a gamma distribution; 7 ~ gamma(a, §) (62).

= p(r) oc 7 eI (2.36)
Hence
p(v|7)p(T) o exp [—27 > (vi— vj)zl role=hr, (2.37)
inj

The Hyperpriors
The hyper-prior for the unstructured spatial effects was assigned a Gamma distribution

Ty ~ Gamma(ay,b,) with pdf:

p(r,) o< TlTlembumu (2.38)

The hyper-prior for the structured spatial effects follow a Gamma distribution 7, ~

Gamma(ay,b,) with pdf:

p(ry) o mrTleT (2.39)



2.12. Accelerated Failure Time model (AF'T) Model Specification 32

Posterior Distribution

The joint posterior will be given by:

P8, Ao,u,v | D) o< L(D | 3, Ao, v) P(B)P(Ao) P(u | 1) P(7u) P(v | 7)) P(7)
= I, [Miso[Yi(8)Mo(t)eap(B7 X + u; + v;) N0
exp(— [Yi(t)eap(8"X; + u; + v;)dAo (1))

2
< exp [—21 (5 ;ﬂ#ﬂ) ]

Aécd/\é(t)—l) e—cho(®)

X
% ex [_1 2 :| au—1_—buTu
p U, | I e
2
X exp {—2% Z(Uz — vj)2] Tg“_le_b“T“ . (2.40)
i~g

2.12 Accelerated Failure Time model (AFT)
Model Specification

An accelerated failure time model is a model in which the effects of the covariates
accelerate or decelerate the time to event of subjects. It can be used as a parametric
alternative to the semi-parametric proportional hazards model and in instances where
the proportional hazards assumption does not hold (65). The effect of the covariates
is, therefore, multiplicative on the survival time and exponentiating the coefficients
gives us the direct effect of the covariate on survival time (45). The AFT model is a

log-linear regression model for time (7°) to the event given by:

log(T) = Bo+ X+ o€, (2.41)
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where fj is the linear regression constant (the shape parameter), oe are the scaled

residuals and /X is as defined above.

Bayesian AFT models have over the past been applied in many epidemiological studies
some of which include cancer studies (44,45), nutrition studies (67), diabetes studies
(65), to mention but a few and the implementation in OpenBugs is well demonstrated
(46). We made use of the approach and methodological frameworks of these studies to

fit our model. The AFT model is a log-linear model of the form:

log(T;;) = o+ BX;+u; +vj+ o, (2.42)

where Tj; is the survival time for individual 7, i = 1,...,n is the number of children,
3 are the regression coefficients, X, are covariates, u; are the unstructured spatial
random effects and v; are the structured spatial random effects for j = 1,...,m
districts in Zimbabwe and € are the random errors. The random erors can be used to
find the probability density function(pdf) and survival function of the AFT model, if

we make € the subject of the formula,

e = Loy = b= BXimu; vy (2.43)

g

We can let fy(), So() and ho() be the respective baseline pdf, survival and hazards for
our model and express our functions in a way similar to that of zhang et al (44).

Density Function

f(Tij [ ujov) = (0Ty) ™" fole) (2.44)
1 lOg(ﬂj) — 60 — ,BXZ —Uj; — Uy

oTi; o

(2.45)
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Survival Function

S(T | uj,v;) = Sole) 10
_ s [log(Tij) — Bo— BX; —uj — Uj] |

o

(2.47)

Hazard Function

WMTy | uj,v) = (0Ti;) " ho(e) (2.48)
_ 1 log(Ti;) — Bo — BXi —uj — v
= aﬂjho [ ~ 1 . (2.49)

Likelihood Function
From equation 2.9, the likelihood can be expressed as a product of the density and

survival functions, with censoring indicators.

L(T | Bo. B.o,v) = I, I [F(Tp))™ [S(Ty)]) (2.50)
1 log(Tyy) = By — BX; —u; —v;\]"
= M7 107, [gTi.fO ( 09(T;) — Po UIH uj — v )1
1-6;
[So (ZOQ(T”) —bo _OBX"_“j _“jﬂ . (2.51)

Taking logs on both sides

oT;; o

1-6;
[So(lagmj)_ﬂo_ﬂx"_“j_”jﬂ } . (2.52)

[
log(L(T | By, B,0,v)) = log {H?IH}”l l 1 £ (log(Tij) — Bo — BX; —uj — Uj)]

o
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Therefore :
UT | Bo, B,0,v) = Zzé; {Mog [U%.fo (log(Tm‘) — Bo —UBXZ- oy — vjﬂ
+ (1 —d;)log lSo (log(Tij) — _UﬁX" — 0 _Ujﬂ} . (2.53)

The AFT model is a fully parametric model where the survival time is assigned a
distribution and the three commonly used distributions are log-normal, log-logistic
and Weibull distributions. To ensure that the log time follows these distributions,
we may simply assign the normal, logistic and extreme value distributions to our
baseline survival Sy(.) and density fy(.) functions (68). The baseline pdf and survival
functions for the selected model (log-normal) based on DICs (Appendix D) are
fo= \/% exp (€3;) and Sy = 1 — ¢(e;;). We can substitute fo and Sy into our likelihood
(T | Bo, B,0,v).

Prior Specifications

The prior distributions for our parameters are expressed in the following way.
Regression coefficients () and shape parameter (f,) follow a gaussian distribution
such that; 8 ~ N(u,0?) and By ~ N(p,0?) and they can be expressed together at the

same time as: B ~ N(ug, U%)

I — exp[‘1 (5‘“5)1 (2.54)

(2.55)
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The Scale parameter (o) was assigned a Gamma prior; o ~ I'(a,b) with pdf given by:

ba a—1_—0bc
p(o) = ON Lem? (2.56)
o o leTh, (2.57)

The prior specification of the spatial random effects in the AFT models were specified
in the same way as those in the Cox-PH models. The unstructured random effects
(u) were assumed to follow a Gaussian distribution with mean = 0 and precision
Tu; w N(0.0,7,) (Equation 2.25) with the precision parameter assigned a Gamma
hyper-prior (Equation 2.38). The structured spatial effects v were assumed to follow
an ICAR prior (Equation 2.35) with the corresponding hyper-prior assumed to follow

a Gamma distribution (Equation 2.39).

Posterior Distribution

The joint posterior will be given by:

P(Bo,B,0,v|T) o UT|,B,0u,v)P(B)P(c)P(u | 7,)P(ry)P(v | 1) P(7,)

- ii {5-[09 l 1 f (log](Tij) — Bo — BX; —uj — (Uj>‘|
' ' oT,

g

+ (1= 6)log [So (lOQ(Tw‘) — bo— BXi —u; — Uj)”

-1 9 ]
X  exp 7U7’u T,

X exp _2% > (v — vj)Ql Tovlembumy (2.58)
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2.13 Model Fitting in R and OpenBugs

OpenBugs, a free Bayesian statistical analysis software package and spBayesSurv
package in R statistical software were used to run Cox PH spatial models and the
AFT spatial models. OpenBugs uses the Gibbs sampling technique for its MCMC
sampler while BE in R uses the Metropolis-Hastings algorithm for sampling (47). A
total of 21,000 iterations was set with a burn-in period of 1000 and thinning after
every b iterations. We ran two chains for the models while utilizing a less informative
hyperprior (7 ~ I'(0.001,0.001)) and a more informative hyperprior (7 ~ I'(0.1,0.1))
for the precision of the spatial prior. The model codes used in the analysis are provide

in Appendix E.

2.14 Model Selection

To compare non-spatial models, we made use of the Akaike Information Criterion (AIC)
which has a penalty for more complex models and is calculated from the maximum
likelihood estimate (MLE) of the models. The model with the lowest AIC value is

selected as the better fitting model (69). It is given by given by:
AIC = —2log(likelihood) + 2k, (2.59)

where k is the number of variables in the model.

For comparison of Bayesian models, Deviance Information Criterion (DIC) which is
a Bayesian version of AIC was used and the model with the lowest DIC value was
regarded as the better model. In calculating the DIC, there is a penalty imposed for

complex models which are done to improve goodness of fit and the more complex
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models have a higher penalty. The formula for finding the DIC may be written as:

DIC = D+pD, (2.60)

where D = —2log-likelihood and pD is the effective number of parameters in the

model (69).

