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PREFACE

My interest in epidemiology stems from my time at the National University of Science and
Technology, where | earned a Bachelor of Science Honors degree in Environmental Science
and Health. The curriculum was broad, covering environmental health, pollution control,
environmental management, toxicology, environmental engineering, epidemiology, sanitation
and safety, and food laws. Because of my interest in epidemiology, | pursued additional studies
in MSC Infectious Disease Epidemiology. During this program, I learned more about applying
epidemiology and biostatistics tools to investigate disease occurrence and patterns in
populations. | also developed a strong interest in research.

After completing my MSC, | began working as a research assistant in the School of Public
Health on maternal and child health projects. During this work, | became interested in pursuing
a PhD in maternal and child health. I was also interested in analysing data using a variety of
quantitative statistical techniques, including GSEM and Machine Learning. Aside from
expanding my statistical knowledge and skills, pursuing a PhD through publication allowed
me to learn research and publication techniques. As a result, I conducted doctoral research
assessing the utilisation of maternal, newborn and child healthcare services and associated
neonatal outcomes in three sub-Saharan African countries using Demographic Health Surveys

data from 2007-2016 using Generalised Structural Equation and Machine Learning Models.
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In paper 1, the study sought to assess the trends and determinants of late ANC initiation in the
DRC, Kenya and Tanzania from 2007 to 2016.
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PhD student: Responsible for the manuscript's conceptualisation, which included defining the
objectives and methodology to be used, performing data management (including data cleaning,
coding, and manipulation), data analysis (including mapping and multilevel logistic
regression), drafting the manuscript, reviewing and editing the draft manuscript, submitting the
final manuscript to the journal, and responding to reviewers' comments.

In paper 2, the study sought to assess the main risk factors of non-utilisation of postnatal care
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In paper 3, the study sought to predict the drop out from the maternal, newborn and child
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191 (2023). https://doi.org/10.1186/s12911-023-02305-1.

PhD student: Responsible for the manuscript’s conceptualisation which included defining the
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Learning), drafting the manuscript, reviewing, and editing the draft manuscript, submitting the
final manuscript to the journal, and responding to reviewers' comments.

In paper 4, the study sought to describe the mediation role of maternal, newborn and child
healthcare services utilisation on neonatal mortality in the DRC, Kenya and Tanzania.
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ABSTRACT

Background:

The risk of child deaths within the first month of life is elevated than the later stages of
childhood. Globally, Sub-Saharan Africa (SSA) has the highest neonatal mortality. Majority of
the countries in SSA including the DRC, Kenya and Tanzania are struggling to meet
Sustainable Development Goal (SDG) 3.2 of reducing the neonatal mortality rate to 12 deaths
per 1,000 live births by 2030 (2). Most causes of neonatal deaths are preventable and treatable.
Universal coverage, timely and effective utilisation of maternal, newborn, and child healthcare
(MNCH) services during pregnancy, delivery, and postpartum has the potential to save many

lives of newborns in high-burden countries.
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Antenatal care (ANC) is the first service offered to pregnant women in MNCH. The timing and
frequency of ANC visits is critical for the mother and her unborn child. The WHO recommends
that women initiate ANC within 16 weeks of pregnancy and attend a minimum of four ANC
visits for timely and optimum care before delivery (3, 4). The WHO also recommends that
pregnant women receive assistance from a skilled worker during delivery and get postnatal
checks with their newborns within 6 weeks of delivery (5, 6). Furthermore, utilising the
Continuum of Care (CoC) for MNCH could significantly reduce maternal and newborn deaths
in SSA. In the context of MNCH, the CoC is an approach that ensures continuous care from
the period of pregnancy, through to childbirth, postnatal period, infancy, and the childhood

period (7).

Despite the recognition of the use of vital services in MNCH, timely and adequate uptake of
MNCH services remains poor and the coverage of MNCH is far from universal in SSA. Most
pregnant women initiate ANC after 16 weeks and hence fail to receive timely ANC
interventions (8). Uptake of ANC visits, skilled birth attendance (SBA) and postnatal care

(PNC) is suboptimal (8-11).

Studies in SSA have explored various factors associated with MNCH services utilisation,
however, our understanding of MNCH services utilisation in SSA is still limited. Trends in
utilisation of MNCH services over time such as late ANC uptake have not been thoroughly
assessed. Late uptake of ANC is still a common problem in SSA. Tracking women’s progress
in the timing of ANC will ascertain if they are any changes in women’s late uptake of ANC
and the contributing factors. This information will guide future policies and programmes which
focus on improving the timely uptake of ANC in the SGD era. There is also a dearth of
empirical evidence on the factors associated with the utilisation of ANC, skilled delivery and
postnatal care in the CoC using nationally representative data. The CoC views both the mother
and child as a collective rather than as separate/ individual entities. Understanding factors that
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contribute to the full utilisation of drop out from the CoC is essential for the formulation of

interventions than enhance the CoC.

Furthermore, studies which investigated either the individual utilisation of MNCH services
such as timing of ANC, ANC visits, SBA and PNC services or the CoC have tended to use
more of the traditional analysis methods such as the logistic regression. The application of more
versatile analysis methods such as Machine Learning is not common. Machine Learning
methods are capable of extracting information that commonly used methods (logistic
regression) fail to do by uncovering hidden patterns and relationships, particularly in large data
sets (12). The application of Machine Learning methods can offer opportunities of enhancing
existing methods (conventional regression methods) for predicting and classifying MNCH

utilisation leading to more effective interventions to improve MNCH utilisation.

There is also a limited understanding on the interrelationships between MNCH services
utilisation and neonatal outcomes. The associations between MNCH services utilisation and
newborn outcomes such as neonatal mortality are commonly assessed using traditional
approaches that assume direct associations. Specific analytical methods, such as Generalised
Structural Equation Modeling (GSEM) can be used to model complex relationships such as
interrelated links between utilisation of different MNCH services and neonatal outcomes.
GSEM gives a clear understanding of how different services of MNCH are related to one
another with neonatal outcomes by estimating both direct and indirect paths associations for
more effective targeted interventions. Given the critical role of MNCH in ending preventable
neonatal mortality, the overarching aim of this study was to describe the utilisation of MNCH
services and their associations with neonatal mortality using GSEM and Machine Learning

models in three sub-Saharan African countries: the DRC, Kenya, and Tanzania.
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Methods:

The study utilised cross-sectional secondary data of reproductive-age women from the
Democratic Republic of Congo (DRC) (2007-2013/14), Kenya (2008-2014) and Tanzania

(2010-2015/16) Demographic Health Surveys.

Firstly, the multivariate logistic regression analysed factors associated with late ANC initiation
accounting for clusters, survey weights and stratification for the different rounds of the
Demographic Health Surveys. Trends in late initiation of ANC over time in each country were
assessed by comparing the earlier and later surveys using differences in prediction scores

(prediction probabilities generated after running the multivariate logistic regression models).

Secondly, the study assessed the main predictors of non-utilisation of PNC using the Decision
Tree. The model performance of the Decision Tree was compared to the Logistic Regression

using Accuracy, Sensitivity, Specificity and area under the Receiver Operating Characteristics.

Thirdly, factors associated with the drop out from the MNCH continuum, defined as not fully
utilising either ANC, SBA, or PNC services, were analysed using multivariate logistic
regression accounting for clusters, survey weights and stratification. Machine Learning
analysis was used to predict the drop out from the MNCH continuum using features (predictors)
that were found significant in the multivariate logistic regression. Five classification Machine
Learning models were built and developed including the Artificial Neural Network, Decision
Tree, Logistic Regression, Random Forest and Support Vector Machine to predict the drop out
from the MNCH continuum. The prediction accuracies of the models were then compared
using parameters including Accuracy, Precision, Recall, Specificity, F1 score and area under

the Receiver Operating Characteristics.

Fourthly, the Generalised Structural Equation Modeling (GSEM) was used to assess the

mediatory role of MNCH services utilisation on neonatal mortality. The endogenous variables



were ANC attendance, SBA and PNC attendance, low birth weight and neonatal mortality. The

GSEM analysis also accounted for survey weights and considered cluster random effects.

Results:

The findings showed a reduction in late ANC initiation (67.8%-60.5%) between 2008-2014 in
Kenya as well as in Tanzania (60.9%-49.8%) between 2010-2016, but an increase was
observed in the DRC (56.8%-61.0%) between 2007-2014. In the DRC, higher birth order was
associated with ANC initiation delays from 2007-2014, whilst rural residency, lower maternal
education and household income was linked to ANC initiation delays in 2014. In Kenya, lower
maternal education and household income was associated with ANC initiation delays from
2008-2014, whilst rural residency and increased birth order were linked to ANC initiation
delays in 2014. In Tanzania, higher birth order and larger households were linked to ANC
delays from 2010-2016, whilst ANC initiation delays were associated with lower maternal

education in 2010 and lower-income households in 2016.

The results also showed that the Decision Tree models had higher prediction accuracy of non-
utilisation of PNC than the Logistic Regression models. Using the Decision Tree, low quality
of ANC, home deliveries and unemployment were associated with the highest probability of
not utilising PNC (92.0%) in the DRC. In Kenya, home deliveries, unemployment and lack of
access to mass media were associated the highest likelihood of not utilising PNC (87.0%). In
Tanzania, home deliveries, low quality of ANC and unwanted pregnancies exhibited the

highest likelihood of not utilising PNC (100.0%).

The results also revealed very high rates of dropping out from the MNCH continuum in the
DRC (91.0%), in Kenya (72.3%) and Tanzania (93.7%). Rural residence, lower maternal
education and non-exposure to mass media were common predictors of dropping out from the

MNCH continuum across the three countries. Further, the influence of factors such as



household wealth, household size, access to money for medication, travel distance to health
facilities, and parity and maternal age varied by country. Results from the Machine Learning
analysis showed that the Logistic Regression had the least prediction accuracy, while the
Random Forest exhibited the highest prediction accuracy. Using the Random Forest, the study
further ranked the most important predictors of the drop out from the MNCH continuum.
Household wealth, place of residence, maternal education and exposure to mass media were

the top four most important predictors.

The results also showed direct and indirect associations between MNCH services utilisation
and neonatal mortality. ANC attendance mediated the total effects of PNC attendance on
neonatal mortality by 8.8% in Kenya and 5.5% in Tanzania. ANC attendance and SBA also
sequentially mediated the total effects of PNC attendance on neonatal mortality by 1.9% in
Kenya and 1.0% in Tanzania. The results in Tanzania also showed ANC attendance mediated
2.8% of the total effects of LBW on neonatal mortality. No presence of mediation was observed
in the DRC; however, ANC attendance moderated the relationship between parity and neonatal

mortality.

Conclusions:

The study found that late uptake of ANC decreased between the two survey rounds in Kenya
and Tanzania but increased in the DRC. Women from various geographic, educational, parity,
and economic groups showed varying levels of late ANC uptake. Increasing women’s access
to information platforms and strengthening initiatives that enhance female education,
household incomes, and localise services may enhance early ANC uptake.

The Decision Tree models showed higher prediction accuracy of non-utilisation of PNC than
the Logistic Regression models in the DRC, Kenya and Tanzania. Using the Decision Tree,
women who had poor quality of ANC, home deliveries, unemployment, unplanned
pregnancies, and no mass media access were identified as high-risk subpopulations of non-
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utilisation of PNC. Improving access and quality of care, incorporation of TBAs into the formal
health systems, government health financing, increasing access to mass media and integrating
maternal healthcare services with family planning services should be considered as top priority
interventions to improving the utilisation of PNC.

Most women and children drop out of the MNCH continuum in the DRC, Kenya and Tanzania.
Rural residence, lower maternal education and non-exposure to mass media were common
factors linked to the high dropout in the MNCH continuum. The use of Machine Learning can
help support evidence-based decisions in MNCH interventions. Rapid response mechanisms
such as web-based applications can also be developed through the use Machine Learning
whereby a pregnant woman’s future utilisation of the services in CoC is assessed and monitored
in real-time.

The GSEM findings showed interconnections between MNCH services utilisation such as
timing of ANC, ANC visits, SBA, PNC and neonatal mortality. This suggests that more than
direct and indirect factors are accountable for the associations between MNCH services
utilisation and neonatal mortality. The mediation role of MNCH services on neonatal mortality

indicates critical areas for targeted interventions to reduce neonatal mortality.

Overall, the study aimed to describe the utilisation of the MNCH services and associations with
neonatal mortality in the DRC, Kenya and Tanzania. The study showed declines in late ANC
uptake in two countries, however, early uptake of ANC is far is still not universal. The study
also showed very low levels of retention in the CoC, and most women and children drop out in

the CoC at postpartum period.

The findings also showed the existence of social, health system and individual inequalities in
MNCH and their impact on early childhood survival. Women who are vulnerable to unequal
and poor MNCH services utilisation are characterised by poverty, rural residence, long travel
distances to health facilities, unaffordable medical expenses, home deliveries, low quality of
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care, low education, high parity, younger age, unemployment, limited exposure to mass media,
and unplanned pregnancies. Context-specific intervention programs such as female education,
government health financing, MNCH promotion programs through mass media and improved
accessibility and quality of care in health facilities, particularly for the most vulnerable groups
of the populations such as women of low socioeconomic status and women from underserved
rural areas are essential to improve the overall health of mothers and children and meeting the

SDG-3 goals.

Modern biostatistical models like Machine Learning provide essential tools to understand
public health problems. These techniques should be applied to complement the conventional
statistical methods, particularly the tree-based models like the Decision Tree and Random
Forest for predicting and classifying the utilisation of MNCH services. The GSEM established
interconnections between timing of ANC, ANC visits, SBA and PNC and neonatal mortality.
The timing of the first ANC contact is an important starting point to a continuation through the
COC. It makes women better informed about pregnancy and the subsequent use of MNCH
services. All stakeholders should work more on promoting early uptake of ANC by setting up
initiatives that increase women’s access to information platforms, enhance female education,

improve household incomes, and bring services closer to communities.

Keywords: Generalised Structural Equation Modeling, Machine Learning, Maternal, Newborn

and Child Healthcare
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AIC:Akaike Information Criterion
AIDS:Acquired Immuno-Deficiency Syndrome
ANC:Antenatal Care

AOR: Adjusted Odds Ratio

AUROC:area under the Receiver Operating Characteristics
BIC:Bayesian Information Criterion

CHWSs: Community Health Workers
CoC:Continuum of Care

DRC:Democratic Republic of Congo
DHS:Demographic and Health Survey
EAs:Enumeration Areas

EACs:East African Community countries
GSEM:Generalised Structural Equation Modeling
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HICs:High Income Countries

HIV:Human Immuno-Deficiency Virus
ICC:Intra-class Correlation Coefficient

IRB: Institutional Review Board
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MDGs:Millenium Development Goals
MMR:Maternal Mortality Ratio
MNCH:Maternal, Newborn and Child Healthcare
ML:Machine Learning

NNR:Neonatal Mortality Rate
OOP:Out-of-Pocket

PEs: Processing Elements

PNC:Postnatal Care

SBA:Skilled Birth Attendance

SDGs:Sustainable Development Goals

SMOTE:Synthetic Minority Oversampling Technique
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SSA:sub-Saharan Africa

ROSE: Random Over-Sampling Examples

TBAs: Traditional Birth Attendants

UNICEF:United Nations Children’s Fund

USAID:United States Agency for International Development
WHO:World Health Organisation

DEFINITION OF TERMS
ANC: care received by the mother at onset and during pregnancy

CoC: refers to the continuity of care throughout the lifecycle, including pregnancy,
childbirth, the postnatal period, and childhood

Drop out from the MNCH continuum: woman/child who does not fully utilise either ANC,
SBA or PNC services.