2.15 Model Assessment and Goodness of Fit

Model goodness of fit is how well the model used fits our data and how well the
outcome is described by the model (70). The goodness of fit was assessed by observing
the mixing and convergence of time series plots, the tailing off and convergence of
autocorrelation plots and how well the kernel density plots produced the graphs of
the probability distribution for the variables. The model diagnostics plots for the
fitted R and OpenBugs BE models are shared in Appendix F. To assess the PH
assumption, we based our tests on the Schoenfeld residuals and the global test (p =
0.038) gave evidence of a violation of the PH assumption for the 2011 model while
for 2015 Cox-PH regression models (p =0.35), there was no evidence of a violation of
the PH assumption. Fortunately, the AFT models can be used as an alternative in
situations where the PH assumption does hold and the use of both Cox-PH and AFT

models can give more accurate results.

2.16 Ethical Considerations

The primary ZDHS surveys were cleared by the relevant ethics committees and proper
protocols were followed for the studies not to pose any harm to human participants.
Permission to use the ZDHS data was sought and granted from the Measure DHS and

these data are publicly available. The University of Witwatersrand Human Research
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Ethics Committee (medical) granted ethical clearance to proceed with this research

project, reference number W-CBP-200904-01 (Appendix G).



Chapter 3

RESULTS

3.1 Introduction

In this chapter, we present the results of U5M, defined as the death of a child before
its fifth birthday. A survival analysis approach was taken, and several Cox-PH and
AFT survival models were fitted using R and OpenBugs software. We first report
results on descriptive statistics stratified by mortality, after which descriptive spatial
distribution maps which show the U5M rates across the country are displayed. The
subsequent section is on results from univariate survival analysis presented in the form
of a rate per 1000 person-years accompanied by log-rank test and Kaplan-Meier plots
to examine the significance of variables in the univariate analysis. This is followed by
the section on results from adjusted non-spatial Cox PH and AFT survival models
which are extended by incorporating spatial random effects to get the corresponding
spatial models. Lastly, we show the spatial distribution of under-five mortality in

Zimbabwe for the selected Bayesian mixed-effects models.
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3.2 Descriptive Statistics

The descriptive characteristics of the participants that influence U5M are summarised
in Table 3.1 below. The results were stratified by the mortality outcome for the two
years considered in this study. Bivariate analysis was determined for each variable, for
each year to determine any significant differences.The results in Table 3.1 accounted

for sampling weights of the ZDHS surveys.

Results from our analysis suggest that in the 2011 survey, 6.93% of the children died
before turning five years of age. There were more single births (97.30%, n=5,445)
than multiple births (2.70%, n=151). There was a fair balance in male (50.35%,
n=2817) and female (49.65%, n=2,779) sub-populations in 2011. Majority of the
babies had an average size at birth (47.82%, n=2,678). The average age of the mothers
was 27.5 (SD=6.33) years. Majority of the mothers had attained secondary/higher
level of education (65.89%, n=3,687), were married or in unions (86.21%, n=4,827)
and were using contraceptives (62.39%, n=3,491). Most mothers fell in the poor
wealth index (43.88%, n=2,455). Majority of the participants were from rural areas
(70.23%, n=3,930) and were of the Apostolic religion (45.71%, n=2,558). There was a
significant association between U5M and type of birth (p-value <0.001), sex of child
(p-value=0.005), marital status (p-value <0.001), contraceptive use (p-value <0.001)

and religion (p-value=0.06).



Table 3.1: Baseline Characteristics of study participants, for 2011 and 2015 data,

stratified by mortality.

Variable Category 2011 2015
Overall Dead Alive Overall Dead Alive
n (%) n (%) n (%) p-value (%) n (%) n (%) p-value
5596(100) 388(6.93) 5208(93.07) 6418 (100) 363 (5.65) 6055(94.35)
Type of birth Single 5445(97.30) 346 (6.35) 5099(93.75) <0.001* 6191(96.47)  324(5.24) 5867(94.76) <0.001*
Multiple 151(2.70) 42 (27.83) 109(72.17) 227(3.53) 38(16.82) 188(83.18)
Sex of child Male 281(50.35) 225 (7.99) 2592(92.01) 0.005* 3148(49.05)  198(6.30) 2950(93.70)  0.075
Female 2779(49.65) 163 (5.86) 2616(94.14) 3270(50.95)  165(5.03) 3105(94.97)
Size of child at Small 709(12.67) 86 (12.14) 623(87.86)  <0.001* 954(14.86) 71(7.45) 883(92.55)  0.0056*
birth Average 2678(47.86)  162(6.04) 2516(93.96) 3129(48.75)  139(4.44) 2990(95.56)
Large 2209(39.47) 140(6.34) 2069(93.66) 2335(36.39)  153(6.54) 2182(93.46)
Mother’s age at Mean+SD 27.51+6.33  28.10+£6.18 27.47+6.34 0.11 28.67+6.53  28.354+6.52 28.694+6.53 0.49
childbirth in years
Mother’s No Education 95(1.69) 6(6.13) 89(93.87) 0.30 76(1.18) 6(8.16) 70(91.84) <0.001%*
education Primary 1814(32.42)  141(7.79) 1673(92.21) 2038(31.76)  155(7.60) 1883(92.40)
level Secondary/Higher 3687(65.89) 241(6.53) 3446(93.47) 4304(67.06)  202(4.69) 4102(95.31)
Marital status Single 200(3.57) 5(2.26) 195(97.74)  0.001* 251(3.91) 7(2.61) 244(97.39)  0.021*
Married 4824(86.21)  321(6.66) 4503(93.34) 5531(86.18)  307(5.56) 5224(94.44)
Widowed /Divorced 572(10.22)  62(10.84) 510(89.16) 636(9.91) 49(7.68) 587(92.32)
Contraceptive use No 2104(37.61) 211(10.02)  1894(89.98) <0.001* 1852(28.86)  163(8.81) 1689(91.19) <0.001*
Yes 3491(62.39) 177(5.07) 3314(94.93) 4366(71.14)  200(4.37) 4366(95.63)
Wealth Index Poor 2455(43.88)  179(7.31) 2276(92.69) 0.67 2729(42.52) 169(6.21) 2559(93.79) 0.0038*
Middle 1070(19.12)  73(6.81) 997(93.19) 1098(17.10)  82(7.46) 1016(92.54)
Rich 2071(37.00)  136(6.55) 1935(93.45) 2592(40.38)  112(4.30) 2480(95.70)
Residence Urban 1666(29.77)  118(7.08) 1548(92.92) 0.83 2027(31.58)  90(4.42) 1937(95.58) 0.017*
Rural 3930(70.23)  270(6.87) 3660(93.13) 4391(68.42)  273(6.22) 4118(93.78)
Religion Apostolic 2558(45.71)  207(8.09) 2351(91.91) 3228(50.29) 229(7.11) 2998(92.89) <0.001*
Christian 1507(26.93)  82(5.47) 1425(94.53)  0.06* 1376(21.43)  70(5.08) 1306(94.92)
Pentecostal 1029(18.38)  60(5.84) 969(94.16) 1356(21.13)  46(3.36) 1311(96.64)
Other 502(8.97) 39(7.65) 463(92.35) 458(7.14) 18(3.90) 440(96.10)

* p<0.05, which is significant at a 5% significance level.

Estimates accounted for ZDHS sampling weights
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The results from the 2015 survey, suggested that 5.65% of the children died before five
years. Like in 2011, there were more single births (96.47%, n=6,191) than multiple
births (3.53%, n=227). There were more boys (50.95%, n=3,148) than girls. The
majority of the babies were averagely sized (48.74%, n=3,129). Most mothers had
secondary or higher education (67.06%, n=4,304), were married (86.18%, n=>5,531) and
were using some form of a contraceptive method (71.14%, n=4,366). There were more
participants from the rural areas (68.42%, n=4,391) and most were of the Apostolic
religion (50.29%, n=3,228). There was a significant association between U5M and
type of birth (p-value <0.001), size of the baby (p-value=0.0056), level of education
of the mother (p-value <0.001), contraceptive use (p-value <0.001), marital status
(p-value=0.021), wealth index (p-value=0.0038), place of residence (p-value=0.017)
and religion (p-value <0.001). Comparing the U5M in 2011 and 2015 using the Z
proportion test between various baseline characteristics, some sub-groups showed an
increase in mortality like Apostolic religion (53.38% in 2011 vs 63.25% in 2015) and
this was statistically significant (p-value =0.041). In contrast some variables showed a
decrease in USM like contraceptive use (54.35% in 2011 vs 44.98% in 2015, p-value=

0.05) and other religions (9.90% in 2011 vs 4.93% in 2015, p-value=0.078).
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3.3 Mortality Rate: Standardised Mortality Ratio

and KM Curves

3.3.1 Standardised Mortality Ratio (SMR)

2011 Standardised USM Ratio 2015 Standardised USM Ratio

=

0.000 1o 0.511 0.000 to 0608

0511 to 0677 0,608 to 0.860

0877 to 1.013
101310 1.409
140910 2311

E 50 100 km

Figure 3.1: Maps showing the standardised USM ratio of the districts in Zimbabwe in
2011 (left) and 2015(right) ZDHS.
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The standardised mortality ratios for UM across the country’s districts are shown
in Figure 3.1. The light colours denote lower mortality risks while the dark colours
denote higher U5M risks. The U5M risks in 2011 were higher than the average UsM
risk, in the northern parts of the country, stretching down through the middle parts
to the Eastern parts of the country and lower in the Western and Southern regions.
The 2015 map shows a similar trend to the 2011 map, with higher risks of mortality

in the Northern, Central and Eastern districts of the country.

3.3.2 Mortality Rate and KM Curves

The overall mortality rate was 32.53 per 1000 person-years in 2011 compared to
23.66 per 1000 person-years in 2015 and this difference was statistically significant,

p-value=0.002. Figure 3.2 is the KM curve for the overall U5M rates for 2011 and
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2015 survey data.

1.000

i

Survival probability

2019

0.900-

Child Survival by Year

0.975-

0.950-

0.925-

p =0.0022
0 1

Number at risk

11-5563 3911
6132 4688
0 1

2 3
Time (years)

2817 1794
3493 2323
2 3

Time (years)

826
1 1.56
4

2011
2015

Figure 3.2: The overall Kaplan-Meier curve for the U5M rates for 2011 and 2015.



Table 3.2: Mortality rate per 1000 person-years and log-rank test of under-five children in Zimbabwe for 2011 and 2015 ZDHS

data.
Variable Category 2011 2015
Rate per 1000 95% CI Log-rank Rate per 1000 95% CI Log-rank
person-years p-value person-years p-value
Type of birth Single 29.58 26.24-33.45 <0.001%* 21.87 19.20-25.02 <0.001%*
Multiple 180.32 117.24-282.14 78.10 51.74-120.58
Sex of child Male 38.23 32.82-44.75 0.015* 26.99 22.82-32.13 0.086
Female 26.97 22.73-32.23 20.59 17.19-24.86
Size of child at Small 61.42 47.38-80.69 <0.001* 33.16 25.40-43.97 <0.001*
birth
Average 28.02 23.64-33.44 18.39 15.11-22.60
Large 29.49 24.38-35.95 27.11 22.33-33.22
Mother’s education No Education 23.31 9.70-67.99 0.31 36.80 16.10-97.54 <0.001*
level
Primary 36.12 30.04-43.76 32.28 26.72-39.32
Secondary/Higher 31.01 26.78-36.09 19.46 16.50-23.10
Marital status Single 11.96 4.35-44.95 <0.001* 13.53 6.31-33.99 0.005%*
Married 31.46 27.76-35.79 23.26 20.33-26.74
Widowed /Divorced 46.55 34.86-63.28 29.86 21.61-42.27
Contraceptive use  No 45.24 38.64-53.26 <0.001* 37.57 31.13-45.70 <0.001*
Yes 24.38 20.66-28.95 18.16 15.43-21.53
Wealth Index Poor 34.27 29.07-40.64 0.51 27.04 22.62-32.55 0.0034*
Middle 32.16 24.66 - 42.62 32.26 24.86-42.53
Rich 30.66 25.24-37.59 17.08 13.69-21.58
Residence Urban 32.99 26.56-41.42 0.70 17.51 13.64-22.82 0.0054*
Rural 32.33 28.29-37.10 26.74 23.22-30.94
Religion Apostolic 38.37 32.91-44.96 30.15 25.80-35.42
Christian 25.61 20.13-33.05 0.032* 21.23 16.06-28.59 <0.001*
Pentecostal 27.43 20.42-37.62 13.82 9.99-19.63
Other 34.22 23.14-52.55 15.78 8.74-31.30

* p<0.05, which is significant at a 5% significance level.
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The mortality rates in 2011 were significantly higher than those of 2015 (p-
value=0.0022). In 2011, the mortality rates were significantly higher (p-value
<0.001) in twins (180.32 per 1000 person-years) than in single births (29.58 per
1000 person-years) (Figure 3.3 panel A); in males (38.23 per 1000 person-years)
than in females (26.96 per 1000 person-years) and this was statistically significant
(p-value=0.015) (Figure 3.3 panel B); in small size children at birth (61.42 per 1000
person-years) and large children at birth (29.49 per 1000 person-years) compared
to averaged sized children at birth (28.02 per 1000 person-years) and this was
statistically significant (p-value <0.001) (Figure 3.3 panel C). Child mortality rates
were substantially high among widowed and divorced mothers (46.55 per 1000
person-years) (Figure 3.3 panel D), among mothers who had attained primary level
of education (36.12 per 1000 person-years), among mothers who did not follow
any contraceptive method (45.24 per 1000 person-years) (Figure 3.3 panel E) and
among those who were in Apostolic religion (38.37 per 1000 person-years) and these

differences were all statistically significant between groups (p-value<0.05).

For the 2015 survey, the mortality rates were higher in twins/multiple births (78.1 per
1000 person-years) than in single births (21.87) and this was statistically significant
(p-value<0.001) (Figure 3.3 panel A); in males (26.99 per 1000 person-years) than
in females (20.59 per 1000 person-years) and this was marginally significant (p-
value=0.086) (Figure 3.3 panel B); in small size children at birth (33.16 per 1000
person-years) and large children at birth (27.11 per 1000 person-years) compared to
averaged sized children at birth (18.39 per 1000 person-years) and this was statistically
significant (p-value<0.001) (Figure 3.3 panel C). Besides, the mortality rates were
significantly high among widowed and divorced mothers (29.86 per 1000 person-years)
(Figure 3.3 panel D), among mothers who had no education (36.8 per 1000 person-

years), among mothers who did not use contraceptives (37.57 per 1000 person-years)
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(Figure 3.3 panel E) and among those who were in Apostolic religion (30.15 per 1000

person-years) and these differences were all statistically significant between groups

(p-value<0.05).
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Figure 3.3: Kaplan-Meier curves for child survival in Zimbabwe by different character-

istics.

3.4 2011 Regression Models

We fitted non-spatial MLE survival models and compared them to corresponding

Bayesian spatial models (Cox-PH and AFT) to establish the benefit of including the

spatial random effects in the models. Results for the spatial and non-spatial regression

models for 2011 survey data are shown in Table 3.3. The selected models were model

3 from the Cox-PH models and model 6 from the AFT models.



Table 3.3: Adjusted non-spatial and spatial Cox-PH and AFT models for 2011 ZDHS data.