Gestational age: a measure of the age of a pregnancy taken from the beginning of the
woman's last menstrual period

KMeans SMOTE: an oversampling technique for class-imbalanced data. It aids
classification by generating minority class samples in safe and crucial areas of the input
space

Late ANC initiation: starting ANC at 4 or more months of pregnancy
LBW: birth weight which is <2,5009

Machine Learning: defined as the practice of extracting data, learning from it, and then
predicting patterns using algorithms

Mediator: refers to a variable that explains the relationship between the outcome and
explanatory variable

Moderator: refers to a third variable that affects the strength of a relationship between an
outcome and an explanatory variable

PNC: care received by the mother or baby receiving care before or after six weeks of
delivery

Random sampling: entails choosing samples at random from the minority class, replacing
them, and adding them to the training dataset

SBA: receiving care from a doctor, nurse or midwife during labour

Universal Health Coverage: means that all people have access to the full range of quality
health services they need, when and where they need them, without financial hardship
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CHAPTER 1: BACKGROUND

The background gives a brief introduction of the broad context underlying the research,

overview of the problem and research gap.

1.0 Introduction

The neonatal period, defined as the first 28 days of life, is the most vulnerable period of a
child’s life (13). Children face the highest risk of death in their first month of life than later
stages (13). Globally 2.5 million children died in the first month of life in 2017, approximately
7000 every day (2). The chances of survival from birth varies widely by region. Sub-Saharan
Africa (SSA) recorded the highest Neonatal Mortality Rate (NMR) in 2017 at 27 (25-32)

deaths per 1000 live births, followed by Southern Asia with 26 deaths per 1,000 live births (2).

Current projections show that many countries in SSA like the DRC, Kenya and Tanzania will
not meet the SGD-3 goal of reducing the NMR to as low as 12 deaths per 1,000 live births by
2030 (2). The DRC, Kenya and Tanzania rank in the top six countries in SSA with the highest
number of neonatal deaths (14). In Africa, the major causes of newborn deaths include
sepsis/pneumonia, diarrhoea, tetanus, preterm birth, asphyxia and congenital defects (15, 16).

Most newborns deaths result from preventable and treatable causes (17).

Timely and adequate utilisation of MNCH is critical for enhancing maternal and neonatal
survival (17, 18). ANC is an excellent entry point for healthcare professionals to offer a variety
of interventions to expectant mothers (19). Early ANC initiation within 16 weeks of pregnancy
assists health providers in giving timely ANC interventions (3, 20). The WHO also
recommends that all pregnant women should attend a minimum of four ANC visits (4, 21)
because it affords expectant mothers adequate time to be examined and cared for before

delivery. Chances of a safe and normal delivery are also higher when expectant mothers are
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assisted by qualified and experienced professionals such as doctors, nurses, or midwives (5).
The mother and child should also continue to receive care within six weeks after delivery to
prevent and manage complication during the postpartum period (22). Furthermore, uptake of
antenatal, delivery and postnatal care in a CoC could accelerate the achievement of SDG 3.1
of reducing maternal deaths by 70 deaths per 100 000 live births and SDG 3.2 of ending
preventable neonatal mortality by 2030, and reducing neonatal mortality to 12 deaths per 1,000

live births (7, 23).

It is vital that governments increase the access and provision of high quality MNCH services,
including antenatal, delivery, and postnatal services (24). However, this remains a challenge
despite the commitments encapsulated in the SDG goals (25) and country-level policies in SSA
(24). Although these initiatives are designed to increase the utilisation of MNCH services and
ensure universal coverage, the timely and adequate utilisation of MNCH services remains poor
in SSA. Reports from literature show that over 60% of the pregnant women presented late for
their first ANC visit (8), over 40% of the women did not attend a minimum of four ANC visits
(26) and over 35% of the women delivered without the assistance from a skilled worker (27)

and more than 45% the women did not receive postnatal checkups (11).

Studies in different settings have investigated the factors associated with MNCH services
utilisation including the timing of ANC, number of ANC visits, skilled delivery and postnatal
care (8, 9, 28-30), however, our understanding of MNCH utilisation in SSA is still limited.
Trends in utilisation of MNCH services such as late ANC uptake have not been thoroughly
assessed. to monitor how women’s late uptake of ANC has progressed (8). Moreover, few
studies have investigated the utilisation of ANC visits, skilled delivery and postnatal care in

the CoC to better understand and improve the utilisation of MNCH continuum (31-33). In



addition, the use of more versatile analytical approaches like Machine Learning methods in

predicting and classifying the utilisation of MNCH services is less common (34, 35).

Furthermore, associations between MNCH services utilisation and neonatal outcomes such as
neonatal mortality have often been assessed using traditional approaches (regression models)
that assume direct associations (36, 37). However, few studies have assessed interrelated (direct
and indirect) pathways between MNCH services utilisation and neonatal outcomes (38, 39).
Analytical approaches like GSEM can capture complex and dynamic relationships such as the
links between MNCH services utilisation and neonatal outcomes. Unlike regression models,
GSEM can estimate both direct, indirect and total path effects (40) which gives a clear
understanding of how different services of MNCH are related to one another with neonatal

outcomes for more effective targeted interventions (40).

Given the importance of MNCH in ending preventable neonatal mortality and accelerating the
achievement of SDG-3 goals, the study sought to describe the utilisation of MNCH services
and their associations with neonatal mortality using GSEM and Machine Learning models in

three sub-Saharan African countries namely the DRC, Kenya, and Tanzania.



CHAPTER 2: LITERATURE REVIEW

This review of the literature describes the burden and causes of neonatal mortality. It describes
MNCH services utilisation and associations with neonatal outcomes. It also describes the statistical
methods used in assessing utilisation of MNCH services. It also gives more detail on the
problem statement, justification of the study and outlines the aim and objectives of the PhD

study, and conceptual framework.

2.0 Burden of neonatal mortality

Neonatal deaths have generally declined over time across the globe. From 1990 to 2017, global
NMR decreased from 37 (36-38) deaths per 1,000 live births in 1990 to 18 (17-20) in 2017 (2).
However, the chances of survival for newborns continue to significantly vary by region. In
2017, the NMR (27 deaths per 1000 live births) in SSA was 9 times higher compared to HICs
(3 deaths per 1000 live births) (2). Improving the chances of newborns’ survival is still a
challenge in SSA. Most countries in SSA are falling short of the SGD-3 target of reducing
neonatal mortality to 12 per 1,000 live births by 2030 (2). In 2017, countries like the DRC (29
deaths per 1,000 live births), Kenya (21 deaths per 1,000 live births) and Tanzania (21 deaths
per 1,000 live births) recorded NMRs way above the SDG-3 target (2). The DRC, Kenya and
Tanzania are ranked among the top six countries in Africa with the highest number of neonatal
deaths (14). Without intensified goals, most countries in SSA will not meet the SDG-3 goals

(2, 14, 18, 40).

2.1 Causes of neonatal mortality

Globally, the main causes of neonatal deaths globally are prematurity (28%), sepsis (26% )and
asphyxia/birth related hypoxia (23%)(17). In Africa, 1,12 million newborn deaths occur

annually (41). The leading causes of neonatal deaths include sepsis/pneumonia, diarrhoea,



tetanus, preterm birth, asphyxia and congenital defects (15, 16). These causes account for
approximately 80% of neonatal deaths (41).

Most causes of neonatal deaths are preventable and treatable (17). Pneumonia and diarrhoea
are diseases that are prone in children with weakened immune sysytems (42, 43). Poor
sanitation, malnutrition, low birth weight (LBW) and insufficient immunisation increase
children’s susceptibility to pneumonia and diarrhoea (42, 43). Tetanus is a fatal infectious
disease which is preventable through vaccination of pregnant mothers and children (44).
Prematurity is an underlying cause of 50% of neonatal deaths, very premature neonates
(Gestational age <32 weeks) have a particularly high risk of death (45). Prematurity for a
variety of reasons such as maternal chronic conditions and infections and pregnancy
complications (45). Birth asphyxia, defined as the failure to establish breathing at birth, is one
of the primary causes of early neonatal mortality. The most common cause of perinatal
asphyxia is complications during childbirth (46). Congenital abnormalities are caused by
problems during the fetus's development before birth due to pregnancy complications and

environmental factors (47).

2.2 MNCH services

The “Health Goal” or SDG-3 aims toward “ensuring healthy lives and promoting well-being
for all at all ages” (25). The centerpiece of SDG-3 is “Universal Health Coverage” (UHC),
which signifies that all people should have access to quality health services, when in need,
without facing any financial hardship. It covers the full continuum of essential health services,
from health promotion to prevention, treatment, rehabilitation, and palliative care across the
life course (25). Universal coverage of MNCH is an essential pre-requisite for women and
children in the advancement of better health outcomes and achievement of SDG-3 goals of

reducing maternal deaths and ending preventable neonatal mortality (25, 48). According to



WHO, MNCH interventions offered during antenatal, delivery and postnatal period could
improve maternal and child outcomes. However, poor uptake of MNCH services, particularly
in developing countries is linked to maternal and early childhood morbidity and mortality (17,

18, 49, 50).

2.2.1 Antenatal care

Antenatal care is the first package of MNCH services offered to pregnant women (7). It is
routine care provided to pregnant mothers from conception to the start of labour (9). ANC aims
to promote and protect the health of the expectant mother and her unborn child through various
interventions (9) such as the identification of pre-existing health conditions, early detection of
complications, health promotion and disease prevention, and birth preparedness and planning
(21). Identification of pre-existing health conditions includes checking for weight, nutrition
status, anemia, hypertension, syphilis, and HIV status (3). Early detection of complications
arising during pregnancy includes screening for pre-eclampsia and gestational diabetes (3).
Health promotion and disease prevention includes tetanus vaccine, prevention and treatment of
malaria, nutrition counseling, micronutrient supplements and family planning and counselling
(3). Birth preparedness and planning includes birth and emergency plans, breastfeeding
counselling and antiretrovirals for HIV positive women and prevention of mother-to-child

transmission of HIV (3).

The first timing of ANC refers to the first time a pregnant woman visits a prenatal clinic to
receive care from health care professionals (20). It is used to determine the health state of the
mother and fetus, to estimate gestational age and date of delivery, and to schedule for future
ANC visits (20). The timely commencement of ANC is critical for early detection of
pregnancy-related issues and unfavourable pregnancy outcomes such as LBW, stillbirth, and

intrauterine fetal death (20). The WHO recommends that pregnant women begin ANC early,



within the first 16 weeks of pregnancy, for the optimum health outcomes (3, 20). However,
most women begin ANC late in SSA. Reports from a study conducted in SSA indicate that
over 60% of the pregnant women present late for their first ANC visit (8). Late ANC uptake
has been associated with characteristics such as low education, rural residence, low income,

multiparity, unemployment, unplanned pregnancies, and travel expenses (8, 51).

The WHO also recommends a minimum of four ANC visits for low risk pregnancies (4, 21).
This allows for adequate monitoring of the mother’s health and fetus up to the time of delivery
(4, 21). However, ANC utilisation is low in SSA (9, 52-54). Findings from an earlier study
found that only 55.5% of the women attended a minimum of four ANC visits (26). Attending
fewer ANC visits has the potential to increase maternal and child morbidity and mortality (55,
56). Findings from a cohort study in Ethiopia showed attendance of four or more ANC visits
was significantly associated with a reduction in postpartum haemorrhage, preterm birth, and
LBW and neonatal mortality (57). Reasons cited for low attendance of ANC visits in literature
include late ANC initiation, poor income, being single, low education, living in the rural areas,
older age, higher parity, living in larger households, lack of health insurance cover, low quality

of ANC and longer travel distance to the health facility (9, 19, 54, 58).

2.2.2 Skilled Birth Attendance

Skilled birth attendance is recommended during labour (59). Skilled workers such as doctors,
nurses and midwifes are trained in managing normal (uncomplicated) pregnancies, childbirth
and the immediate postnatal period, and in the identification, management and referral of
complications in women and newborns (5). Skilled birth attendance has the potential to reduce
maternal mortality and ensure child survival (15), as outlined in the United Nations' Sustainable
Development Goals 3.1 and 3.2 ( (SDG 3.1 and 3.2) (5, 25). However, reports from literature

show that over a third of mothers in SSA deliver without the assistance from a skilled worker



(27). Barriers affecting lack of SBA include low ANC visits, lack of access to mass media,
longer travel distances to the health facility, low quality of ANC, higher parity, medical

expenses, low education, rural residence, cultural norms and low income (58-60).

2.2.3 Postnatal Care

Postnatal care is provided to the mother and newborns during the postnatal period, commencing
immediately after childbirth and continuing for up to six weeks (42 days) after delivery (61,
62). It includes risk identification, preventive measures, health education and promotion, and
complications management or referral. It reduces maternal and child morbidity and mortality
while also improving overall health and well-being (62). Despite the aforementioned benefits,
only 52.5% of women and newborns in SSA receive a postnatal checkup, and postnatal care is
the least utilised MNCH service (11). Factors that contribute to low uptake of PNC found in
literature include having informal education, low ANC visits, lack of SBA, home delivery, low
quality of ANC, medical expenses, low autonomy in healthcare decision making, rural

residence, higher parity, female headed-households and unemployment (11, 22, 58, 63).

2.2.4 Continuum of Care for MNCH

Improving the utilisation of the CoC for MNCH is one of the strategies and recommendations
for achieving the global goal of reducing maternal mortality (70 maternal deaths per 100,000
live births) and ending preventable neonatal mortality and under-five mortality by 2030 (25).
However, over 85% of the women and children in SSA do not fully utilise the CoC or the three
services combined i.e. ANC, SBA and PNC (52, 64). The CoC is currently being given more
attention and deemed advantageous over receiving each care provided in the MNCH separately
(52, 64). The CoC for MNCH places focus on two critical dimensions: time and place, or level
of care (65). The CoC for MNCH recognizes that there is a close inter-relationship between

MNCH at different time periods and location (65). The time dimension emphasises the need of



linking MNCH service packages over time during pregnancy, labor, and the postpartum period
(65). The place or level of care dimension links various levels of services provided at home,
communities and health facilities (65). Considering that the mother’s health affects the health
of the child, and the importance of continuity in care, it is essential for their interventions to be

enhanced through a CoC approach (64, 66).

2.3 Statistical Methods

Several statistical techniques are used in MNCH research to quantify relationships including
the logistic regression models, Machine Learning algorithms and Generalised Structural
Equation Modelling (GSEM). The application of more complex analytical methods such as
Machine Learning and GSEM is becoming increasingly relevant in the analysis of healthcare

data than common statistical models (logistic regression) (34, 67-69).

2.3.1 The Logistic regression model

The logistic regression model is a statistical analysis method used to analyse the association
between a binary response outcome, and an explanatory variable. The logistic regression model
is popular among health researchers (9, 70). It is based on the assumption that observations are
independent (71). For the survey logistic regression model, one needs to account for sampling
weights and the clustering of observations within survey Enumeration Areas (EAs) (71).
Prediction scores (prediction probabilities) can also be generated after running the logistic
regression model (72). The benefit of using prediction scores is that the predicted values of the

outcome variable are adjusted for covariates or potential confounders (72).

2.3.2 Machine Learning

Machine Learning is a subset of artificial intelligence which is one of the fastest-growing
technical fields (73). Machine Learning describes the automated process of identifying patterns

in data to perform tasks, such as prediction and classification. It is effective in finding
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correlations in data, but not determining causation (68, 74). Machine Learning has become
indispensable for managing large data sets (75). For some problems with small datasets, for
instance, conventional techniques like the logistic regression provide a quick and cost-effective
solution, whereas Machine Learning algorithms provide a better option for complex problems
with large datasets and nonlinear interaction between different variables (35). Big data allows
Machine Learning algorithms to uncover hidden patterns which stimulate the process of
decision-making (76).