Variable Category 2011 Adjusted Cox-PH Models 2011 Adjusted AFT Models
MLE Non Spa- Bayesian spatial Models MLE Non Spa- Bayesian spatial Models
tial Model tial Model
Cox-PH Cox-PH in R Cox-PH in AFT AFT in R AFT in Open-
OpenBugs Bugs
HR[95% CI]  PHR[95% CI] PHR[95% CI] HR[95% CI] PTR[95% CI]  PTR[95% CI]
model 1 model 2 model 3 model 4 model 5 model 6
Type of birth Single 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Multiple 4.03[2.76-5.88]  3.90[2.78-5.47] 3.84[2.56-5.50] 0.0048[0.0011-  0.0065[0.0011-  0.0057[0.0012-
0.022] 0.036] 0.027]
Sex of child Male 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Female 0.75[0.60-0.92]  0.76[0.68-0.84] 0.74[0.60-0.90] 2.42[1.24-4.73]  2.59[1.25-5.31]  2.59[1.32-5.25]
Size of child at Small 1.74[1.31-2.31]  1.74[1.42-2.08] 1.73[1.26-2.25] 0.12[0.046-0.32]  0.12[0.048-0.35]  0.12[0.042-0.31]
birth Average 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Large 1.060.84-1.34]  0.98[0.83-1.16]  0.99[0.77-1.25]  0.76[0.37-1.5] 0.98[0.44-2.09] 0.95[0.44-2.07]
Mother’s age 0.99(0.91-1.08)  1.00(0.94-1.06]  1.00[0.92-1.08]  0.99[0.76-1.28] 0.97[0.75-1.26] 0.97[0.74-1.28]
childbirth in years
Mother’s education No Education 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
level Primary 1.2700.55-2.90]  1.49[1.02-2.20] 1.66[0.70-3.43]  0.480.036-6.25]  0.33[0.026-4.10]  0.25[0.017-3.14]
Secondary/Higher 1.15[0.50-2.64]  1.340.88-2.09]  1.48[0.62-3.08]  0.60[0.046-7.97]  0.48[0.038-5.67]  0.35[0.024-4.14]
Marital status Single 0.23[0.084- 0.31[0.13-0.64]  0.32[0.083- 93.55(6.47- 55.41[3.16- 54.27[3.65-
0.61] 0.74] 135.35) 1262.43) 1227.83]
Married 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Widowed /Divorced 1.23][0.92-1.65) 1.24[0.94-1.60] 1.28[0.96-1.68] 0.54[0.20-1.47] 0.50[0.17-1.47] 0.47[0.16-1.35]
Contraceptive use  No 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Yes 0.55[0.44-0.68]  0.52[0.43-0.63] 0.53[0.42-0.66] 5.79[2.84-11.80]  6.81[2.98-15.34]  6.63[3.14-14.28]
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Variable Category 2011 Adjusted Cox-PH Models 2011 Adjusted AFT Models
MLE Non Spa- Bayesian spatial Models MLE Non Spa- Bayesian spatial Models
tial Model tial Model
Cox-PH Cox-PH in R Cox-PH in AFT AFT in R AFT in Open-
OpenBugs Bugs
HR[95% CI] PHR[95% CI] PHR[95% CI] HR[95% CI] PTR[95% CI] PTR[95% CI]
model 1 model 2 model 3 model 4 model 5 model 6
Wealth Index Poor 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Middle 1.14[0.85-1.52 1.10[0.88-1.38] 1.10(0.81-1.45]  0.70[0.28-1.76] 0.76[0.33-1.80] 0.78[0.29-2.11]
Rich 0.86[0.60-1.23] 0.86[0.67-1.13] 0.87[0.60 -1.22] 1.73]0.58-5.21] 1.84[0.62-6.03] 1.95[0.65-6.18]
Residence Urban 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Rural 0.72[0.51-1.02] 0.68[0.57-0.80] 0.70[0.48-1.00]  2.65[0.91-7.75] 3.84[1.01-12.28)  3.59[1.09-12.60]
Religion Apostolic 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Christian 0.70[0.54-0.91]  0.79[0.62-0.99] 0.79[0.59-1.03]  2.69[1.17-6.17]  1.98[0.89-4.74] 1.90[0.77-4.76]
Pentecostal 0.69[0.50-0.94]  0.69[0.54-0.90] 0.72[0.51-0.94] 3.01[1.11-8.17]  3.05[1.19-7.87]  2.88[1.06-7.98]
Other 0.74[0.50-1.08] 0.74[0.58-0.94] 0.76[0.50-1.08]  2.44[0.73-8.23] 2.42(0.65-8.57) 2.32(0.70-8.38)
AIC 5945 6602.9
DIC (pD) 6577 (35.04) 4809 (75.34) 6570 (35.93) 6562 (17.25)

Bold estimates: significant at a 5% significance level.
PHR - Posterior Hazards Ratio; PTR - Posterior Time Ratio.
CI for MLE - 95%confidence interval; CI for Bayesian model - 95% credible interval.
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With reference to the spatial adjusted Bayesian Cox-PH model for the 2011 survey
and adjusting for other factors, children born through multiple births had an increased
risk of mortality compared to those born through singleton births (posterior HR
(PHR) = 3.84; 95% CI: 2.56 - 5.50). Being a girl was protective from death as girls
were 26% less likely to die than boys (PHR = 0.74; 95% CI: 0.60 - 0.90). With
reference to normal-sized babies at birth, children who were born underweight had a
73% risk of dying before five years (PHR = 1.73; 95% CI: 1.26 - 2.25). Being born to
a single mother was protective since a child born by a single mother was 68% less
likely to die compared to a child from a married mother (PHR = 0.32; 95% CI: 0.083
- 0.74). It is however important to note that there were a few single mothers who
participated in the survey. Contraceptive use proved to be a critical predictor of child
mortality. Children born to mothers who were using contraceptives were 47% less
likely to die before the age of five compared to those whose mothers were not using
contraceptives (PHR = 0.53; 95% CI: 0.42 - 0.66). Place of residence was marginally
a significant factor of USM. Rural residence children were 30% less likely to die
compared to urban counterparts (PHR = 0.70; 95% CI: 0.48 - 1.00). Religious beliefs
and practices appeared to influence a child’s survival and being of the Pentecostal faith

was protective of death compared to Apostolic faith (PHR = 0.72; 95% CI: 0.51 - 0.94).

With reference to the spatial adjusted Bayesian AFT model for the 2011 survey
and adjusting for other factors, children born through multiple births lived for a
significantly shorter time when compared to children from singular births. On average,
children born through multiple births survived for 0.57% of the time lived by children
from singular births as most of them died during the early days of life (PTR = 0.0057;
95% CI: 0.0012- 0.027). Being a boy accelerated the time to death as girls survived
for more than double the time survived by boys (PTR = 2.59; 95% CI: 1.32- 5.25).

Child birthweight was an effective predictor of survival and in 2011, underweight
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children survived for just 12% of the average time for children with normal weight
(PTR = 0.12; 95% CI: 0.042- 0.31). Single mothers (PTR = 54.27; 95% CI: 3.65,
1227.83) and the children whose mothers practised family planning (PTR = 6.63; 95%
CI: 3.14, 14.28) survived longer; however, the credible interval was less precise for
single mothers. Being from rural areas (TR = 3.59; 95% CI: 1.09, 12.60) and being in
Pentecostalism (PTR = 2.88; 95% CI: 1.06, 7.98) significantly decelerated the time to
death of a child.

3.5 2015 Regression Models

Results for the spatial and non-spatial regression models for 2015 survey data are
shown in Table 3.4. The selected models were model 9 from the Cox-PH models and

model 11 from the AFT models.



Table 3.4: Adjusted non-spatial and spatial Cox-PH and AFT models for 2015 ZDHS data.

Variable Category 2015 Adjusted Cox-PH Models 2015 Adjusted AFT Models
MLE Non Spa- Bayesian spatial Models MLE Non Spatial Bayesian spatial Models
tial Model Model
Cox-PH Cox-PHin R Cox-PH in AFT AFT in R AFT in Open-
OpenBugs Bugs
HR[95% CI] PHR[95% CI] PHR[95% CI] HR[95% CI] PTR[95% CI] PTR[95% CI]
model 7 model 8 model 9 model 10 model 11 model 12
Type of birth Single 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Multiple 4.49[3.15-6.41] 4.45[3.25-6.10] 4.52[3.11-6.28]  0.0024[0.00042- 0.0019[0.00036- 0.0019[0.00033-
0.012] 0.011] 0.011]
Sex of child Male 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Female 0.79[0.63-0.98]  0.77[0.65-0.91] 0.79[0.63-0.96] 2.55[1.14-5.70] 2.76[1.07-6.25] 2.65[1.15-6.32]
Size of child at Small 1.81[1.35-2.44] 1.83[1.57-2.15] 1.81[1.32-2.37] 0.099[0.032-0.30]  0.080[0.024-0.24]  0.091[0.029-0.30]
birth Average 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Large 146[1.14-1.8%]  1.48[1.28-1.68] 1.47[1.15-1.85] 0.24[0.10-0.60] 0.21[0.077-0.54] 0.23[0.094-0.57]
Mother’s age at 0.93[0.85-1.01]  0.92[0.87-0.97] 0.93[0.85-1.00]  1.33[0.98-1.80] 1.35[1.01-1.78] 1.36[1.02-1.83]
childbirth in years
Mother’s education No Education 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
level Primary 0.62(0.20-1.34]  0.64]0.40-0.99] 0.69[0.32-1.42]  3.50[0.14-89.70] 3.67[0.09-93.99] 4.19[0.13-9.44]
Secondary /Higher 0.45[0.21-0.97] 0.46[0.29-0.71] 0.49(0.23-1.02]  10.96[0.43-282.10]  11.92[0.29-309.32] 13.39[0.44-317.67]
Marital status Single 0.52[0.26-1.02]  0.54[0.33-0.85] 0.55[0.24-0.99]  8.13[0.89-74.37] 10.23[1.10-91.96]  9.13[0.94-103.44]
Married 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Widowed/Divorced 1.30[0.95-1.78] 1.30[1.16-1.45] 1.31[0.93-1.76] 0.39[0.10-1.13] 0.31[0.088 - 1.20] 0.32[0.094-1.14]
Contraceptive use  No 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Yes 0.51[0.40-0.63]  0.50[0.42-0.60] 0.51[0.41-0.64] 10.93[4.59-26.00] 11.84[4.41-29.20]  12.06[4.88-29.61]
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Variable Category 2015 Adjusted Cox-PH Models 2015 Adjusted AFT Models
MLE Non Spa- Bayesian spatial Models MLE Non Spatial Bayesian spatial Models
tial Model Model
Cox-PH Cox-PH in R Cox-PH in AFT AFT in R AFT in Open-
OpenBugs Bugs
HR[95% CI] PHR[95% CI] PHR[95% CI] HR[95% CI] PTR[95% CI] PTR[95% CI]
model 7 model 8 model 9 model 10 model 11 model 12
Wealth Index Poor 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Middle 1.27(0.94 -1.72]  1.25[1.06-1.49] 1.28(0.96-1.72]  0.50[0.16-1.57] 0.46[0.12-1.58] 0.49[0.14-1.70]
Rich 0.95[0.60-1.48] 0.93[0.65-1.36] 0.94[0.57-1.41]  1.16[0.24-5.69] 1.14[0.21-6.56] 1.30[0.22-7.89)]
Residence Urban 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Rural 0.98[0.63-1.54] 0.95[0.63-1.38] 0.96[0.57-1.46]  0.96[0.20-4.62] 0.95[0.17-6.01] 1.10[0.20-6.01]
Religion Apostolic 1(reference) 1(reference) 1(reference) 1(reference) 1(reference) 1(reference)
Christian 0.83[0.62-1.10] 0.83[0.71-0.99)] 0.84[0.63-1.12]  1.67[0.59-4.71] 1.83[0.62-5.19] 1.69[0.56-5.15]
Pentecostal 0.60[0.43-0.83] 0.58[0.49-0.68] 0.61[0.42-0.84] 4.79[1.53-14.97] 5.41[1.48-18.86] 5.24[1.68-17.46]
Other 0.46[0.26-0.81]  0.44[0.30-0.64] 0.46[0.24-0.78]  12.46[1.89-82.31]  16.27[2.59-105.84] 16.07[2.23-138.38]
AIC 5459
DIC (pD) 5878 (28.25) 4552 (91.96) 5892 (19.40) 5899 (18.09)

Bold estimates: significant at a 5% significance level.
PHR - Posterior Hazards Ratio; PTR - Posterior Time Ratio.

CI for MLE - 95%confidence interval; CI for Bayesian model - 95% credible interval.
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With reference to the spatial adjusted Bayesian Cox-PH model for the 2015 survey
and adjusting for other factors, multiple births children were 4.52 times more likely to
die compared to singular births (PHR = 4.52; 95% CI: 3.11 - 6.28). Survival amongst
girls was significantly higher than in boys as girls were 21% less likely to die (PHR =
0.79; 95% CI: 0.63 - 0.96). The size of the baby at birth was an important predictor
of death. Children born underweight were 1.81 times (PHR = 1.81; 95% CI: 1.32 -
2.37) and those children born overweight were 1.47 times (PHR = 1.47; 95% CI: 1.15
- 1.85) more at risk of dying compared to those who had normal weight. Children
born to single mothers (PHR = 0.55; 95% CI: 0.24-0.99) and to mothers who used
contraception (PHR = 0.51; 95% CI: 0.41 - 0.64) were less likely to die compared to
their counterparts. The age of the mother at childbirth was marginally significant
and a five-year increase in the mother’s age reduced the chances of the child dying by
7% (PHR = 0.93; 95% CI: 0.85- 1.00). Being a Pentecostal (PHR = 0.61; 95% CI:
0.42-0.84) and being part of other religions not mentioned (PHR = 0.46; 95% CI:

0.24- 0.78) was protective from mortality.

With reference to the spatial adjusted Bayesian AFT model for the 2015 survey and
adjusting for other factors, we found that multiple births (TR = 0.0019; 95% CI:
0.00036 - 0.011) was associated with shorter survival time of children and like in 2011,
girls in 2015 still survived longer than boys (TR = 2.76; 95% CI: 1.07 - 6.25). Survival
time of children born underweight (TR = 0.080; 95% CI: 0.024 - 0.24) and overweight
(TR = 0.21; 95% CI: 0.077 - 0.54) was shorter than that of average weight children.
Mother being single (TR = 10.23; 95% CI: 1.10 - 91.96), using contraceptives (TR =
11.84; 95% CI: 4.41 - 29.20), a five-year increase in mother’s age (TR = 1.35; 95%
CI: 1.10 - 1.78) increased the chances of a child surviving longer. Being affiliated to
Pentecostalism (TR = 5.41; 95% CI: 1.48 - 18.86) and other religions (TR = 16.27;

95% CI: 2.59 - 105.84) was critical in longer survival times for children.
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3.6 Spatial Distribution

3.6.1 2011 Spatial Distribution

The following spatial survival maps are for selected models from OpenBugs and R
and they show U5M at the district level in Zimbabwe after adjusting for associated

factors in 2011.

2011 Structured Spatial Effects in OpenBugs 2011 Unstructured Spatial Effects in OpenBugs
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2011 Structured Spatial Effects in R 2011 Unstructured Spatial Effects in R

Figure 3.4: 2011 structured (left) and unstructured (right) spatial survival at district
level from OpenBugs (top) and R (bottom).
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Figure 3.5: 2011 structured (left) and unstructured (right) effects maps of exceedance
probability (PTR < 1.0) at district level.

The maps showing the distribution of district-level U5M in Zimbabwe for 2011 de-
mographic and health surveys are shown in Figure 3.4 from both OpenBugs and
R software. The deep blue colours denote hotspots of USM for OpenBugs maps
while for R maps, the red colours denote USM hotspots. The maps of exceedence
probabilities (PTR < 1) corresponding to the selected OpenBugs spatial models, are
shown in Figure 3.5 with darker colours indicating higher probability of lower survival
times. The posterior time ratios were used as a measure of effects. If we refer to
maps A and E, the spatial distribution of U5M in 2011 exhibits lower survival times
from the northern regions of the country in Mashonaland West and Mashonaland
Central Provinces down through the central regions which include parts of Midlands
Province and Harare Metropolitan moving down towards the eastern parts of the
country mainly into Manicaland Province and south-eastern regions in Masvingo
Province. The highest survival times were experienced in the western and southern
regions of Zimbabwe, in districts from Bulawayo Metropolitan, Matabeleland North

and Matabeleland South Provinces.
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3.6.2 2015 Spatial Distribution
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Figure 3.6: 2015 structured (left) and unstructured (right) spatial survival at district
level from OpenBugs (top) and R (bottom).
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Figure 3.7: 2015 structured (left) and unstructured (right) effects maps of exceedance
probability (PHR > 1.0) at district level.

The spatial survival maps given in Figure 3.6 show USM mortality at the district
level in Zimbabwe for selected adjusted 2015 models. The exceedence probabilities
(PHR > 1) are shown in Figure 3.7 with darker colours showing higher probability of
hazards. The distribution of child survival across the country’s regions is shown in
Figure 3.6 and hazard ratios were used as a measure of effect for the 2015 Cox-PH
maps. Considering survival in 2015 from maps G and K, USM was high in the
northern (Mashonaland West Province), north eastern (Mashonaland Central), central
(Midlands) and eastern (Manicaland Province) regions of the country and lower in
the western (Matabeleland North) and southern (Matabeleland South) regions of the
country. Child survival was worryingly low in Harare and Bulawayo Metropolitans in

2015.



Chapter 4

DISCUSSION and CONCLUSION

4.1 Introduction

In this section, we discuss key findings from our analysis of the two survey points
and compare them to previous studies. We also discuss the strengths and limitations
of the current study, and lastly, we conclude the study findings. The main aim of
this study was to determine the geographical variations of U5M in Zimbabwe after
adjusting for risk factors, comparing results from two survey points (2011 and 2015
ZDHS). Since the 2011 dataset failed the proportional hazards (PH) assumption test
and the 2015 dataset satisfied the PH assumption, this chapter will be based on the
AFT model from OpenBugs (model 6) for 2011 results and the Cox-PH model from

OpenBugs (model 9) for 2015 results.
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4.2 U5BM Risk Factors

It is evident from the results of the current study that multiple births were a risk
factor of USM for both survey years and this is consistent with findings from previous
studies in SSA which found a strong association between USM and multiple births
(41,71,72). Explanation to this may be based on that multiple births are classified
as high-risk pregnancies and may be associated with complications such as preterm
birth and babies from multiple births are at risk of being underweight, being born
with defaults, being born disabled and all these factors are usually associated with
mortality (29,72). Inspection of KM curves for the type of birth (Figure 3.4, panel A)
showed rapid drops in the multiple birth sub-population during the early days of life
which suggests that most deaths in multiple births occur early in life and might be
due to complications at birth (73,74). As a result, mothers should be encouraged to
utilize healthcare facilities and trained midwives, to reduce the adverse effects of birth

complications.