The data used in Machine Learning can be labelled or unlabelled. Labeled data contains
meaningful tags or labels, while unlabeled data is simply raw data before labelling (76). Using
this data the Machine Learning algorithm estimates a pattern regarding about the data and uses
a function where the estimation is compared to the known answer i.e. the labeled data, to
measure accuracy (76). The model then attempts to fit the estimation to known data points to
increase accuracy (76). This is how the Machine Learning algorithm trains and produces

models that assist the machine in mimicking human behaviour.

In today's environment, Machine Learning is being used in a range of fields (12, 76). Machine
Learning methods mainly are for classification and prediction (e.g., medical diagnosis,
forecasting pandemic, clustering analysis (e.g., securing the web by detecting unusual traffic,
identification of cancer cells, partitioning customers) (12, 76) and natural language processing
(e.g., speech recognition, language translation, sentiment analysis) (12, 76). However, few
studies have employed Machine Learning in MNCH to predict or classify the utilisation of

MNCH services (31, 32, 34).

Machine Learning can be categorised into several ways depending on how the system (ML
model or agent) is trained (76). The main types of Machine Learning are supervised learning
and unsupervised learning (76). In supervised learning, the datasets are labeled to train
algorithms to classify data or predict outcomes, while in unsupervised learning models are not
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supervised using training datasets but instead, models learn from the hidden pattern and

unknown information from the datasets (76).

Several complex Machine learning algorithms or models are used in supervised Machine
Learning including the Decision Tree, Random Forest, Artificial Neural Network, Support
Vector Machine (77). A Decision Tree is a supervised learning algorithm used for classification
and prediction. It depicts a flowchart, starting with a root node that asks a specific question
about the data. Based on the answer, the data is directed down different branches to
subsequent internal nodes, which ask further questions and guide the data to subsequent
branches (77, 78). This process goes on until the data reaches an end node, also known as a leaf
node, where no further branching occurs. By asking a sequence of questions and following the
corresponding branches, Decision Trees enable prediction and classification of outcomes based
on the data's characteristics. Decision Tree algorithms can handle complex datasets with ease
and simplicity. The simplicity and interpretability make Decision Trees essential for various

applications in Machine Learning, particularly when handling complex datasets (77).

A Random Forest algorithm is an ensemble of Decision Trees used for prediction and
classification (77). The Random Forest combines the predictions from multiple Decision Trees
to make more accurate predictions. Numerous Decision Tree algorithms (sometimes hundreds
or even thousands) are separately trained using different random samples from the training
dataset (79). Once trained, the Random Forest takes the same data and inputs it into each
Decision Tree. Each Decision Tree produces a prediction, and the Random Forest tallies the
results. The most common prediction among all the Decision Trees is then selected as the final
prediction for the dataset. Random Forests address overfitting that can occur with individual
Decision Trees. Overfitting occurs when a Decision Tree becomes too closely aligned with its

training data, making it less accurate when presented with new data (77).
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An Artificial Neural Network is a Machine Learning algorithm used to classify and cluster data
at high velocity (77). It makes decisions in a similar way to the human brain using processes
that mimic the way biological neurons work together to identify phenomena, weigh options
and come at conclusions. Each neural network consists of layers of nodes, or artificial
neurons—an input layer, one or more hidden layers, and an output layer (80). Each node
connects to others and has its own associated weight and threshold. If the output of any
individual node is above the specified threshold value, that node is activated, sending data to
the next layer of the network. Otherwise, no data is passed along to the next layer of the
network. Neural networks depend on training data to learn and improve their accuracy over

time (77).

A Support Vector Machine is used for classification and predictive modeling tasks (77). Support
Vector Machine algorithms work by creating a decision boundary called a "hyperplane.” In two-
dimensional space, this hyperplane is like a line that separates two sets of labeled data (77). The
aim of the Support Vector Machine is to get the best possible decision boundary by maximizing
the margin between the two sets of labeled data. The Support Vector Machine searches for the
widest gap or space between the classes. Any new data point that falls on either side of this
decision boundary is classified based on the labels in the training dataset (80). It’s essential to
note that hyperplanes can take on different shapes when plotted in three-dimensional space,
allowing Support Vector Machines to handle more complex patterns and relationships in the data
(77).

2.3.3 Generalised Structural Equation Modeling

Structural Equation Modeling (SEM) is a comprehensive statistical technique employed to

estimate a network of relationships between observed (measured) variables and latent variables
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(81). SEM has gained popularity in health sciences as a powerful multivariate analysis tool due
to its ability to handle the investigation of both simple and complex causal models (38, 81).
SEM is a progression beyond the well-established linear and logistic regression models. Unlike
regression models, the SEM can estimate both direct, indirect, total path effects, quantify each
factor’s contribution to the covariance structure and identifies patterns of covariance among
variables, explore potential latent confounders and can model all the equations simultaneously

(81).

Generalized Structural Equation Modeling (GSEM) is an extension of SEM. SEM differs from
GSEM in that the outcome variable in SEM is continuous and the regression model is linear,
whereas GSEM is more general (81, 82). The response variables can be continuous, binary or
ordinal. In addition, non-linear link functions are allowed. This refers to the ability to
simultaneously handle nested or crossed group-level effects in a particular data set, i.e., latent
and observed variables that may vary at various levels can be modelled simultaneously.
Consequently, GSEM allows the incorporation of both unobserved and observed effects for
subjects, subjects within groups, and groups within subgroups (82).

2.4 Problem Statement

Globally, 2.5 million newborn deaths occurred in 2017, approximately 7000 every day (2). The
probability of survival from birth varies widely by region (2). Sub-Saharan Africa (SSA) had
the highest NMR in 2017 at 27 (25-32) deaths per 1000 live births, followed by Southern Asia
with 26 deaths per 1,000 live births (2). Also in SSA, nearly half of the newborn deaths occur
in six countries namely the Nigeria, DRC, Ethiopia, Tanzania, Uganda and Kenya (14). The
common causes of neonatal deaths in Africa include sepsis/pneumonia, tetanus, diarrhoea,
preterm birth, asphyxia and congenital defects (15, 16). However, most of the leading causes

of neonatal deaths are preventable and treatable (15, 17).
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Using current projections, most countries in SSA will miss the SDG-3 target of reducing the
NMR by 12 deaths per 1,000 live births (2). The DRC is one of the countries with the highest
NMR in SSA, estimated at 29 deaths per 1000 in 2017, and 68 000 neonatal deaths Artificial
annually (2). The adequate provision of MNCH has been adopted as one of the key strategies
in preventing newborn deaths (83-85). The DRC’s health sector is mainly financed by
international aid, particularly in war torn areas (84). For instance, since 1963, the United
Nations Children’s Fund (UNICEF) has been providing health aid on maternal and child health

to the DRC, particularly in impoverished areas and areas of conflict (84).

In Kenya, newborn deaths are a major public health problem (36). Although Kenya has reduced
NMR from 33 deaths per 1,000 live births in 1990 to 21 deaths per 1,000 live births in 2017,
about 32,000 children die in the first 28 days (2). The Kenyan government adopted several
strategies to improve access of MNCH particularly among the poor such as provision of free
maternal healthcare and national health schemes (86). In 2013, Kenya declared maternity
services free of charge, in all public health institutions across the country to make maternal
healthcare accessible to all women in the country (86). However, evaluations of the policy on
the abolishment of maternal healthcare user fees uncovered several inadequacies. Women still
grappled with other financial barriers like transportation costs and health facilities experienced
problems with shortages of staff, drugs and supplies and ambulances for community-level
emergencies (86, 87). This resulted in an increase in out-of-pocket (OOP) payments (88).
Kenya has two primary health insurance schemes; the National Health Insurance Fund (NHIF),
which was founded in 1966, and the National Social Security Fund (NSSF), which was founded
in 1965 (88). Although several health insurance schemes are available, health insurance

currently provides coverage for only 10% of Kenya's population.
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In Tanzania, neonatal mortality is also of public health concern (89). Although the NMR
decreased from 38 deaths per 1000 live births to 21 deaths per 1000 live births between 1990
and 2017, the reduction has been slow (2). The government of Tanzania has endeavoured to
improve access of healthcare among mothers and children through initiatives such as the
National Health Insurance Fund (mandatory for public officials) and Community Health Fund
(optional for the informal sector) introduced in 2000, and the provision of free maternal and
child healthcare in 2008 (90). However, low membership has been persistently observed in
community health schemes, which may be attributable to poor quality of public healthcare,
lack of provider choice, and inadequate reward packages (91). Moreover, although user fees
have been eliminated, women in Tanzania continue to incur substantial OOPs expenses for

medications, supplies, and the transportation of the mother and any birthing companions (90).

MNCH has been adopted as a key element in improving the lives of women and children in the
SDG goals, however, timely and adequate utilisation of MNCH is still poor and far from
universal in SSA. Reports from literature show that more than two-thirds of the women initiated
ANC late (8) and only 56.7% of the women attended a minimum of four ANC visits (26),
63.9% received SBA (27) and only 52.5% of the women had postnatal checks after delivery
(11). Moreover, over 85% of the women do not fully utilise all the services i.e.; ANC, SBA
and PNC (52). Thus, itis conceivable the low utilisation of MNCH services is also contributing

to SSA's ongoing problems of neonatal mortality.

2.5 Justification

While MNCH i.e. ANC, SBA and PNC has been highlighted as a key strategy in the SDG-3
goals to ending preventable neonatal mortality (25), uptake of MNCH services remains poor
in SSA and is of public health concern (9, 28, 59, 62, 63). Although studies have been

conducted to understand the utilisation of vital services in MNCH such as ANC, SBA and PNC
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(9, 28, 62), our understanding of MNCH utilisation is still limited. The assessment of trends of
MNCH services utilisation over time has not been extensively investigated in SSA countries,
particularly the timing of the first ANC visit (92). Late ANC initiation is a common problem
in SSA, and there are limited studies in SSA which have assessed trends of late ANC initiation
and contributing factors (92). Using two rounds of DHS surveys, the study assessed the trends
of late ANC initiation between the two rounds of DHS surveys and associated factors in the
DRC, Kenya and Tanzania. This information will help policy makers in implementing
interventions on the factors contributing to the observed trends of late ANC initiation and guide

future policy in improving timely initiation of ANC in the SDG era.

The uptake of ANC visits, SBA and PNC remains suboptimal in SSA (30). While previous
studies have identified various factors that influence the individual utilisation of ANC visits,
SBA and PNC (9, 28, 62), few studies have assessed the drop out or full utilisation of the CoC
in SSA (31, 32). The CoC is currently receiving more attention and is preferable to receiving
each service provided in the MNCH separately i.e. ANC visits, SBA, and PNC (64, 66).
Because the health of the mother is closely tied to that of the child, women stand to benefit
more with their children when they receive optimal services from pregnancy, childbirth and
the postnatal period. Given the importance and benefits of integrated utilisation of MNCH
services, it is vital that the barriers preventing women/children from fully utilising the CoC are
understood. Thus, this study sought to investigate the factors associated with the drop out of

women/children in the CoC for MNCH.

Additionally, studies which assessed the utilisation of ANC visits, SBA and PNC services
separately or the MNCH continuum have tended to use conventional analysis methods such as
the Logistic regression (30-33, 60, 93). However, the use of more versatile analytical
approaches for predicting and classifying MNCH utilisation using like Machine Learning are
not common. Machine Learning algorithms like the Decision Tree, Random Forest, Support
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Vector Machine and Artificial Neural Network have a larger capacity of extracting hidden
patterns and relationships in data than conventional methods, particularly when utilising large
datasets. Thus, the study sought to utilise Machine Learning in identifying the main factors of
non-utilisation of PNC using the Decision Tree. The Decision Tree method was applied
because of several advantages. The Decision Tree algorithm can identify high-risk population
subgroups of women/children who do not utilise PNC. Interventions can be then developed
according to the specific needs of each subgroup, particularly for vulnerable groups. The

results from the Decision Tree are also simple and easy to interpret.

The study also applied several complex Machine Learning algorithms/models like the Decision
Tree, Random Forest, Support Vector Machine and Artificial Neural Network to predict the
utilisation of the CoC and use the best performing Machine Learning algorithm to rank the
most important features/predictors. To the best of our knowledge, no study has used Machine
Learning to predict the utilisation of the CoC for MNCH services in the three countries: DRC,
Kenya and Tanzania. Application of Machine Learning will aid in improving the prognosis of
MNCH utilisation such as classifying high-risk populations of women/children who are most
likely to drop out of the CoC. This will aid in making better informed decisions in MNCH

interventions targeted at improving the utilisation of the CoC.

Studies which assessed relationships between utilisation of MNCH services and neonatal
outcomes such as neonatal mortality (36, 37, 94), have often used approaches that assume direct
associations (36, 37, 94). Few studies have assessed interrelated (direct and indirect) pathways
between MNCH services utilisation and neonatal outcomes (38, 39). Special analytical
methods such as the GSEM are ideal for modelling complex interactions such as utilisation of
interrelated services in MNCH and potential outcomes. GSEM allows for the simultaneous
analysis of several equations, offering a versatile and comprehensive framework for examining
various interactions among numerous variables. GSEM also enables the evaluation of potential
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mediators i.e indirect effects (81, 82). This study applies GSEM to investigate the presence of
both direct and indirect associations between MNCH services utilisation and neonatal
mortality. GSEM will enable a better understanding of the interconnected pathways between
MNCH services utilisation and neonatal mortality for the development of more effective

targeted interventions.

2.6 Overall aim

To describe the utilisation of MNCH services and their associations with neonatal outcomes
using GSEM and Machine Learning models in three sub-Saharan African countries: the DRC,
Kenya, and Tanzania.
2.6.1 Specific Objectives
1. To assess the trends and determinants of late ANC initiation in three sub-Saharan African
countries: the DRC, Kenya, and Tanzania, from 2007 to 2016.
Paper: Mlandu C, Matsena-Zingoni Z, Musenge E (2022) Trends and determinants of
late antenatal care initiation in three East African countries, 2007-2016: A population
based cross-sectional analysis. PLOS Glob Public Health 2(8): e0000534.
2. To predict the risk factors of non-utilisation of postnatal care in three sub-Saharan African
countries using the Decision Tree
Paper: Mlandu C, Matsena-Zingoni Z, Musenge E (2023). Predicting risk factors of
non-utilisation of postnatal care in three sub-Saharan African countries: Application of

the Decision Tree. (Under Review-BMJ Public Health).

3. To predict the likelihood of a mother/child dropping out from the MNCH continuum using
various Machine Learning models and determining the most influential predictors in three sub-

Saharan African countries.
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Paper: Mlandu, C., Matsena-Zingoni, Z. & Musenge, E. Predicting the drop out from
the maternal, newborn and child healthcare continuum in three East African
Community countries: application of machine learning models. BMC Med Inform

Decis Mak 23, 191 (2023). https://doi.org/10.1186/s12911-023-02305-1.

4. To describe the mediation role of maternal, newborn and child healthcare services utilisation
on neonatal mortality in three sub-Saharan African countries.
Paper: Mlandu C, Matsena-Zingoni Z, Musenge E (2023). Mediation role of maternal
and newborn and child healthcare services utilisation on neonatal mortality in three sub-
Saharan African countries: A generalized structural equation modeling approach.