Female children were at a lower risk of dying and this was comparable to past
studies which found that survival was higher in females than in males (75-77). The
explanation for this was centred around that girls are considered to be biologically
stronger than boys. Due to their genetic makeup, girls were more resistant to
infectious diseases and malnutrition, unlike boys who are more susceptible to diseases
(73,75,76). The other explanation is that boys under-five years are more adventurous
than girls and are eager to explore new things which makes them more vulnerable to

accidental death (drowning, suffocating, traffic) (77,78).

For both surveys, the small birth size was a risk factor of U5M, and this was in line
with findings from other studies (79,80). The effects of being small in size at birth

could be viewed from the KM curves (Figure 3.4, panel C) and were more profound
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during infancy (first year) than in childhood and according to some studies, this
may be due to improved infant nutrition which helps small-sized babies to catch up
with normal-sized babies in childhood (81). Mothers should therefore be educated
on breastfeeding practices and should also be incorporated in feeding programs to
balance the diet of both mothers and children to assist babies born underweight to
gain substantially. However, conflicting results were obtained for large birth size
as it had an insignificant effect on U5M in 2011 but was an important predictor
of USM in 2015. A study in Tanzania on fetal macrosomia found that mortality
among large-sized babies at birth was significantly higher and they were more likely
to experience neonatal complications such as birth trauma, asphyxia (brain damage

due to lack of oxygen at birth) and respiratory distress (82).

The effect of mother’s age at childbirth was negligible in 2011 but was substantial
in 2015 where an increase in mother’s age reduced the chances of USM in children.
Several studies in SSA have suggested that older mothers were more mature to take
care of children (83-85). Young mothers should seek regular prenatal and postnatal
checkups and family support for young mothers should be encouraged in childcare
(86). A study conducted in low and middle-income countries suggested that older
mothers were biologically mature to have children and they were more knowledgeable
in childcare (85). Myrskyla et al. suggested that some women delay having children as
they pursued education which made older mothers have higher education. The author
further noted that older mothers had more access to social support and economic

resources which aided child survival (87).

Unlike in other studies, where attainment of education by mother reduced the risks of
U5M (9,12), in our study we could not find any significant differences in the effect of

education on UbM which is however in line with studies done in low-income countries
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(6) where the benefit of education is overshadowed by poverty. Contrary to other
studies which have found marriage to be beneficiary in reducing USM (7), in our study
we found that UbM was lowest for single mothers. The results should, however, be
used with caution as only a few single mothers participated in both surveys. Spousal
support has been perceived to help in gathering of resources to improve child survival
amongst couples. In a ten-year cohort study on the effect of marriage on infant
mortality, it was found that single mothers were more prone to experiencing adverse

outcomes when it came to child survival (88).

From our findings, contraceptive use by mothers was protective against USM and
children of mothers who used any form of contraception survived longer. This is
consistent with several studies which indicated the importance of contraceptive
use and family planning in increasing child survival (31,89-91). Studies on the
relationship between contraceptive use, birth spacing and child survival in Bangladesh
and India confirmed that contraceptive use increased birth spacing, and this was
protective against USM mortality (89,91). Mothers should therefore be educated
on the benefits of family planning and contraceptive use as this reduces the
chances of unplanned pregnancies and allows mothers to be better prepared to
welcome a child into their lives. Some previous studies have also associated higher
wealth status with higher child survival and lower UM (92,93). However, the

current study did not find any significant relationships between wealth index and U5M.

The current study found that in 2011, the rural residence was protective against
the hazards of USM but in 2015 the effect of residence was of negligible magnitude.
Most studies have however found that the hazards were higher in rural areas and
lower in urban areas as there was better access to resources including healthcare and

sanitation in urban areas (94-96). Our results are opposed to what has been found
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before and this may be ascribed to low progress in urban areas which cancels out the
urban advantage (95), a situation that has been characteristic of Zimbabwe over the

past years.

In this study, we found that the Apostolic sect had the highest U5M which is in line
with several studies which found a strong association between Apostolic religion and
high U5M (97,98). This could be attributed to the doctrines of the Apostolic religion
which encouraged religious interventions for all people’s problems (99). As a result,
members are not eager to utilize health care services and facilities. They are reluctant
to take their children for vaccinations, to seek healthcare for sick children, to use
health facilities and personnel for child delivery, to get antenatal and postnatal care
and to deal with child marriages, all of which could be used to explain the high UsM
rates in the Apostolic sect (98-100). In light of this, it is of uttermost importance to
engage religious leaders in health campaigns to reduce USM and interventions should

aim at breaking the faith and health barriers so there is a balance between the two.

4.3 Spatial Distribution of U5M

Geographical variations of U5M could be observed from the maps, with the northern
regions, parts of middle regions and eastern regions being hotspots of U5M and the
southern and western regions being coldspots for both survey points in Zimbabwe.
The spatial distribution of UbM was similar for both years but hazards were much
lower in 2015 than in 2011. Even though there is significant progress in reducing U5M
across the country, districts in some provinces maintained high mortality rates and

these were in the northern, north-eastern parts, central and eastern parts.

Negative progress was also observed in Harare Metropolitan which remained a hotspot
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for both surveys, while Bulawayo Metropolitan remained an U5M coldspot in both
surveys. Despite the negatives above, there was impressive progress in some districts
in the eastern and south eastern regions, where the USM hazards were cleared and
some of 2011 hotspots became coldspots in 2015. There was notable progress in
the southern and western parts of the country, where most districts remained U5M

coldspots.

Zimbabwe is divided into farming regions and agro-ecological regions are the regions
that receive high annual rainfall (> 700mm) and are found from the central parts of
the country, stretching to the northern, north-eastern, and eastern parts of the country,
with the eastern highlands receiving the highest annual rainfall (101). Considering
the geography of U5M from our study, we notice that these agro-ecological regions
are hotspots of USM. Evidence from the literature on U5M in SSA has shown an
association between U5SM and high rainfall (102). The reason might be that regions
with high rainfall harbour a lot of diseases and standing waters are usually breeding
ground for parasites. Tsiko analysed the spatial distribution of childhood diseases in
Zimbabwe at the provincial level and found that in 2010-11, Manicaland Province was
a hotspot for diarrheal diseases, cough and fever while Masvingo, Harare Metropolitan
and Midlands Provinces were hotspots for Cough (26). In a study on spatial analysis
of malaria cases in Zimbabwe from 2011 to 2016, Gwitira et al. reported that the
northern, north-eastern, eastern and south-eastern districts of Zimbabwe were high-risk
regions of Malaria and this had persisted over time (103). These studies on child
morbidity in Zimbabwe may help explain the elevated U5M in some regions, since the
areas which were identified as high-risk areas for child morbidity in Zimbabwe are the

same areas that have been identified as hotspots for U5M in our study.
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4.4 Comparison between 2011 and 2015 Findings

From the results of the two surveys, we found that the USM rates were significantly
lower in 2015 compared to 2011 implying that there was progress made in reducing
U5M. One of the explanations to this might be that due to economic turmoil,
Zimbabwe neglected the local currency in 2009 and adopted the multicurrency system,
with the United States dollar (USD) as the main currency and this helped reduce
inflation in the country and boosted economic growth (104). According to Tapera,
the introduction of multicurrency system improved financial support and as a result
of improved HIV/Aids financing, infant mortality dropped by up to 55% between
2009 and 2013 (105). The 2011 survey covered 2006-2010, a period during which
the country was mainly using the Zimbabwean dollar and was faced with economic
challenges which according to UN Zimbabwe made it difficult to put together human
and medical resources to help fight USM (106), while the 2015 survey covered
2011-2015, a period when the USD stabilised the economy meaning that by 2015

there were more funds for resource mobilization which aided in reducing U5M (105).

For U5M risk factors, type of birth, sex of child, small size of child at birth, mother’s
marital status, contraceptive use and religion were significant risk factors of UbM
for both surveys while type of residence was significant in 2011 and not in 2015 and
mother’s age at childbirth and large size at birth were risk factors only in 2015. In
terms of spatial distribution, there were similar hotspots and cold spots of U5SM in
2011 and 2015 but the intensity of hazards was lower in 2015 than in 2011. Spatial
clustering of U5M existed and children from districts in the northern, central and
eastern regions of the country were at a high risk of experiencing hazards while staying

in the western and southern regions was protective from hazards.
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4.5 Modelling

Survival analysis techniques were applied in OpenBugs and R software to model U5M in
Zimbabwe and the best fit models were selected. Bayesian estimation (BE) was used to
fit our spatial survival models and the models performed better than the corresponding
non-spatial models based on maximum likelihood estimation (MLE). It has been shown
that if good selection of priors is done, then BE produces more consistent results
than MLE (107). Cox-PH and AFT models from OpenBugs performed better and
fit our data better than corresponding models in R software. The introduction of
frailty allowed us to adjust for spatial random-effects (structured and unstructured)
and the structured random-effects models performed better than the unstructured
random-effects models. The unstructured spatial effects are assigned a Gaussian prior
distribution under the assumption that the random effects are normally distributed,
and this is not always the case since some random effects may violate the normality
assumption and, in such situations, the structured effects with CAR prior may be
more stable (108). We could not adjust for time-varying covariates (tvc) in OpenBugs,
so instead of using Cox-PH with tvc where the PH-assumption was violated, we opted
for AFT models as these have been used in past studies as an alternative to the
Cox-PH models (44,109) in situations where the PH assumption is violated. Hence

the use of both spatial Cox-PH and AFT models gave us more informative results.

4.6 Strengths and Limitations

4.6.1 Study Design

The data source is highly reliable, and the surveys had countrywide coverage with
data collected by specially trained personnel from participants with high response

rates. The retrospective nature of the study which covered a period of up to five years
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prior to the survey meant that for some questions where official clinical records were
not kept, the mothers had to rely on recall, and this might have led to recall bias. The
current study focused on all-cause mortality as we could not infer causality for the
cross-sectional survey data. For every DHS survey, there is a random selection of EAs
and as a result, different EAs were used for both surveys as some of the 2011 EAs were
not selected for the 2015 survey and this might have affected the comparability of the
results from the two surveys. The high missingness for some important variables such
as antenatal care and postnatal care led to the omission of the variables as we couldn’t
assume the data were missing at random, since there was a chance that mothers who

lost their children did not bother answering that section.

4.6.2 Modelling Computational Aspects

The use of survival analysis incorporates the time survived by a child during the
survey period and the contribution of the child is relative to the survival time unlike
in logistic regression where the time component is not important. Spatial survival is
an interesting area of study which is now getting more attention but has not been
well studied like spatial linear and generalised linear models. Hence some of the
functionality was not fully supported, so we could not adjust for sampling weights in
the spatial models, and this might affect the accuracy of our results (110). OpenBugs
and spBayessurv package in R did not provide the means for testing for the PH-
assumptions for the spatial models, so we had to do the test in STATA. Even though
OpenBugs had the best fit for our data, the computational times for OpenBugs models
were very long when compared to R computational times which were shorter. The

models also needed a high number of iterations for them to converge.
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4.7 Conclusion

Information on the geographical distribution of USM across the country is important
in understanding how frailty due to unmeasured effects at the district level can affect
child survival. The adjusted Bayesian spatial survival modeling provided better-fitting
models than non-spatial models implying spatial clustering of USM in Zimbabwe as
mortality is similar for neighbouring districts. There were geographical variations in
U5M across the country and we identified the northern, central and eastern parts to
be hotspots that persisted between the two surveys. This points towards the need for
implementation of strategies and targeted interventions at the subnational level to

guide resource allocation to fast-track progress in reducing U5M.

Even though there was significant progress in decreasing UbM between 2011 and 2015,
the mortality rates remained relatively high and if Zimbabwe is to achieve SDG 3 by
2030, then fundamental steps must be taken towards tackling the UM risk factors.
High-risk pregnancies (multiple births, young mothers) should be closely monitored,
and mothers encouraged to seek pre-natal and post-natal care regularly. Women have
to be engaged in contraceptive use and family planning programs to experience the
benefits of these programs. The religion and healthcare barrier must be broken, and
mothers should be educated on how to balance religion and healthcare to avoid adverse

health outcomes.
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Appendix B: Missing Data

Sensitivity Analysis Of Missing Data

Before the imputation of missing values, we analysed how sensitive our data was to
imputation and how much influence the imputed models have on the final analysis.
To do this we start of by observing the flux plots for data. Flux is used to measure
the predictive power of the variables with missing values through the outflux and the
dependency on imputed values through the influx (111). Complete variables have an
outflux of 1 and an influx of 0.0, that is high predictive power and no dependence on
imputation.

Influx-Outflux pattern for 2011 mortality Influx-Outflux pattern for 2015 mortality
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Contraceptive use had a high predictive power in 2011 data and a very low influx

and size of baby at birth had low outflux and low influx of 0.023 meaning that both
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variables did not depend on the imputation models. In 2015 data, size of baby at
birth had a low percentage of missing values but it’s the only variable with incomplete
data and hence it has the lowest predictive power but non the less, it did not depend
on the imputed values shown by a very low influx of 0.004. We decided to take a
cautious approach in our imputation for the sake of WinBugs since these variables

had negligible dependence on imputed values.

Diagnostics Plots of Missing Data
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Appendix C: Model Specification
in R

Bayesian spatial modeling in R statistical software was perfomed using the spBayesSurv
package developed by Zhou et al. to fit spatial survival models(47).The implementation
of the Cox PH and AFT models in spBayesSurv is very similar, the major differences

are in the distribution (f(.)) and the survival (S(.)) functions.

Cox-PH Model

The Cox proportional hazard model incorporated spatial random effects which allow for
heterogeneity of the hazard (112) . The spBayesSurv package was used in conjunction
with the survival and R2BayesX packages for spatial survival analysis in R statistical
software. The package requires that a baseline functional form be defined for the
Cox-PH model full functionality and the default log-logistic baseline distribution was
adopted.

The survival and hazard equations are given below:

T
Xijﬁ+vi



94

Accelerated Failure Time model (AFT)

For the AFT models, the package allows for three types of AFT models, namely log-
logistic, log-normal and Weibull defined according to the baseline survival distribution.
The AFT model allows the covariates to be a multiplicative function on time, that is
the regression coefficients (5) quantify the impact of explanatory variables (X) on the

survival time (113,114). The survival and hazard equations are given below:

S(t) = Sp(teXiuPto) (3)
flt) = 6X3;5+Uifo<€xg;ﬁ+vit) (4)
Where:
¢t =1,...,m is the number of districts in Zimbabwe,
j =1,...,n; are individuals in district ¢ such that >>7", n; is the total population,

X;; represents the vector of covariates,

t;; is the survival time for individual j from district ¢,
B are the regression coefficients

v; represents the district level frailties,

So(t) is the baseline survival,

fo(t) is the probability density function of the baseline survival.
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The Likelihood

Let the data be D = {Xj,t;;} fori =1,...,mand j = 1,...,n;. The likelihood is
given by:
LD | Wy, 0,8v) = mmii [S(ag) — S(bi)) @<t f ) @a=bid) (5)

J]=

The Priors

The baseline survival Sy(.) follows a transformed Bernstein polynomial (TBP)
So(.) | a0 ~ TBP(a,Sy(.)) (6)
such that o ~ I'(ag, by) and 0 ~ N(6y, Vo)

=p(d) = exp [_21 (9 ‘_/090>

such that TBPp(,S()) is given by:

So(t) = Z W;I(Se(t) [ j, L —j+1) (8)

where Wy = (Wy, ..., W) are weights such that W, ~ Dirichlet(c, ... ,a) and as
a — 00, So(.) = Se(.). I(.] a,b) reperesents the beta cumulative density function and

Sp(t) is the distribution of the baseline hazard which can be log-normal, log-logistic

or Weibull.
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Distribution  Sy(t)

Log-Logistic 1+ (691)e92
Log-Normal 1 — ¢[(log(t) + 60;)e%]
Weibull 1— [_(eglt)eeg]

The regression coefficients () follow a normal distribution with mean [, and

variance 02; 3 ~ N(u,03)

= () = ew [‘21 ” ‘“)2] )

g

The unstructured random effect (u) were assumed to follow a Gaussian distribution
with mean = 0 and precision 7,; u N(0.0,7,) (Equation 2.25) with the precision
parameter assigned a Gamma hyper-prior (Equation 2.38). The structured spatial
effects v were assumed to follow an ICAR prior (Equation 2.35) with the corresponding

hyper-prior assumed to follow a Gamma distribution (Equation 2.39).

The Posterior

The Posterior is given by: Posterior o Likelihood x Prior

P(Wp,0,8,0| D) = L(D[,0,3,v)P0)P(B)P(v|7)P(r)
= 200 [S(ayy) — S(big)]" @0 <" f(ag;) @0 =")
1 (06,
X exp 2( v >
:_1 5
X exp 2( U“)]

X exp T > (v — vj)zl x v lemhvm (10)

i~J
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In the spBayesSurv package in R, there is no way of having both the unstrustured
and structured effects in the same model, that is there is no convoolution model, so
the spatially correlated and uncorrelated models are run seperately. For spatially

uncorrelated model, we replace P(v | 7,)P(7,) in posterior by

—1
P(u|71,)P(r,) = exp {21127} Tou—lembuTu (11)
The R package uses a Metropolis-Hastings MCMC algorithm for sampling (47). A burn-
in of 1000 and thinning after every 5 iterations were set to get a sample of 4,000 from

21,000 iterations. The models were run using less informative and more informative

priors, which respectively took values (7 ~ I'(0.001,0.001)) and (7 ~ I'(0.1,0.1)).