(Under Review-Maternal Health, Neonatology and Perinatology)

2.7 The conceptual framework describing the utilisation of MNCH services and their
associations with neonatal mortality.

The conceptual framework for this study is informed by McLeroy’s Socio-Ecological Model,
see Figure 2 (1). McLeroy's Socio-Ecological Model considers the complex interplay of factors
that operate at multiple levels to influence health services utilisation and impact health
outcomes (1). The conceptual framework in this study grouped the factors at the individual,
interpersonal, structural/societal and organisational or health system level. The factors at the
individual level included maternal and child characteristics such as mother’s age, mother’s
education, employment, parity, lack of autonomy, pregnancy intention, mode of delivery,
exposure to mass media, child sex, child’s birth weight; at the interpersonal level, relationship
status; at the structural or societal level, place of residence, household head, household size,
household wealth and permission to seek medical help alone; and at organisational the level,
health insurance cover, travel distance to the health facility, medical costs, quality of ANC and

place of delivery (1).
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Figure 2.1: Conceptual framework describing the utilisation of MNCH services and their
associations with neonatal mortality, adapted from McLeroy’s Socio-Ecological Model

CHAPTER 3: METHODOLOGY

Chapter 3 describes the study setting, and design, data source, data management and the
application of the statistical techniques to address the statistical and empirical research

objectives of the PhD study.

3.0 Study setting

The study was conducted in three countries in SSA i.e. the DRC, Kenya and Tanzania (95, 96).
These three countries were selected for the study because they rank in the top six countries in
SSA with the highest number of neonatal deaths (14). The DRC is the second largest country
in Africa (after Algeria), with a population of 84 million people (2018) (97). The administrative
divisions of the DRC are comprised of 26 provinces (98). DRC is rich in natural resources,
including minerals such as cobalt and copper, hydropower potential, significant arable land,
immense biodiversity, and the world’s second-largest rainforest. However, most people in

DRC have not benefited from this wealth (99). A lenghty history of conflict, political upheaval
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and instability have contributed to the ongoing humanitarian crisis. In addition, there has been
forced displacement of populations. DRC is among the five poorest countries in the world. In

2022, about 62% of Congolese, around 60 million people, lived on less than $2.15 a day (99).

Kenya’s population was estimated at 46 million people in 2018 (100). Kenya is divided into 8
provinces, namely, Nairobi (the capital city), Central, Coast, Eastern, North-Eastern, Nyanza,
Rift Valley (most populated) and Western provinces are subdivided into districts, and the
districts are further subdivided into territories (101, 102). Over the past ten years, the nation
has been through significant political and economic reforms that have boosted social
development, political stability, and sustained economic growth (101). However, poverty,
youth unemployment, lack of transparency and accountability, climate change continue to
weaken private sector investment, and the economy's susceptibility to both internal and

external shocks remain among its main development concerns (101).

Tanzania’s population is estimated at 60 million (103). Tanzania is divided into 26 regions,
subdivided into districts, and the districts are further subdivided into territories (104). The
regions are (region capitals in parenthesis) Arusha (Arusha), Dar es Salaam (Dar es Salaam),
Dodoma (Dodoma), Iringa (Iringa), Kagera (Bukoba), Kigoma (Kigoma), Kilimanjaro
(Moshi), Lindi (Lindi), Manyara (Babati), Mara (Musoma), Mbeya (Mbeya), Morogoro
(Morogoro), Mtwara (Mtwara), Mwanza (Mwanza), Pemba North (Wete), Pemba South
(Mkoani), Pwani (Kibaha), Rukwa (Sumbawanga), Ruvuma (Songea), Shinyanga (Shinyanga),
Singida (Singida), Tabora (Tabora), Tanga (Tanga), Zanzibar Central/South (Koani), Zanzibar
North (Mkokotoni), and Zanzibar Urban/West (Zanzibar; Stone Town). Poverty remains
largely rural, with rural areas housing four-fifths of the poor (105). Poverty is most
concentrated in the western and lake zones and least concentrated in the eastern zones.
Increased expansion in the agricultural sector, where the majority of the poor earn their living
appears to be critical for poverty reduction (103).
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3.1 Study design and data source

The study employs a repeated cross-sectional design using secondary data from the DRC
(2007- 2013/14), Kenya (2008-2014), and Tanzania (2010-2015/16) DHS surveys, see Table
3.1. The DHS surveys are nationally representative cross-sectional household surveys that
provide data for a wide range of monitoring and impact evaluation indicators in the areas of

population, health, and nutrition (106).

Table 3.1: DHS surveys data used in the study analysis

Country DHS Survey year Clusters Total Sample
DRC
2007 290 4,559
2013/14 492 8,941
Kenya
2008 386 3,512
2014 1,573 13,776
Tanzania
2010 456 5,058
2015/16 608 6,873
Combined Countries 2007-2016 3,805 42719
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3.2 Data sampling and collection

The DHS samples in the DRC, Kenya and Tanzania were stratified by urban/rural and selected
in two stages. In the first stage, EAs or clusters were selected with probabilities proportional to
EA size. In the second stage, households were selected per cluster with equal-probability
systematic sampling. All women aged 1549 years of the selected households or visitors who
stayed in the household the night before the survey were eligible to be interviewed. The

information was collected using standard questionnaires (106).

3.3 Data management and analysis

The data management and analysis is per presentation of outcomes and explanatory variables

in specific objectives. More details are outlined in chapter 4,5, 6 and 7.

3.3.1 Objective 1

To assess the trends and associated determinants of late ANC initiation in three sub-Saharan

African countries: the DRC, Kenya, and Tanzania, from 2007 to 2016.

The primary outcome was late ANC initiation. Women were asked how many months they
were pregnant when they first received antenatal care in the pregnancy (107). The timing of
ANC was categorised as early or late ANC initiation based on studies in SSA (108, 109). Late
ANC initiation was coded as late if the woman’s gestational age was more than four months
and early if otherwise (108, 109). The explanatory variables were selected for analysis based
on literature (8, 110), and they represented proxy measures for demographic and
socioeconomic variables collected at the time when the woman was pregnant. These variables
included place of residence, maternal age, maternal education, birth order, household size and

household wealth.
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Using ArcGIS, thematic maps were constructed to show the late ANC initiation prevalence
rates between earlier and later surveys in the three countries. All the other analyses was
conducted using STATA version 17 (StataCorp, College Station, Texas 77845 USA (111). The
analysis accounted for multistage sampling. The data was svyset for clustering, survey weights
and stratification prior to conducting all analyses for each round of DHS surveys. All
explanatory variables were included in the analysis to allow for country and time period

comparative analysis across the same explanatory variables.

The Pearson’s chi-square with correction for clustering, survey weights and stratification was
employed for the descriptive analysis to compare respondents’ demographic and
socioeconomic characteristics by late ANC initiation. The multivariate logistic regression
adjusted for clustering, survey weights and stratification was used to determine the
determinants of late ANC initiation. For a binary response Yji and a vector of explanatory
variables X, the multivariable logistic regression model is given Dby:

exp(bo + b X1 + b X, + byX,)
1+ exp(by + b1 Xy + by X, + byX))

m;(X) =

(1)
Where mijxy=P (Yji=1/X), the probability of the j" woman initiating ANC late (Y1) in i

cluster (EA) given other covariates X. Alternatively, the logit (log-odds) is linearly related to

the explanatory variables, with the equation written as;

logit[mij (X)] = b0 + b1X1ij + b2X2ij + ... + bp Xpij ...

(2)
for the jth woman in the ith cluster (EA).

The trends of late ANC initiation over time were assessed by comparing the earlier and later

surveys and first described using proportions plotted on maps using the ArcGIS software (112)
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and then described using prediction scores (prediction probabilities), estimated after running
the multivariate logistic regressions models accounting for clustering, survey weights and
stratification, see the STATA do file in the Appendix. The differences in the prediction scores

between earlier and later surveys in each country were assessed using an independent t-test.

3.3.2 Objective 2

To predict the risk factors of non-utilisation of postnatal care in three sub-Saharan African

countries using the Decision Tree.

The outcome variable for this analysis was non-utilisation of PNC. The respondents were asked
how long they and their newborns had a postnatal check after delivery, which could be hours,
days or weeks (107). Non-utilisation of PNC was constructed into a binary variable, coded as
one (1) if the mother and neonate did not utilise PNC and zero (0) if both mother and the
neonate utilised PNC based on literature (113). In the DHS PNC utilisation is self-reported by

the mother.

The explanatory variables were place of residence, current maternal age, wanted pregnancy,
maternal education, employment in the past year, parity, exposure to mass media, relationship
status, head of household, household wealth, household size, financial decision making, mode
of delivery, health insurance cover, seeking medical help alone, travel distance to the health
facility, medical costs, timing of ANC, ANC visits, SBA and place of delivery and quality of
ANC. Quality of ANC was constructed using items on routine ANC services including
measurement of weight, height and blood pressure, and collection of urine and blood samples.
The items on routine ANC services were coded as binary responses (yes if the service was
received and O=no if otherwise). Women who scored <75% of the total score were classified

as having received low quality of ANC, and high quality of ANC if otherwise.
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The data was cleaned and edited using STATA/SE version 17.0 (111). The data were weighted
using the “svyset” STATA command to account for clustering, survey weights and
stratification. This was done to account for the effect of the hierarchical nature of DHS surveys
data and to restore the representativeness of the survey. A descriptive analysis of the variables
was conducted. Stepwise regression was conducted at the 5% significance to select
features/explanatory variables to be considered for Machine Learning. Feature selection is an
essential aspect for Machine Learning that involves choosing non-redundant and most relevant
features that allows one to build optimised models of the outcome (114). The data was then
imported to R software for Machine Learning to train and test the Decision Tree and Logistic

regression classification models.

The data was preprocessed in R to convert it in a way that can be used to train the Machine
Learning models. The selected features or explanatory viables were hot encoded or converted
into factor or binary variables. The data was prepared for the Machine Learning analysis by
splitting the data into training and testing data sets using an 80/20 split. The study outcome
PNC non-utilisation was imbalanced. Therefore, Random Over-Sampling Examples (ROSE)
was applied to the training datasets to correct the class imbalances (115). The random
oversampling corrects class imbalance by replacing the training data with multiple copies of
some of the minority classes (115). In this analysis, ROSE was applied to increase the number
of participant who did not utilise PNC (minority class) to balance with those who utilised PNC

(115).

The Decision Tree was applied to the training data to assess a combination of factors with the
greatest risk of PNC non-utilisation. The Decision Tree algorithm selects the variables from
the database to split the sample into progressively smaller subgroups. It first identifies the most
important feature/variable variable, the root node, which divides into two branches until the
next best variable is reached (78, 116), resulting in a multilevel structure that resembles a tree
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(78, 116). The Decision Tree has several advantages. Firstly, the algorithm can divide
consecutive data into the best predictive group, efficiently dividing populations into
meaningful subgroups. Secondly, high-risk population subgroups can be identified, and
interventions can be developed according to the specific needs of each subgroup, especially for

vulnerable groups. Thirdly, the Decision Tree can describe associations in the data by revealing

second and higher order interactions among variables. Fourthly, it gives a combination of

variables with the greatest risk. The Logistic regression model was also applied to the training
data to assess how well it predicts the outcome in comparison with the Decision Tree. The test
data was used to validate the Decision Tree and Logistic regression models’ performance, see

the R code in the Appendix.

The parameters used to compare the Decision Tree and Logistic regression models were
accuracy, sensitivity, specificity and area under ROC curves (117). A ROC curve is a plot of
the sensitivity versus 1 — specificity of a model/test. The ROC curve represents the mean
sensitivity value for a given model/test across all conceivable specificity values, or conversely.
An area under the ROC curve (AUC) is an effective way to summarize the overall diagnostic
accuracy of the model/test. It takes the value from 0 to 1, with 1 representing a perfectly
accurate model/test and 0 representing a completely inaccurate one (118). AUC values of 0.5
indicate no discrimination, while 0.6>AUC>0.5 indicates poor discrimination, 0.7>AUC>0.6
indicates acceptable discrimination, 0.8>AUC>0.7 indicates excellent discrimination, and
AUC>0.9 indicates exceptional discrimination (119). The larger the AUC, the better is overall

performance of the model to predict non-utilisation of PNC.
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3.3.3 Objective 3

To predict the likelihood of a mother/child dropping out from the maternal, newborn and child
healthcare continuum and determining the most influential predictors in three East African

Community countries including the DRC, Kenya and Tanzania.

The outcome variable in this analysis was drop out from the MNCH continuum. The outcome
variable was constructed using self-reported utilisation of MNCH services including ANC
visits, SBA and PNC in the DHS. To measure utilisation of these services, women were asked
how many times they received antenatal care during the pregnancy, who assisted with the
delivery and how long they and their newborns had a postnatal check after delivery (107). The
definitions for drop out in MNCH continuum were constructed using existing literature (120).
Antenatal care drop out was considered if a woman had less than four ANC visits during her
most recent pregnancy. Skilled birth attendance drop out was considered if a woman had four
or more ANC visits but did not receive SBA (delivery was not assisted by healthcare
professionals, i.e., midwives, nurses, doctors, and/or health officers). Postnatal care drop out
was considered if a woman received SBA but did not attend PNC with the child within the first
6 weeks of delivery. The drop out from the MNCH continuum was coded as 1 if a woman/child

either drops out of ANC, SBA, or PNC and 0 if otherwise (120).

The explanatory variables considered for analysis included the place of residence, mother’s
current age, mother's level of education, birth order, relationship status, exposure to mass
media, medical costs, travel distance to the health facility, household size, household head and
household wealth. The data was survey set using cluster, survey weights and stratification
variables prior to the analysis. The univariate analysis was conducted to describe women’s
characteristics. Bivariate analysis was conducted to assess the women’s characteristics by

outcome and explanatory variables and the Pearson’s chi-square was used to test the
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differences. Logistic regression models were fitted to identify the factors associated with drop
out from the MNCH continuum. In the multivariable analysis, adjusted odds ratios (AOR) with
95% confidence intervals (CI) were used to assess the significance of the relationship between

the outcome and explanatory variables.

The analysis also utilised several Machine Learning algorithms to predict the drop out from the
MNCH continuum and selected the best performing Machine Learning algorithm to rank the
most important features (12). Machine Learning algorithms are techniques used for big data
analytics (12). These algorithms are capable of extracting information that commonly used
statistical methods (logistic regression) fail to present by identifying hidden patterns and
relationships in the data (12). The Machine Learning models were developed in Python 3.0
using DHS surveys data in the three countries. Features (predictors) that were found significant
in the multivariable logistic regression analysis were used in the Machine Learning analysis.
All the analysis in Machine Learning accounted for sample weights. The datasets were
randomly assigned to the training and testing datasets using an 80/20% split. The training data
consisted of the data used to develop the models and the test data or validation sets were used

for evaluating the performance of the models (121).

Five classification algorithms namely the Logistic Regression, Decision Tree, Random Forest,
Support Vector Machine and Artificial Neural Network were employed (80, 122). The Logistic
Regression frames a binary output model with a logistic function. The logistic regression output
will be a probability (0x1), which may be used to forecast the binary 0 or 1 as the output (if

x0.5, output=0, else output=1) (122).

The Decision Tree algorithm seeks to classify the dataset using a model consisting of one or
more trees, in the first stage. It is a tree algorithm based on transforming a complex process

into a simple set of decisions, beginning at the top and proceeding downwards (122). The most
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basic process of training a decision tree on a dataset involves the following elements, the
selection of attribute, splits in the tree, stop splitting a node and mark it terminal and the

assignment of a label to each terminal node.

The Random Forest is one of the community algorithms that combines numerous decision
trees. After processing the data on decision trees, an accurate estimate is tried to be produced
by averaging the estimates obtained (122). Random Forest solves the overfitting problem,
which is one of the most prevalent issues in traditional decision trees, by dividing both the data

set and the features into multiple parts and processing them using multiple trees (122).

Support Vector Machines have emerged as highly effective Machine Learning techniques for
supervised classification problems (80). Support Vector Machines are kernel-based algorithms
that transform data into a high-dimensional space and build a hyperplane that maximizes the
distance to the closest data point of any of the input classes (80). Although Support Vector
Machines were originally developed to train binary classifiers, an extension for multiple classes
is conceivable by decomposing the multiclass classification problem into several binary
classification problems using one-versus-all or one-versus-one approaches (80). Artificial
Neural Networks are modelled after biological neural networks found in animal or human
minds. Artificial Neural Networks are composed of processing elements (PEs) with the same
behavior as a biological neuron (80). Different data input, output, storage, and forwarding
functions are distributed across all PEs. A number of layers (one-layer or multi-layer designs)

and a number of PEs per layer comprise the layout of an Artificial Neural Network (80).

In most cases, the outcome variable is frequently unbalanced, and this affects the performance
of Machine Learning models (123). The classes of the outcome variable in this study were
unbalanced. Hence, random oversampling was applied to balance the distribution of classes of

the outcome variable using kMeans Synthetic Minority Oversampling Technique (SMOTE)
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(123). KMeans SMOTE is a oversampling method for addressing class-imbalanced data (123).
It assists classification by creating minority class samples in safe and crucial areas of the input
space. The approach reduces noise generation while effectively overcoming imbalances

between and within classes (123).

The performance of Machine Learning models was assessed using performance metrics
including Accuracy, Precision, Recall, Specificity, F1 score, as well as the AUROC (124, 125).
The Accuracy metric computes the number of instances across the entire dataset in which a
model made accurate predictions. However, this can be a reliable metric only if the dataset is
class-balanced, which means that each class has the same number of samples (124). Precision
represents the proportion of accurate positive predictions (124). Recall quantifies the
proportion of actual positives for which the prediction was accurate (124). Specificity

quantifies the proportion of actual negatives (126).

F1 score is a Machine Learning evaluation metric that measures a model’s performance by
combining the precision and recall scores of a model (124). AUROC is a performance metric
for "discrimination"; it indicates a model's ability to distinguish between cases (positive
examples) and non-cases (negative examples) (125).The ranking of features was performed on
the Machine Learning model with better performance using the package's inbuilt functions of

generating and plotting prediction scores of predictors, see the Python code in the Appendix.

3.3.4 Objective 4

To describe the mediation role of maternal, newborn and child healthcare services utilisation

on neonatal mortality in three sub-Saharan African countries.

The analysis considered several endogenous and exogenous variables. Endogenous variables
are variables that are determined by the model or influenced by other variables, while
exogenous variables are variables that are determined outside of the model or not influenced
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by other variables (127). The endogenous variables included MNCH services variables; ANC
attendance, coded as 1=low if ANC visits were less than four, O=high if otherwise, SBA ,
coded as 1=no if the mother was not attended by a skilled worker, and 0=yes if otherwise and
PNC attendance, coded as 1=no if mother and child did not have PNC within six weeks of
delivery and O=yes if otherwise. Other endogenous variables were self-reported neonatal health
outcomes including LBW and neonatal mortality. In the DHS the mother was asked how much
the child weighed at birth in grams from recall or using a health card if available. The mother
was also asked the exact months when the child died and asked to record the time of death in
days if less than 1 month, in months if less than two years or years (107). Using WHO
guidelines, LBW was coded as 1=yes if the newborn weighed less than 2,500g at birth and
0=no if otherwise and neonate mortality coded as 1=yes if neonate’s death was within the first

month of life, and 0=no if otherwise (128, 129) .

This study utilised a Conceptual Framework informed by McLeroy’s Socio-Ecological Model
(SEM) (1) to select important exogenous variables based on literature, and describe potential
pathways for interventions to reduce neonatal mortality, see Figure. McLeroy's Socio-
Ecological Model considers the complex interplay of factors that operate at multiple levels to
influence health services utilisation and impact health outcomes (1). The individual factors
included maternal and child characteristics such as maternal age, parity, maternal education,
exposure to mass media, wanted pregnancy, financial decision making, mode of delivery,
timing of ANC, employment in past 12 months and child sex. The interpersonal factor was
relationship status. Community factors comprised exposure to mass media, household wealth,
household head, household size, and permission to seek medical help alone. Organisational
factors comprised place of delivery, travel distance to the health facility, medical costs, health

insurance cover and quality of ANC.
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Figure 3.1: A conceptual framework for the mediation role of MNCH services utilisation on
neonatal mortality [adapted from the Socio-Ecological Model (1)].

Data was analysed using Stata version 17. The data was corrected for survey design using
cluster, sample weight and stratification variables before analysis. A descriptive summary of
the participants’ characteristics was conducted using Pearson’s chi square test. To examine the
MNCH services utilisation and newborn mortality pathways, several analysis steps were
applied. Multivariate analysis with all covariates were performed to identify the variables that
would significantly affect outcomes (endogenous variables) of interest in the adjusted models.
The results were reported in terms of ORs and 95% CI. The level of significance was

determined at 5%.

The Generalized Structural Equation Modelling (GSEM) with binomial logit link function
(130) was used to test for the mediation role (indirect effect) of MNCH services utilisation on
newborn mortality using variables that were significant in the multivariable logistic regression
analysis. The advantages of utilising the GSEM compared to other statistical techniques like
the conventional logistic regression or Machine Learning is that it is able to assess both direct

and indirect relationships between the outcome and explanatory variable and utilises latent
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constructs (131). The GSEM analysis adjusted for survey weights and incorporated random
effects at the cluster level. The Akaike Information Criteria (AIC) and Bayesian Information
Criteria (BIC) were used to assess if adding paths in the GSEM model improved the model and
whether the final selected model fit with random effects at the cluster level had a better fit than
the model without random effects. The BIC is more useful in selecting a correct model, while
the AIC is more appropriate in selecting the best model for predicting future observations (132).

The model with a lower BIC is the correct or model with the best fit (132).

The mediation analysis was performed using Stata ‘gsem’ command, see the STATA code in
the Appendix. A mediator is a variable that explains the relationship between the outcome and
explanatory variable. Mediation can be partial or complete mediation (133, 134). Complete
mediation is present when the exposure variable no longer influences the outcome variable
after the mediator has been controlled (133, 134). Partial mediation occurs when the
explanatory variable’s influence on the outcome variable is reduced after the mediator is
controlled (133, 134). Mediators can also be classified as single and sequential. A single
mediator refers to when there is only one variable in the causal pathway between exposure and
outcome variable as shown in Figure 3.1a. Multiple mediators are considered when more than
one mediator variables operate jointly at the same stage in a causal model (135), as shown in

Figure 3.1b. Thus, several indirect effects link the exposure variable to the outcome variable.
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Stata ‘nlcom’ command was used to estimate the direct, indirect, and total effects. The indirect
effects were estimated using the product of the coefficients test. The “bootstrap’ command was
then applied to obtain bootstrap standard errors and confidence intervals. Bootstrap confidence

intervals with the exclusion of “zero” showed that the indirect effects were significant.

3.5 Ethical Considerations

The ICF Institutional Review Board (IRB) ethically approved the DHS surveys. The ICF IRB
approved procedures and questionnaires for standard DHS surveys. Additionally, the ICF IRB
and IRB in the host country review country DHS survey protocols. ICF IRB makes sure that
the DHS survey follows the United States Department of Health and Human Services
regulations for the protection of human subjects, while the host country IRB makes sure that
the DHS survey follows the laws and norms of the country (106). The DHS surveys were
conducted in accordance with the guidelines and regulations stated in the Declaration Helsinki.
Confidentiality and anonymity were ensured in the DHS surveys. The DHS surveys are
conducted in an anonymous manner which does not allow any potential identification of any

single household or individual in the data file. Results of interviews are kept strictly
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confidential. The consent statements and procedures for recording of consent and interviewers
are part of the survey questionnaires. Verbal informed consent is sought by the interviewer
reading a prescribed statement to the respondent and recorded in the questionnaire whether or
not the respondent consented. In the case of minors, parental or guardian approval is required

before a child or adolescent can participate (106).

The secondary analysis study was exempt from ethics approval because the data is publicly
available. The researcher was authorised to use the DHS datasets that are publicly accessible

on MEASURE DHS website https://dhsprogram.com upon request. To request for access one

must be a registered user of the DHS website. Dataset requests should include contact
information, a research project title, and a description of the study for the data. Once approved

the registered user is granted access to the data (106).

3.6 Papers and Supplementary Results

The next section of chapters will be stand-alone published papers and work under review for
each objective. These chapters have been ordered according to the 4 broad objectives of the
thesis. Chapter 4 assesses the trends and determinants of late ANC initiation, while Chapter 5
describes the use of the Decision Tree in predicting the main risk factors of non-utilisation of
PNC. Chapter 6 describes the use of several complex Machine Learning methods in predicting
a mother/child dropping out from the MNCH continuum and determining the most influential
predictors. Chapter 7 describes the mediation role of MNCH services utilisation on neonatal

mortality.
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CHAPTER 4: EMPIRICAL EVIDENCE for Paper/objective 1

Trends and determinants of late antenatal care initiation in three sub-Saharan African
countries, 2007-2016: A population based cross-sectional analysis.
Authors: Chenai Mlandu?, Zvifadzo Matsena-Zingoni? Eustasius Musenge?

Affiliation: School of Public Health, University of Witwatersrand, South Africal?
(Published Global Public Health: August 15, 2022 https://doi.org/10.1371/journal.pgph.0000534)

Abstract

Background: Early antenatal care is critical for the mother and newborn’s health. Antenatal
care is often delayed in Sub-Saharan Africa. The study aims to examine the trends and
determinants of late antenatal care initiation in the Democratic Republic of Congo, Kenya, and

Tanzania from 2007-2016.

Methods: The study employed Demographic Health Surveys data of reproductive-age women
seeking antenatal care in the Democratic Republic of Congo (2007-2013/14), Kenya (2008-
2014), and Tanzania (2010-2015/16). Bivariate and multivariate analysis was conducted per
survey, taking sampling weights into account. The determinants of late antenatal care initiation
were measured using multivariate logistic regression models and the trends were assessed using

prediction scores.

Results: Late antenatal care initiation declined in Tanzania (60.9%-49.8%) and Kenya (67.8%0-60.5%) but
increased in the Demacratic Republic of Congo (56.8%-61.0%) between surveys. Inthe Democratic Republic
of Congo, higher birth order was associated with antenatal care initiation delays from 2007-2014, whilst rural
residency (AOR:1.28;95%CI:1.09-1.52), lower maternal education (AOR:1.29;95%CI:1.13-1.47) and lower-
income households (AOR:1.30;95%Cl:1.08-1.55) were linked to antenatal care initiation delays in 2014. In
Kenya, lower maternal education and lower-income households were associated with antenatal care
initiation delays from 2008-2014, whilst rural residency (AOR:1.24;95%CI:1.11-1.38) and

increased birth order (AOR:1.12; 95%CI:1.01-1.28) were linked to antenatal care initiation
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delays in 2014. In Tanzania, higher birth order and larger households were linked to antenatal
care initiation delays from 2010-2016, whilst antenatal care initiation delays were associated
with lower maternal education (OR:1.51;95%CI:1.16-1.97) in 2010 and lower-income
households (OR:1.45;95%C]I:1.20-1.72) in 2016.

Conclusion: Except for the Democratic Republic of Congo, other countries in the region are
making progress in reducing antenatal care delays. Women from various geographic,
educational, parity, and economic groups exhibited varying levels of delayed antenatal care
uptake. Increasing women'’s access to information platforms and strengthening initiatives that

enhance female education, household incomes, and localise services may enhance early

antenatal care utilisation.

Keywords: demographic and health survey, inequalities, late antenatal care initiation, maternal

mortality and trends

4.0 Introduction

Maternal mortality reduction remains a top priority in the new Sustainable Development Goals
(SDG) 3.1 (136). Maternal mortality, on the other hand, remains a global issue, with 275,288
deaths in 2015 attributed to pregnancy and related complications (137). Sub-Saharan Africa
(SSA) has the highest regional maternal mortality rate in the world, accounting for 66% (201
000) of global mortality (303 000) in 2015 (137). Also, in SSA, countries like the Democratic
Republic of the Congo (DRC), Kenya, and Tanzania were among the ten countries in the world
with significant contributions to global mortality in 2015 (137). However, the vast majority of

maternal deaths are avoidable, detectable, and treatable (3, 4).

Antenatal care (ANC) is one of the key strategies for reducing maternal mortality, both directly
by detecting and treating pregnancy-related complications and indirectly by identifying women

at high risk of birth issues (3, 4). To lower the risk of maternal death, ANC providers give
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appropriate medical and educational measures (3-5). Pregnant women should begin ANC
during their first trimester, no later than 16 weeks of pregnancy, according to the World Health
Organization (WHO) (5). Early ANC has also been demonstrated to reduce negative perinatal

outcomes such as preterm birth, stillbirth, and low birth weight (6, 7).

Early ANC registration aids health providers in providing timely information and medicines
based on the health of the expecting mother (5, 8). During the first ANC visit, health issues
such as the human immunodeficiency virus (HIV) and syphilis are screened, and early
discovery of these conditions enhances the health and survival of the unborn child (5, 8).
Furthermore, uptake of therapies such as iron supplementation and immunisations can be life-
saving for both mothers and newborn babies if initiated at the early stages of pregnancy (21,
138). Those who arrive late for ANC miss out on vital health information and interventions

(21, 138, 139).

Although the World Health Organization (WHO) recommends that the first ANC visit should
occur within the first 16 weeks of pregnancy (21), research undertaken in SSA countries has
indicated poor early ANC uptake (8, 9, 138, 139). Low early ANC uptake has been linked to
characteristics such as rural residency, lack of education and lack of information about ANC,
unplanned pregnancy, low income, travel expenses, multiparity, and unemployment (8, 9, 138,

139).

Recent studies in the DRC, Kenya, and Tanzania have also found poor early ANC uptake,
although the trends in late ANC uptake have not been thoroughly investigated (8). It is critical
to understand how pregnant women's late care-seeking behavior has changed over time to guide
strategic policy actions aimed at improving timely ANC commencement in the SDG era. Thus,
this study aims to assess the trends and associated determinants of late ANC initiation in three

sub-Saharan African countries: the DRC, Kenya, and Tanzania, from 2007 to 2016.
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4.1 Materials and Methods

4.1.1 Study design and setting

The study employs a repeated cross-sectional design with secondary data from publicly
available Demographic Health Survey (DHS) surveys in three sub-Saharan African countries,
namely the DRC (2007-2014), Kenya (2008-2014/15), and Tanzania (2019-2015/16) (140,

141).

4.1.2 Inclusion and exclusion criteria

The study population consisted of DRC, Kenyan, and Tanzanian women aged 15 to 49 years,
who had a live birth in the five years preceding each DHS survey between 2007 and 2016.
Women who attended at least one ANC visit were included, and only information pertaining

to the most recent pregnancy was used.

4.1.3 Data Source and Sampling

The DHS Program conducts a nationally representative standardized cross-sectional survey
involving women aged 15-49 years (142). The DHS data is collected through a multistage
sampling design, where the first stage involves the selection of EAs or clusters drawn from
census files by strata, and the second stage involves the random selection of individual
households within each selected EA or cluster. The probability of selecting each household
differs from cluster to cluster; hence, sampling weights were considered in the analysis to
account for under and oversampling and to restore the sample’s representativeness (142). Two
most recent rounds of DHS surveys at the time of the study in the DRC, Kenya and Tanzania
were used. The latest DHS survey in each country was used as the comparative survey and the
preceding survey as the baseline. A total sample size of 42,719 reproductive-age women with

a live birth in the five years preceding each DHS survey was used in the analysis in the three
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countries. More information is provided in the supplementary material (Supplementary Table

1).