Appendix D: Model Selection

Cox PH Model Selection

Year Prior R
DIC

Openbugs
DIC

2011 T(0.001,0.001) 6582
'(0.1,0.1) 6577

4809
4818

(
(

2015 I(0.001,0.001) 5887
I'(0.1,0.1) 5878

4555
4552

The DICs were used for model selection and the models with the lowest DIC values

were selected. Models with more informative priors I'(0.1,0.1), were selected for

both survey years in R and for 2015 survey in Openbugs while the model with a less

informative prior I'(0.001, 0.001), was selected for 2011 in Openbugs.
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AFT Model Selection

Year Model Prior R Openbugs
DIC DIC
2011 Log-Logistic I'(0.001,0.001) 6585 6579
I'(0.1,0.1) 6584 6571
Log-Normal 1'(0.001,0.001) 6570 6562
['(0.1,0.1) 6572 6558
Weibull ['(0.001,0.001) 6588 6594
['(0.1,0.1) 6590 6586
2015 Log-Logistic 1'(0.001,0.001) 5906 5919
['(0.1,0.1) 5908 5913
Log-Normal 1'(0.001,0.001) 5892 5899
['(0.1,0.1) 5894 5898
Weibull ['(0.001,0.001) 5909 5925
['(0.1,0.1) 5908 5922

The log-normal parametric models performed better than the log-logistic and weibull
models for both survey years and for the two statistical softwares(R and OpenBugs),
hence log-normal models were selected for interpretation. For the 2011 dataset,
OpenBugs log-normal model with more informative prior had the lowest DIC whereas

for the 2015 dataset, the R log-normal model with less informative prior had the
lowest DIC.



Appendix E: Model Codes

OpenBugs Model Codes

Cox-PH Codes

H#COX PH
model {
for(i in 1:N) {
for(j in 1:T) {
¥[i.,j] <- step(obs.i[i] - t[j] + eps)
dNI[i, j1 <- YTi, j] * step(tli + 1] - obs.t[i] - eps) * fail[i]
¥

¥
for(jin 1:T) {
for(i in 1:N) {

dMI[i, j1 ~ dpois(Idt[i, j1)

Idt[i, j1 <- YT[i, j1 * exp( beta[1]*Twin[i] + beta[2]*"Residence[i] +
beta[3]*"Sex[i] + beta[4]"Contraceptivel[i] + beta[5]*Age[i] +
beta[6]*equals(Religion[i], 1) + beta[7]*equals(Religion[i], 2) +
beta[8]"equals(Religion[i], 4) + beta[9]*equals(VWWealth[i], 2) +
beta[10]*equals{(Wealth[i], 3) + beta[11]*equals({(Married[i], O) +
beta[12]"equals(Married[i], 2) + beta[13]*equals(Education[i], 1) +
beta[14]*equals(Education[i], 2) + beta[15]*equals(Size[i], 1) +
beta[186]equals(Sizel[il, 3) +ullD_2[il1] + vIID_2[i11)*dLO[i]

¥
dLO[j] ~ dgamma({mulj], c)
mufj] <- dLO.star[j] “ ¢
3
c <- 0.001
r<-0.1
forjin1:T){
dLO.star[j] <-r * (t[j + 1] - tLiD
¥
# Beta priors
for(i in 1:168){
betali]l~dnorm(0.0,0.0001)
¥
# Normal prior distribution for unstructured random effects:
for(k in 1 : Npairs) {
uf[k] ~ dnorm(0.0, tauu);

# CAR prior distribution for structured random effects:
v[1 : Npairs] ~ car.normal(adj[]. weights[], num[], tauwv)

for(k in 1:sumMNumMNeigh) {
weights[k] <- 1

# Hyper-Priors :
tauv ~ dgamma(0.1, 0.1) # prior on precision
tauu ~ dgamma(0.1, 0.1)
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AFT Codes

# AFT MODEL

model {

for(i in 1:N) {

#Htemp denotes(logt - betaO - beta™x - fraility)/sigma

templi] <- (log(obs.t[i] + 0.01) - betaO - beta[1]*Twin[i] -
beta[2]"Residenceli] - beta[3]*Sex[i] - beta[4]*Contraceptivel[i] -
beta[S5]*Agel[i] - beta[6]"equals(Religion[i], 1) -
beta[7]*equals({Religion[i], 2) - beta[8]*equals(Religion[i], 4) -
beta[9]"equals(VWealthl[i], 2) - beta[10]*equals(Wealth[i], 3) -
beta[11]"equals(Married[i], O) - beta[12]"equals(Married[i], 2) -
beta[13]*equals(Education[i], 1) - beta[14]*equals(Education[i], 2) -
beta[15]"equals(Sizeli]l, 1) - beta[16]"equals(Size[i]l. 3) - u[lD_2[i]] -
vIID_Z2[i]l])sigma

#FSURVIVAL DISTRIBUTION AND DENSITY FUNCTION OF
STANDARD NORMAL

s0O[i] <- 1 - phi(templil)

fOli] <- pow(2*3.14, - 0.5) * exp(-0.5"pow(templi], 2))

# LOG - LIKELIHOOD FUNCTION

L[i] <- fail[i]* log(fO[i}/(sigma*(ocbs.t[i] + 0.01))) + (1 - fail[iD*leg(s0[i])
#POISSON ZERO TRICK

zeros[i] <- 0

newli] <- -L[i]

zeros[i] ~ dpois(newli])

H

#CAR MODEL SPECIFICATION

for(j in 1:sumNumNeigh) {weights[j] <- 1}

v[1:Npairs] ~ car.normal(adj[], weights[], num[], tauv)
v.mean <- mean(v[])

#ID NORMAL MODEL SPECIFICATION
for(k in 1:Npairs){
u[k] ~ dnorm(0.0, tauu)

H

#PARAMETER PRIOR FOR THE PARAMETER IN THE AFT
MODEL

beta0 ~ dnorm(0.0, 0.001)

for(i in 1:18){

betali] ~ dnorm(0.0, 0.001)

¥

inversesigma ~ dgamma(0.001, 0.001)

sigma <- 1/inversesigma

#PARAMETER IN THE CAR MODEL OR NORMAL MODEL
tauv ~ dgamma(0.1, 0.1)

tauu ~ dgamma(0.1, 0.1)
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R Model Cox-PH and AFT Codes

rm(1ist = 1s())

Tibrary("coda™)
Tibrary("survival")
Tibrary("spBayessurv")
Tibrary("fields")
Tibrary("Bayesx")
Tibrary("rR2Bayesx")
Tibrary('unikn")
Tibrary("haven")
Tibrary("memcplots™)
Tibrary(prettymapr)

#for non-spatial replace frailtyprior(“car”, ID_2) with frailtyprior("iid", ID_2)
set,seed(123)

mcme <- 1ist(nburn
prior <- list(maxL
ptm <- proc.time()

2000, nsave = 2500, nskip
15, taual = 0.001,taub0 =

= 4, ndisplay = 100)
0.001)

resl5_1 <- survregbayes(formula = Surv(Survim,Dead) ~ Age_Cat + Married + Residence +
Education + Religion + wealth
+ Contraceptive + Twin + Sex + Size
+ frailtyprior("car”, 1D_2), data = d, survmodel = "PH",
dist = "loglogistic”, memec = meme, prior = prior, Proximity = E )

#for non-spatial replace frailtyprior("car”, ID_2) with frailtyprior("iid", ID_2)

set,seed(456)

meme <- 1ist(nburn = 2000, nsave = 2500, nskip =
prior <- list(maxL = 15, tawald = 0.1,taub0 = 0.1)
ptm <- proc.time()

4, ndisplay = 100)

resl_1 =- survregbayes(formula = surv(survtm,Dead) ~ Age_Cat + Married + Residence +
Education + Religion + wealth
+ Contraceptive + Twin + Sex + Size
+ frailtyprior("car", ID_2), data = d, survmodel = "AFT",
dist = "loglogistic”, memc = meme, prior = prior, Proximity = E )



Appendix F: Diagnostics Plots

OpenBugs Diagnostics Plots

2011 Diagnostics Plots

Density Plots

Trace Plots

Auto-Correlation Plots

Time Series Plots
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2015 Diagnostics Plots
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R Diagnostics Plots

2011 Diagnostics Plots
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