4.1.4 Study Variables

The outcome variable was late ANC initiation categorised as late if the timing of ANC was >4
months and early if otherwise (110). The explanatory variables were chosen for analysis based
on research in SSA (3, 9-11) and availability in DHS surveys, and they represented proxy
measures for demographic and socioeconomic explanatory variables collected at the time when
the woman was pregnant. These explanatory variables included the place of residence (rural,
urban), mother's current age group (young women aged 15-24, older women aged 25-49 years),
mother's level of education (primary and no education, secondary and tertiary education), and
household wealth status, which was re-categorised as poor, middle and rich in this study, using
the household wealth index variable (poorest, poor, middle, richer and richest) in the DHS

surveys data (143).

4.1.5 Data analysis

The data were managed, cleaned, coded, and analysed using STATA version 17 (StataCorp,
College Station, Texas 77845 USA (144). The data was corrected for survey design using the
svyset command with clustering, survey weights and stratification variables prior to conducting
all analyses for each round of the DHS surveys. The Pearson’s chi-square with correction for
survey design was conducted to compare respondents’ demographic and socioeconomic
characteristics by late initiation of ANC. The multivariate logistic regression with correction
for survey design was used to assess the determinants of late ANC initiation. The trends of late
ANC initiation over time were first described using proportions plotted on maps using the
ArcGIS software (145) and then described using prediction scores (prediction probabilities),

estimated after running the multivariate logistic regressions with correction for survey design.
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The differences in the prediction scores between the baseline and latest surveys in each country
were assessed using an independent t-test. Similar, explanatory variables were considered in
the multivariate logistic regressions for easy comparison between countries. Significance was

set at a p-value of less than 5%.

4.2 Results

4.2.1 Descriptive analysis

Trends of late ANC initiation using proportions and prediction scores

Using proportions, the results on the map showed a declining trend in the prevalence of late
ANC initiation in Kenya and Tanzania between the first and second surveys while the DRC

showed an increasing trend as shown in Figures 4.1 and 4.2.

Prevalence of late ANC initiation

0 145290 S0 870 1160
- — S— o s

Figure 4.1.: Map showing the prevalence of late ANC initiation in the DRC, Kenya, and Tanzania
in the first survey in this study: Base map source at https://spatialdata.dhsprogram.com.
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Figure 4.2: Map showing the prevalence of late ANC initiation in the DRC, Kenya, and Tanzania
second survey in this study. Base map source at https://spatialdata.dhsprogram.com.

Using prediction scores, the trends revealed that Tanzania had the greatest reduction in late
ANC initiation, dropping from 60.9% to 49.8% between 2010 and 2016, followed by Kenya,
which dropped from 67.8% to 60.5% between 2008 and 2014. Between 2007 and 2014, the

trends showed that the DRC had an increase in late ANC initiation, rising from 56.8% to 61.0%

(Figure 4. 3).
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Figure 4.3: Trends of late ANC initiation in the DRC, Kenya, and Tanzania between the
first and second surveys.

Late ANC initiation by background characteristics of respondents in the combined
countries

Table 4.1 shows late initiation of ANC based on the demographic and socioeconomic
characteristics of respondents in the combined countries' data from the first and second surveys.
A total of 13,129 and 29,950 women of reproductive age who had a live birth in the five years

preceding each survey were included in this study, in the first and second surveys respectively.

Table 4.1: Late ANC initiation by background characteristics in the combined countries

Combined Countries: Late ANC initiation

Background characteristics First survey Second survey
(n=8,242) (n=16,930)
weighted n(%) weighted n(%)
Place of residence
Urban 2,241(56.7) 5,336(49.8)
Rural 6,001(63.5) 11,594(61.4)
(<.001)** (<.001)**
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Age-group

Young women (15-24 years) 2,645(59.9) 5,131(56.4)

Older women (25-49 years) 5,597(62.3) 11,799(57.6)

(.053) (.315)

Education

Primary and below 6,468(63.5) 11,812(60.7)

Secondary and above 1,774(55.2) 5,118(50.6)
(<.001)** (<.001)**

Birth order

One 4,288(57.7) 9,699(53.7)

Two 3,233(65.2) 5,991(61.9)

Three or more 721(70.3) 1,231(67.1)
(<.001)** (<.001)**

Household size

4 or less 2,226(57.6) 5,015(51.3)

5 or more 6,016(63.0) 11,915(60.1)
(<.001)** (<.001)**

Household wealth

Poor 3,242(64.2) 7,399(63.8)

Middle 1,801(64.6) 3,408(59.9)

Rich 3,016(57.1) 6,113(49.7)
(<.001)** (<.001)**

In the first survey, rural women initiated ANC later (63.5%) than urban women (56.7%), and
a similar pattern was observed between rural women (61.4%) and urban women (49.8%) in the
second survey. In the first survey, older women aged 25-49 years started ANC later (62.3%)
than younger women aged 15-24 years (59.9%). In the second survey, a similar pattern was
observed between older women (57.6%) and younger women (56.4%), but the differences
between the two age groups were not statistically significant in either survey. In the first survey,
women with primary or no education delayed their first ANC visit (63.5%) more than women
with secondary or tertiary education (55.2%). In the second survey, the same pattern was
observed among women with primary or no education (60.7%) and women with secondary or

tertiary education (50.6%)

In the first survey, women with birth order of three or more started ANC later (70.3%) than
those with birth order of two (65.2%) or one (57.7%). In the second survey, women with birth
order of three or more also initiated ANC later (67.1%) than those birth order of two (61.9%)

or one (53.7%). Women in households with 5 or more members started ANC later (63.0%)
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than women in households with 4 or fewer members (57.6%) in the first survey. In the second
survey, women in households with 5 or more members (60.1%) and women in households with
4 or fewer members (51.3%) showed a similar pattern. In the first survey, women in poor-
income households delayed their first ANC visit (64.2%%) more than women in rich-income
(57.1%) households. In the second survey, women in poor-income households also waited
longer to start ANC (63.8%) than women in middle-income (59.9%) or rich-income (49.7%)

households.

Late ANC initiation by background characteristics by country

Table 4.2 shows late initiation of ANC by demographic and socioeconomic characteristics of
respondents for the various countries, i.e., DRC, Kenya, and Tanzania, in the first and second
surveys. In the DRC, a total of 4,559 and 8,941 reproductive-age women with a live birth in
the five years preceding each survey were included in this study in 2007 (baseline survey) and
2014 (comparative survey) respectively. In 2007, rural women started ANC later (58.7%) than
urban women (54.7%), and in 2014, a similar pattern was found among rural women (64.9%)
and urban women (52.5%). In 2007, however, the differences between rural and urban areas

were not statistically significant.

In 2007, older women aged 25-49 years commenced ANC later (58.7%) than younger women
aged 15-24 years (53.7%). In 2014, older women (61.2%) and younger women (58.9%)
followed a similar pattern. However, the differences between older and younger age groups
were only statistically significant in 2007. In 2007, women with primary or no education started
ANC later (59.1%) than women with secondary or tertiary education (53.8%). A similar
pattern was observed among women with primary or no education (65.3%) and women with

secondary or tertiary education (54.2%) in 2014.
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In 2007, women with birth order of three or more began ANC later (65.5%) than those with
birth order of two (59.8%) or one (52.6%). In 2014, women with birth order of three or more
also commenced ANC later (68.3%) than those with birth order of two (62.5%) or one (56.9%).
In 2007, higher proportions of women in households with five or more members delayed their
first ANC visit (57.6%) than women in households with four or fewer members (54.9%). In
2014, a similar pattern was observed for women in households with five or more members
(61.3%) and women in households with four or fewer members (57.9%). In 2007, lower
proportions of women in low-income families started ANC later (57.3%) than women in rich-
income families (53.8%). In 2014, women in low-income families delayed ANC initiation

(66.0%) more than women in middle-income (63.7%) or rich-income families (53.5%).

In Kenya, a total of 3,512 and 13,766 reproductive-age women with a live birth in the five
years preceding each survey were included in this study in 2008 (baseline survey) and 2014
(comparative survey) respectively. Women in rural areas started ANC later (69.2 %) than
women in urban areas (62.6%) in 2008. In 2014, a similar pattern was observed among rural
women (63.8%) and urban women (51.4%). In 2008, younger women aged 15-24 years
commenced ANC later (69.2%) than older women aged 25-49 years (67.0%). Younger women
also started ANC later (59.1%) than older women (58.8%) in 2014. However, for both surveys,

the differences in younger and older age groups were not statistically significant.
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Table 4.2: Late ANC initiation by background characteristics in the DRC, Kenya and Tanzania

DRC: Late ANC initiation

Kenya: Late ANC initiation

Tanzania: Late ANC initiation

Background characteristics

2007(n=2,621)
weighted n(%)

2014(n=5,443)
weighted n(%)

2008(n=2,412)
weighted n(%)

2014(n=8,067)
weighted n(%)

2010(n=3,209)
weighted n(%)

2016(n=3,410)
weighted n(%)

Place of residence

Urban 1,067(54.7) 1,687(52.5) 488(62.6) 2,780(51.4) 686(56.0) 870(41.7)
Rural 1,553(58.7) 3,757(64.9) 1,924(69.2) 5,287(63.8) 2,523(62.7) 2,541(53.0)
(.233) (<.001)** (.018)** (.001)** (.013)** (<.001)**
Age-group
Younger women (15-24 years) 844(53.7) 1,624(58.9) 836(69.2) 2,422(59.1) 965(58.8) 1,085(48.2)
Older women (25-49 years) 1,777(58.7) 3,819(61.2) 1,576(67.0) 5,645(58.8) 2,244(62.2) 2,326(50.2)
(.024)** (.112) (.319) (.802) (.094) (.236)
Education
Primary and below 1,640(59.1) 3,324(65.3) 1,810(70.5) 5,522(64.1) 3,018(62.3) 2,956(51.8)
Secondary and above 981(53.8) 2,119(54.1) 602(60.7) 2,545(50.1) 191(47.7) 454(40.3)
(.031)** (<.001)** (.002)** (<.001)** (<.001)** (<.001)**
Birth order
One 1,157(52.6) 2,381(56.9) 1,413(66.8) 5,383(56.6) 1,718(56.1) 1,935(44.2)
Two 1,139(59.8) 2,399(62.5) 840(71.4) 2,323(63.5) 1,254(66.7) 1,268(58.3)
Three or more 325(65.5) 663(68.3) 159(72.4) 360(67.0) 237(76.8) 207(63.8)
(<.001)** (<.001)** (.035)** (<.001)** (<.001)** (<.001)**
Household size
4 or less 609(54.9) 1,258(57.9) 844(64.5) 3,033(53.2) 773(53.5) 724(38.2)
5 or more 2,012(57.6) 4,186(61.3) 1,568(69.7) 5,033(62.9) 2,436(64.1) 2,686(53.9)
(.367) (.025)** (.015)** (<.001)** (<.001)** (<.001)**
Household wealth
Poor 1,033(57.3) 2,331(66.0) 993(72.6) 3,455(66.2) 1,398(64.6) 1,613(56.8)
Middle 620(62.0) 1,161(63.7) 478(70.8) 1,583(61.9) 703(63.2) 663(50.4)
Rich 967(53.8) 1,951(53.5) 941(62.1) 3,029(51.1) 1,108(56.2) 1,134(41.6)
(.100) (<.001)** (<.001)** (<.001)** (<.001)** (<.001)**
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In 2008, women with primary or no education started ANC later (70.5%) than women with
secondary or tertiary education (60.7%). In 2014, women with primary or no education also
started ANC later (64.1%) than women with secondary or tertiary education (50.1%). In 2008,
mothers with birth order of three or more initiated ANC later (72.4%) than those with birth
order of two (71.4%) or one (66.8%). In 2014, mothers with birth order of three or more

(67.0%) also started ANC later than those with birth order of two (63.5%) or one (56.6%).

In 2008, women in families with five or more members delayed beginning ANC (69.7%) more
than women in households with four or fewer members (64.5%). In 2014, a similar tendency
was observed among women in families with five or more members (62.9%) and women in
families with four or fewer members (53.2%). In 2008, women in poor-income households
started ANC later (72.6%) than women in middle-income (70.8%) or rich-income (62.1%)
households. In 2014, women in poor-income households also began ANC later (66.2%) than

women in middle-income (61.9%) or rich-income households (51.1%).

In Tanzania, a total of 5,058 and 6,873 reproductive-age women were included in this study in
2010 (baseline survey) and 2016 (comparative survey) respectively. In 2010, rural women
delayed their first ANC visit (62.7%) more than urban women (56.0%). In 2016, rural women
also started ANC later (53.0%) than urban women (41.7%). In 2010, older women aged 25-49
years began ANC later (62,2%) than younger women aged 15-24 years (58.8%). In 2016, older
women aged 25-49 years also started ANC later (50.2%) than younger women aged 15-24
years (48.2%). In both surveys, however, differences between older and younger age groups

were not statistically significant.

In 2010, women with primary or no education delayed ANC initiation (62.3%) more than those
with secondary or tertiary education (47.7%). In 2016, a similar pattern was observed among

women with primary or no education (51.8%) and women with secondary or tertiary education
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(40.3%). In 2010, mothers with birth order of three or more attended their first ANC visit later
(76.8%) than those with birth order of two (66.7%) or one (56.1%). Similarly, in 2016, mothers
with birth order of three or more began ANC later (63.8%) than those with birth order of two

(58.3%) or one (44.2%).

In 2010, women in families with five or more members began ANC later (64.1%) than women
in families with four or fewer members (53,5%). In 2016, women in families with five or more
members also commenced ANC later (53.9%) than women in households with four or fewer
members (38.2%). In 2010, women in poor-income households delayed their first ANC visit
(64.6%) more than women in middle-income (63.2%) or rich-income households (56.2%). In
2016, women in poor-income households also started their first ANC visit (56.8%) more than

women in middle-income (50.4%) or rich-income (41.6%) households.

4.2.2 Determinants of late ANC initiation in the combined countries

Table 4.3 shows the determinants of late ANC initiation in the combined countries’ data in the
first and second surveys, adjusted for the country of residence. Late ANC initiation was
associated with the mother's education, birth order, household size, and household wealth in
the first and second surveys, and the location of residence was linked to late ANC initiation in

the second survey.

The results showed that the odds of late ANC initiation were significantly higher among
women with primary or no education in the first survey (AOR:1.26; 95%CI:1.10-1.44) and
second survey (AOR:1.33;95%CI:1.23-1.43). It was also observed that mothers with birth
order of two (AOR:1.33;95%CI:1.20-1.47) and those with birth order of three or more
(AOR:1.68;95%CI:1.38-2.06) had significantly greater odds of starting ANC late in the first

survey. A similar observation was made in the second survey, mothers with birth order of two
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(AOR:1.22;95%Cl:1.14-1.31) and those with birth order of three or more

(AOR:1.45;95%CI:1.26-1.66) had significantly higher odds of waiting longer to start ANC.

The results also showed that the odds of delayed ANC initiation were significantly higher
among women living in households with five or more members in the first survey
(AOR:1.21:95%Cl:1.08-1.34) and second survey (AOR:1.31;95%CI:1.22-1.40). The study
also established that women from poor-income (AOR:1.21;95%CI:1.06-1.39) and middle-
income (AOR:1.29;95%CI:1.10-1.50) households had significantly greater odds of initiating
ANC late in the first survey. These findings were also observed in the second survey, the odds
of delaying ANC initiation were significantly higher among women from poor-income
(AOR:1.34;95%CI:1.23-1.46) and middle-income (AOR:1.21;95%CI:1.10-1.33) households.
The findings also revealed that women residing in rural areas had significantly greater odds of

late ANC initiation (AOR:1.21;95%CIl:1.12-1.31) in the second survey.

Table 4.3: Determinants of late ANC initiation in the combined countries

Combined Countries: Late ANC initiation

First Survey

Second Survey

AOR(95%CI)

AOR(95%CI)

Variables

Country

DRC Reference Reference
Kenya 1.70(1.48-1.96)** 1.04(0.96-1.12)
Tanzania 1.16(1.03-1.31)** 0.61(0.56-0.66)**

Place of residence

Urban Reference Reference
Rural 0.97(0.84-1.11) 1.21(1.12-1.31)**
Age-group

Younger women (15-24 years)

Reference

Reference

Older women (25-49 years)

1.04(0.94-1.16)

0.96(0.90-1.03)

Education

Secondary and above

Reference

Reference

Primary and below

1.26(1.10-1.44)**

1.33(1.23-1.43)**
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Birth order

One

Reference

Reference

Two

1.33(1.20-1.47)**

1.22(1.14-1.30)**

Three or more

1.68(1.38-2.06)**

1.45(1.26-1.66)**

Household size

4 or less

Reference

Reference

5 or more

1.21(1.08-1.34)**

1.31(1.22-1.40)**

Household wealth

Rich Reference Reference
Middle 1.29(1.10-1.50)** 1.21(1.10-1.33)**
Poor 1.21(1.06-1.39)** 1.34(1.23-1.46)**

4.2.3 Determinants of late ANC initiation in the individual countries

Table 4.4 shows the determinants of late ANC initiation in the DRC, Kenya and Tanzania by
survey. In the DRC, birth order was associated with late ANC initiation in 2007 and 2014, and
the place of residence, mother's education, and household wealth were associated with late
ANC initiation in 2014. The results showed that the odds of initiating ANC late significantly
increased by 31% (95%CI:1.09-1.57) for women with birth order of two, and by 65%
(95%Cl1:1.22-2.24) for women with birth order of three or more in 2007. Similarly, in 2014,
women with birth order of two (AOR:1.16;95% CI:1.03-1.32) and women with birth order of
three or more (AOR:1.51;95% CI:1.22-1.87) had significantly greater odds of late ANC
initiation.

According to the study, women residing in rural areas had significantly increased odds of
initiating ANC late (AOR:1.28;95%Cl:1.09-1.52) in 2014. It was also established that women
with primary or no education had significantly higher odds of late ANC initiation
(AOR:1.29:95%CI:1.13-1.47) in 2014. The findings also revealed that women living in poor-
income households had significantly increased odds of late ANC initiation (AOR:1.30;

95%CI:1.08-1.55) in 2014.
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Table 4.4: Determinants of late ANC initiation in the DRC,

Kenya and Tanzania

DRC: Late ANC initiation

Kenya: Late ANC initiation

Tanzania: Late ANC initiation

Survey (2007)

Survey (2014)

Survey (2008)

Survey(2014)

Survey(2010)

Survey(2016)

Variables

AOR(95%Cl)

AOR(95%CI)

AOR(95%CI)

AOR(95%CI)

AOR(95%CI)

AOR(95%Cl)

Place of residence

Urban Reference Reference Reference Reference Reference Reference
Rural 1.03(0.81-1.32) 1.28(1.09-1.52)** 0.93(0.69-1.25) 1.24(1.11-1.38)** 0.96(0.78-1.19) 1.06(0.90-1.25)
Age-group

Younger women (15-24 years)

Reference

Reference

Reference

Reference

Reference

Reference

Adult women (25-49 years)

1.17(0.97-1.42)

1.00(0.87-1.15)

0.89(0.72-1.11)

0.94(0.85-1.05)

1.05(0.90-1.23)

0.94(0.83-1.07)

Education

Secondary and above

Reference

Reference

Reference

Reference

Reference

Reference

Primary and below

1.16(0.95-1.42)

1.29(1.13-1.47)**

1.33(1.04-1.70)**

1.42(1.28-1.59)**

1.51(1.16-1.97)**

1.18(0.99-1.40)

Birth order
One Reference Reference Reference Reference Reference Reference
Two 1.31(1.09-1.57)** 1.16(1.03-1.32)** 1.18(0.95-1.47) 1.12(1.00-1.24)** 1.43(1.23-1.66)** 1.53(1.34-1.74)**

Three or more

1.65(1.22-2.24)**

1.51(1.22-1.87)**

1.10(0.71-1.71)

1.17(0.93-1.47)

2.20(1.58-3.06)**

1.76(1.35-2.30)**

Household size

4 or less

Reference

Reference

Reference

Reference

Reference

Reference

5 or more

1.01(0.81-1.24)

1.16(1.00-1.34)

1.15(0.92-1.42)

1.26(1.14-1.39)**

1.38(1.18-1.62)**

1.65(1.44-1.90)**

Household wealth

Rich Reference Reference Reference Reference Reference Reference
Middle 1.32(1.00-1.76) 1.21(0.99-1.48) 1.38(1.01-1.88)** 1.22(1.06-1.39)** 1.14(0.92-1.41) 1.19(0.99-1.44)
Poor 1.04(0.80-1.35) 1.30(1.08-1.55)** 1.42(1.07-1.88)** 1.29(1.15-1.46)** 1.21(1.00-1.46) 1.45(1.23-1.72)**
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In Kenya, the mother's education and household wealth were associated with late ANC
initiation in 2008 and 2014, and the place of residence, birth order, and household size were
linked to late ANC initiation in 2014. The results showed that women with primary or no
education had significantly higher odds of late ANC initiation (AOR:1.33;95%CI:1.04-1.70)
in 2008 and (AOR:1.42;95%CI:1.28-1.59) in 2014. The findings also showed that women in
poor-income (AOR:1.42;95%CI:1.07-1.88) and middle-income (AOR:1.38; 95% CI:1.01-
1.88) households had significantly higher odds of late ANC initiation in 2008. These findings
were also similar in 2014, the odds of late ANC initiation were significantly higher among
women in poor-income (AOR:1.29;95%CI:1.15-1.46) and middle-income

(AOR:1.22;95%CI:1.06-1.39) households.

The findings also revealed that rural women had significantly higher odds of late ANC
initiation (AOR:1.24;95%Cl:1.11-1.38) in 2014. The study also found that women with birth
order of two had significantly higher odds of delayed ANC initiation (AOR:1.12:95%Cl:1.01-
1.24) in 2014. Women living in households with 5 or more members also had significantly

increased odds of late ANC initiation (AOR:1.38;95%Cl:1.18-1.62) in 2014.

In Tanzania, late initiation of ANC was associated with birth order and household size in 2010
and 2016, and delays in ANC initiation were associated with the mother's education in 2010
and household wealth in 2016. The results showed the odds of initiating ANC late significantly
increased among mothers with birth order of two (AOR:1.43;95%CI:1.23-1.66) and those with
birth order of three or more (AOR:2.20;95%CI:1.58-3.16). Similarly, in 2016, the odds of
starting ANC late significantly increased among mothers with birth order of two
(AOR:1.53;95%CI:1.34-1.74) and those with birth order of three or more (AOR:1.76:95%

Cl:1.35-2.30).



The study also found that the odds of initiating ANC late significantly increased among women
residing in households with five or more members (OR: 1.38; 95% CI: 1.18-1.62) in 2010 and
(AOR:1.65;95%CI:1.44-1.90) in 2016. The findings also revealed that women with primary or
no education had significantly increased odds of starting ANC late (AOR:1.51;95%CI:1.16-
1.97) in 2010. The study also showed that women from low-income households had

significantly greater odds of late ANC initiation (AOR:1.45;95%Cl:1.23-1.72) in 2016.

4.3 Discussion

The present study attempts to examine the trends and determinants of late ANC initiation using
multiple rounds of DHS surveys from 2007 to 2016 in the DRC, Kenya, and Tanzania. The
results of this study indicated that there was a general downward trend of late ANC initiation
in Kenya between 2008 and 2014 and Tanzania between 2010 and 2016, however, there was
an upward trend in the DRC between 2007 and 2014. The findings indicate uneven progress in
the reduction of delays in late initiation of ANC over time in Kenya and Tanzania, except for
the DRC. Differences in the economic, and social environments, as well as the implementation

of diverse maternal health policies, could explain this variation.

In the DRC and Kenya, rural women were more likely to delay ANC. Previous research has
shown similar results (8, 146). Women in rural areas may face access issues and be less aware
of health issues than women in urban areas. (146, 147). Rural women may also have additional
cultural barriers prohibiting women from starting ANC early, such as seeking the spouse’s
approval (148). Our data also suggested increased barriers to accessing early ANC over time
among rural women than urban women in the DRC and Kenya, as rural residence was a risk
factor in the later surveys. The urban-rural disparities can be bridged by governments taking
strong initiatives to improve access to early ANC among rural women. Among the three

countries under study, Tanzania has a long standing health policy focusing on the expansion of
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health services in rural areas since the 1990s (149). Such initiatives which put much emphasis

on rural development could improve access to maternal healthcare among rural women (149).

Consistent with previous studies, the study found that women from lower-income households
were more likely to delay ANC initiation in the three countries (51, 150). High costs of care,
transportation problems, and poor service provision could be affecting low-income women,
resulting in ANC delays (51, 143). The provision of free maternal services and the expansion
of health care facilities could improve early access to ANC for low-income women (151). Such
initiatives have been adopted by the Kenyan and Tanzanian governments (149, 152, 153).
However, our analysis showed that low-income women in Kenya and Tanzania continue to
face more barriers to accessing early ANC than high-income women, as household wealth was
a risk factor in the later surveys. Other cost-related factors like transport costs may be barriers
to accessing ANC for low-income women. Thus, governments need to adopt a holistic

approach in addressing barriers to accessing early ANC among low-income women (24, 25).

Our findings also revealed that women with poor educational attainment in the DRC, Kenya,
and Tanzania were more likely to commence ANC late. This is corroborated by research
conducted in Zambia and Ethiopia, which found that women with poor levels of education were
more likely to delay ANC enrollment (147, 154). Uneducated women may have a limited
understanding of ANC services and the benefits of early ANC commencement to safe
pregnancy. Early ANC initiation could be improved through community interventions such as
mass media campaigns and government policies promoting female education (143, 151). Our
findings also indicated progress in closing differences in late access of ANC among low and
high-educated women in Tanzania, as education was only a risk factor in Tanzania in the earlier
survey. This improvement could be a result of increased maternal literacy rates in Tanzania

from 67% in 2004 to 77% in 2016, as indicated by previous reports (93, 143).
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The study also revealed that the odds of late ANC initiation increased among mothers with
more previous births in the DRC, Kenya, and Tanzania. This was also reported by studies in
Cameroon (155) and Uganda (156). This result could imply that high parity women are less
inclined to attend ANC earlier possibly due to previous negative experiences with ANC
services (157) and perceive that there is no danger of pregnancy complications because of
experience with pregnancy and childbirth (158). The study also found persistent inequalities in
accessing early ANC among women of low-high parity in the DRC and Tanzania and growing
inequalities in Kenya, as birth order was a risk factor in the earlier and later surveys in the DRC
and Tanzania, as well as in the later survey in Kenya. These findings emphasise the need to
increase community interventions such as mass media campaigns, particularly for multigravida

women to improve the timely use of maternal healthcare services among these women.

In Kenya and Tanzania, women with a household size of at least five members were more
likely to initiate ANC late, according to the study. The findings are similar to a previous study
in Ethiopia (150). Potential reasons include financial constraints due to the high expense of
maintaining a large household on a small income, as well as a preoccupation with family
responsibilities that result in neglect of one's health (150). Our study also showed persistent
differences in access to early ANC in Tanzania between women from large and small
households, as well as rising inequalities in Kenya, as household size was a risk factor in the
earlier and later Tanzanian surveys, and the later survey in Kenya. Increasing community
education programs through accessible media platforms and improving the proximity of health
services through mobile clinics could break barriers to uptake of early ANC among women

bearing responsibilities of larger households (143, 159).
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4.3.1 Strengths and Limitations of the Study

The strength of this study is that the study used nationally representative data therefore the
findings are generalisable and applicable to countrywide policies and interventions. The study
also assessed trends and determinants of late ANC initiation in different countries in SSA, and
the findings highlighted the context-specific characteristics that must be considered when
establishing future policies and interventions of improving early ANC uptake. However, the
study has several limitations, including recall bias due to the self-reported nature of the data
and data collected for the five preceding years. Our research also depended on the completeness
of data on variables of interest in all rounds of the DHS surveys; as a result, the study did not
evaluate other important socioeconomic variables like employment status due to insufficient
data. Due to the cross-sectional nature of the study, it was also not possible to establish temporal

causality.

4.4 Conclusions

Countries like Kenya and Tanzania experienced a reduction in late initiation of ANC over time
except for the DRC. Ealy uptake of ANC continues to be a challenge among rural women,
women of socioeconomic status, women of high parity, and women living in large households.
Public health officers should intensify efforts increasing the awareness on the benefits of early
ANC uptake to all pregnant women. Governments should implement and improve policies that
eliminate barriers to accessing maternal healthcare, especially among women of low economic
status. These policies should entail making services accessible to women who cannot afford
them and improving the provision of services at health facilities. Furthermore, government

policies aimed at increasing female education would improve the early uptake of ANC.
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4.5 Chapter Summary

Initiating ANC early during pregnancy is critical for the wellbeing of the mother and newborn.
However, women often delay initiating ANC in SSA. Although there is evidence of individual
studies on late ANC initiation, studies assessing the trends of late ANC initiation are limited to
track if they have been changes over time and help inform future interventions and policies.
Thus, the study aimed to assess the trends and determinants of late ANC initiation in three sub-
Saharan African countries: the DRC, Kenya, and Tanzania, from 2007 to 2016. The study
found declining trends in late ANC initiation in Kenya and Tanzania except for the for the
DRC. The study also found differences in late ANC uptake among women from various
geographic, educational, parity, and economic groups. Additional efforts in maternal healthcare
which aim to increase women’s access to information platforms, enhance female education,

household incomes, and localise services are needed to enhance early ANC utilisation.

60| Page



CHAPTER 5: EMPIRICAL EVIDENCE for paper/objective 2

The application of the Decision in predicting the main risk factors of non-utilisation of
postnatal care in three sub-Saharan African countries

Authors: Chenai Mlandu?, Zvifadzo Matsena-Zingoni?, Eustasius Musenge?
Affiliation: School of Public Health, University of Witwatersrand, South Africa®?
*chenai.mlandu@gmail.com

Corresponding author: Chenai Mlandu

(Under review: BMJ Public Health)

Abstract

Background: Postnatal care (PNC) is recommended for the optimum health of mothers and
newborns. However, PNC uptake is poor in sub-Saharan Africa. Studies that employ data
mining methods to predict the utilisation or non-utilisation of PNC are scarce. Thus, the study
aims to predict the main risk factors of PNC non-utilisation in three sub-Saharan African
countries using the Decision Tree.

Methods: A secondary analysis was conducted in the Democratic Republic of Congo (DRC)
(2013/14), Kenya (2014) and Tanzania (2015/16) using Demographic and Health Surveys data.
The Decision Tree was used to predict the non-utilisation of PNC and determine factors which
confer the greatest risk. The Decision Tree models produces simple and visual graphic trees
that can be easily interpreted and applied in public health. The Decision Tree’s performance
was compared to the Logistic Regression using Accuracy, Sensitivity, Specificity and area
under the Receiver Operating Characteristics (ROC) curve.

Results: The Decision Tree models exhibited higher classification Accuracy and Sensitivity
than the Logistic Regression models. The areas under the ROC curve were different for the
Decision Tree and the Logistic Regression models in the DRC (61.7% vs 60.2%), Kenya
(73.0% vs 74.8%) and Tanzania (65.2% vs 65.6%). Using the Decision Tree, low quality ANC,
home deliveries and unemployment showed the highest probability of PNC non-utilisation
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(92.0%) in the DRC. In Kenya, home deliveries, unemployment and non-access to mass media
showed the highest likelihood of PNC non-utilisation (87.0%). In Tanzania, home deliveries,
low quality ANC and unwanted pregnancies exhibited the highest likelihood of PNC non-
utilisation (100.0%).

Conclusion: Women who had poor quality of ANC, home deliveries, unemployment,
unwanted pregnancies, and no exposure to mass media were identified as high-risk populations
of non-utilisation of PNC. Implementing targeted interventions among these subpopulations
can ensure effective use of public health resources and improve PNC utilisation.

Keywords: Decision Tree, Machine Learning, Neonatal Mortality, Postnatal care

5.0 Introduction

The rates of child mortality are high in the initial month following birth, with more than 50%
of newborn deaths occurring within the first 24 hours after delivery (160). About 2.5 million
children died in the first month of life in 2017, approximately 7000 every day (2). The
likelihood of survival from birth varies widely by region. Sub-Saharan Africa (SSA) had the
highest Neonatal Mortality Rate (NMR) in 2017 at 27 deaths per 1000 live births, followed by
Southern Asia with 26 deaths per 1,000 live births (2). Nearly half of the newborn deaths in
SSA occur in six countries namely Nigeria, DRC, Ethiopia, Tanzania, Uganda and Kenya (14).
The major causes of newborn deaths are preterm birth complications, intrapartum-related
events, and infections (17). Most newborns deaths result from preventable and treatable causes

(17).

Adequate provision of Maternal, Newborn and Child Healthcare (MNCH) is a key strategy in
ending preventable causes of newborn deaths (48). PNC is a critical component in MNCH (6,

7). It constitutes of services provided to mothers and neonates right after delivery and up to
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42 days of postnatal to ensure optimum health. These services include monitoring and regular
assessment of the mother and child by skilled care providers and getting health information
and support for beneficial practices such as exclusive breastfeeding, maternal and newborn
danger indicators, and newborn care (161). Thus, mothers and newborns who delay or do not
receive PNC forfeit these services and reduce their chances of survival. Newborns experience
high deaths throughout the postnatal period, particularly in the first week. Reports from a
previous study showed that 71.7% of newborn deaths occurred within the first week (161). The
main causes of these deaths were birth asphyxia, severe infections and diarrhoea (161). Most
likely, delays in or not receiving could have contributed to these causes of newborn deaths

(161).

Reports from literature show that only 55.5% of the women and children utilised PNC in SSA
(11, 30). Studies conducted in SSA have linked various with non-utilisation of PNC including
older age, being unemployed, low maternal education, urban residency, long health facility
travel distances, fewer antenatal care (ANC) visits, giving birth at home, and complications
during labour (11, 162). Non-exposure to mass media, low decision-making power of women,
traditional or cultural practices and religion are among the common driving factors (11, 113,

163).

Decision Trees are emerging as reliable analytical tools for decision making (116). Decision
Trees allow for screening of many variables linked to the outcome and the identification of
subgroups of individuals at a higher risk (116). They pose several advantages in comparison to
the traditional statistical techniques such as the logistic regression. Decision Trees are a better
choice to logistic regression models when the relationship between the predictors and the
response is complex and non-linear, when dealing with missing values and using large and high
dimensional data (116). Decision Trees produce high order important interactions, while the

Logistic regression produces important interactions, without ordering.
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Decision Trees have also gained more popularity among complex Machine Learning models
like the Random Forest, Support Vector Machine and Artificial Neural Network because they
are simple and easy to interpret (116, 164). The results of the Decision Tree model can be
displayed in a simple graphical visual tree which allows users to understand and interpret the
decision-making process easily (164). This is especially important in healthcare practice where
transparency and explainability is crucial, making it easier for important stakeholders to trust

and validate the results (164).

To date, most studies investigating factors associated with the utilisation or that non-utilisation
of PNC have relied on traditional statistical techniques such as the logistic regression (11, 22,
113, 163, 165). Using the Decision Tree the study sought to predict the main risk factors of
non-utilisation of PNC among reproductive-age women in the DRC, Kenya and Tanzania using
the Decision Tree. The use of the Decision Tree will help to determine subpopulation groups
of women with the greatest risk of not utilise PNC and assist in formulating more effective

targeted interventions to improve PNC utilisation.

5.1 Methods and Materials

5.1.1 Study design and Sampling procedure

The study was conducted in three countries in SSA namely the DRC, Kenya and Tanzania. The
three countries were selected for this study because they are listed in the top six countries in
SSA with the highest number of neonatal deaths (14). The study utilised secondary data from
cross-sectional Demographic and Health Surveys in the DRC (2013/14), Kenya (2014) and
Tanzania (2015/16) which were most recent at the time of the study. The selected DHS surveys
in the three countries were also comparable because the survey periods had small year gaps.
The DHS samples are normally stratified by regions and urban/rural residence. The DHS

surveys employed two-stage sampling design to create a balanced and representative sample
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of the target population. In the first stage, EAs or clusters were selected with a probability equal
to size within each stratum, and in the second stage, households were selected with an equal
probability from an updated household list per cluster (142). Women aged 15-49 years in
selected households were eligible to be interviewed. A total of 8,940, 6,596 and 6,873 women

from the DRC, Kenya and Tanzania respectively were considered for analysis.

5.1.2 Inclusion and exclusion criteria

The study comprised women reproductive aged 15-49 years who had a live birth in the past 5
years preceding DHS surveys in the DRC, Kenya and Tanzania. Only women who reported
on ANC, skilled birth attendance (SBA) and PNC were included in the study. To minimise

measurement and recall bias, only information related to the most recent birth was utilised.

5.1.3 Study variables

Outcome variable

The outcome variable was non-utilisation of PNC. The mother and neonate were considered to
have not utilised PNC if either mother or neonate had no postnatal check within six weeks after
delivery (113). It was constructed into a binary variable coded as one (1) if either mother or

neonate did not utilise PNC and zero (0) if both mother and the neonate utilised PNC.

Explanatory variables

The explanatory variables were chosen based on the literature in SSA (11, 22, 113, 163), and
availability in DHS surveys. The explanatory variables included demographic, socioeconomic
and health service-related factors. The demographic explanatory variables comprised of place
of residence (urban, rural) and maternal age (15-24 years, 25-49 years). The socioeconomic
variables explanatory variables included wanted pregnancy (then, later, no more), maternal

education (secondary and tertiary education, primary and no education), employment in the
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past year (yes, no), parity (one, two, three or more), exposure to mass media (yes, no), has a
male partner (yes, no), head of household (male, female), and household wealth status, which
was re-categorised as poor, middle and rich in this study, using the household wealth index

variable (poorest, poor, middle, richer and richest) in the DHS surveys data (143).

Other socioeconomic explanatory variables included household size (4 or less, 5 or more),
financial decision making (respondent, joint with husband/partner, husband/partner/other, has
no partner), health insurance (yes, no), seeking medical help alone (no big problem, big
problem), distance to health facility (no big problem, big problem) and medical costs (no big
problem, big problem). Health service-related explanatory variables comprised the timing of
ANC (early if gestational age is less than 4 months, late if gestational age is 4 or more months),
attendance of four ANC visits (no, yes), SBA (no, yes) and place of delivery (facility, home).
Quality of ANC was constructed using items on routine ANC services including measurement
of weight, height and blood pressure, and collection of urine and blood samples. The items on
routine ANC services were coded as binary responses (1=yes if the service was received and
0=no if otherwise). We then categorised women who scored <75% of the total score as having

received low quality of ANC, and high quality of ANC if otherwise.

5.1.4 Data management and analysis

The data was cleaned and edited using STATAJ/SE version 17.0 (111). The sample’s
representativeness of the target population was restored by accounting for the survey design.
Prior to carrying out any analysis, the data was declared as survey data by accounting for
clustering, individual survey weights and stratification using the “svyset” command. A
descriptive analysis of the variables was conducted using tabulations using the command “svy:
tab”. Stepwise regression was conducted at the 5% significance to select features/explanatory
variables to be considered for Machine Learning. Feature selection is an important aspect for
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Machine Learning that involves choosing non-redundant and most relevant features that allows
one to build optimised models of the outcome (114). The data was then imported to R software
for Machine Learning to train and test the Decision Tree and Logistic Regression classification
models. The selected explanatory variables were used to build the Decision Tree and Logistic
Regression classification models. The selected features or explanatory viables were hot

encoded or converted into factor or binary variables.

The data was prepared for the Machine Learning analysis. by splitting the data into training
and testing data sets using an 80/20 split. The study outcome PNC non-utilisation was heavily
imbalanced. Machine Learning methods perform well with balanced classes of the target or
outcome. Thus, Random Over-Sampling Examples (ROSE) was applied to the training datasets
to correct the class imbalance by oversampling the minority class i.e replacing the training data
with multiple copies of some of the minority classes (115). In this analysis, ROSE was applied
to increase the number of participant who did not utilise PNC (minority class) to balance with
those who utilised PNC (115). The Decision Tree was applied to the training data. The Decision
Tree algorithm selects the variables from the database to split the sample into progressively
smaller subgroups, resulting in a multilevel structure that resembles a tree (78, 116). When the
Decision Tree algorithm identifies the most important explanatory variable, the root node, it
divides into two branches until the next best variable is reached (78, 116). The Logistic
Regression analysis was also conducted using the training data for comparison with the
Decision Tree. The test data was used to validate the Decision Tree and Logistic Regression

models’ performance.

67| Page



5.1.5 Comparison between Logistic Regression and Decision Tree model in Machine

Learning

The parameters used to compare the Decision Tree and Logistic Regression models were
accuracy, sensitivity, specificity and area under ROC curves (117). Accuracy is a metric that
measures how often a Machine Learning model correctly predicts the outcome (117).
Sensitivity is the ability of a Machine Learning model to classify true individuals with the
outcome i.e those who did not utilise PNC (117), while specificity is the ability of a Machine
Learning model to classify true individuals without the outcome (117). Sensitivity and
specificity are inversely related: as sensitivity increases, specificity tends to decrease, and vice
versa. Highly sensitive Machine Learning models will show more positive results for
individuals with the outcome, whereas highly specific Machine Learning models will show

more negative results for individuals without the outcome (117).

A ROC curve is a plot of the sensitivity versus 1 — specificity of a Machine Learning model.
The ROC curve represents the mean sensitivity value for a given a Machine Learning model
across all conceivable specificity values, or conversely. An area under the ROC curve (AUC)
is an effective way to summarise the overall diagnostic accuracy of the Machine Learning
model. It takes the value from 0 to 1, with 1 representing a perfectly accurate Machine Learning
model and O representing a completely inaccurate one (118). AUC values of 0.5 indicate no
discrimination, while 0.6>AUC>0.5 indicates poor discrimination, 0.7>AUC>0.6 indicates
acceptable discrimination, 0.8>AUC>0.7 indicates excellent discrimination, and AUC>0.9
indicates exceptional discrimination (119). The larger the AUC, the better the overall

performance of the Machine Learning model.
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5.2 Results

5.2.1 Demographic and Socioeconomic Characteristics of Study Participants

Table 5.1 presents the demographic and socioeconomic characteristics of study participants in
the DRC (8,940), Kenya (6,596) and Tanzania (6,873). Most women resided in the rural areas
in the DRC (64.3%), Kenya (60.1%) and Tanzania (69.7%), and were aged between 25-49
years in the DRC (69.4%), Kenya (70.8%) and Tanzania (67.3%). Majority of the women in
the DRC (56.6%), Kenya (63.1%) and Tanzania (83.6%) had primary or no education. WWomen
with three or more children were 10.8% in the DRC, 4.2% in Kenya and 4.7% in Tanzania.
Women who did not want to get pregnant any more were in 6.0% in the DRC, 11.7% in Kenya
and 4.7% in Tanzania. Unemployed women in the past year before the survey were 20.3% in

the DRC, 28.4% in Kenya and 16.2% in Kenya.

The proportion of women without male partners was 15.3% in the DRC, 18.3% in Kenya and
19.7% in Tanzania. Majority of the households were led by males in the DRC (79.7%), Kenya
(69.0%) and Tanzania (81.3%), and had of 5 or more members in the DRC (75.9), Kenya (58.3)
and Tanzania (72.4). Women from poor-income households were 39.3% in the DRC, 37.5% in
Kenya and 41.2% in Tanzania. Women without exposure to mass media were 54.2% in the
DRC, 14.0% in Kenya and 17.1% in Tanzania. Women whose financial decisions were made
by their husbands/partners/others were 35.1% in the DRC, 35.6% in Kenya and 33.3% in

Tanzania.

Women with big problems of seeking medical help alone were 33.0% in the DRC, 6.2% in
Kenya and 13.9% in Tanzania, those big problems with travel distance to health facilities were

39.2% in the DRC (39.2%), 24.9% in Kenya and 45.1% in Tanzania, and those with big
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problems of medical costs were 70.4% in the DRC, 39.1% in Kenya and 52.3% in Tanzania.

Most women in the DRC (95.9%), Kenya (81.9%) and Tanzania (92.3%) had no health

insurance cover.

Table 5.1: Demographic and Socioeconomic characteristics of Study Participants

DRC Kenya Tanzania
N(8,940) N(6,596) N(6,873)
*n(%) *n(%) *n(%)

Place of residence
Urban 3,212(35.7) 2,602(39.9) 2,083(30.3)
Rural 5,788(64.3) 3,910(60.1) 4,798(69.7)
Maternal age
Young women (18-24 years) 2,756(30.6) 1,901(29.2) 2,249(32.7)
Older women (25-49 years) 6,244(69.4) 4,612(70.8) 4,632(67.3)
Maternal education
Primary and below 5,086(56.6) 4,109(63.1) 5,754(83.6)
Secondary and above 3,914(43.5) 2,402(36.9) 1,127(16.4)
Employment in the past 12 months
No 1,824(20.3) 1,851(28.4) 1,111(16.2)
Yes 7,175(79.7) 4,659(71.6) 5,770(83.8)
Birth order
One 4,188(46.5) 4,495(69.0) 4,380(63.7)
Two 3,842(42.7) 1,744(26.8) 2,176(31.6)
Three or more 971(10.8) 273(4.2) 325(4.7)
Wanted pregnancy
Then 6,028(67.0) 3,933(60.4) 4,558(66.3)
Late 2,425(27.0) 1,818(27.9) 1,983(28.8)
No more 546(6.0) 761(11.7) 340(4.9)
Has a male partner
No 1,379(15.3) 1,194(18.3) 1,354(19.7)
Yes 7,621(84.7) 5,320(81.7) 5,592(80.3)
Household head
Male 7,174(79.7) 4,491(69.0) 5,592(81.3)
Female 1,826(20.3) 2,023(31.0) 1,289(18.7)
Household wealth
Poor 3,533(39.3) 2,443(37.5) 2,837(41.2)
Middle 1,821(20.2) 1,218(18.7) 1,316(19.1)
Rich 3,646(40.5) 2,850(43.8) 2,727(39.7)
Household size
4 or less 2,172(24.1) 3,714(41.7) 1,898(27.6)
5 or more 6,828(75.9) 3,800(58.3) 4,983(72.4)
Exposure to media
No 4,874(54.2) 914(14.0) 1,175(17.1)
Yes 4,126(45.8) 5,597(86.0) 5,705(82.9)
Financial decisions
Respondent alone 687(7.7) 441(6.9) 242(3.5)
Joint with hushand/partner 3,692(41.6) 2,494(38.9) 2,971(43.4)
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Husband/partner/other 3,199(35.1) 2,280(35.6) 2,278(33.3)
Has no partner 1,379(15.6) 1,194(18.6) 1,354(19.8)
Seeking medical help alone

No big problem 6,028(67.0) 6,106(93.8) 5,921(86.1)
Big problem 2,967(33.0) 403(6.2) 960(13.9)
Travel distance to health facility

No big problem 5,471(60.8) 4,892(75.1) 3,776(54.9)
Big problem 3,524(39.2) 1,619(24.9) 3,105(45.1)
Medical costs

No big problem 2,667(29.6) 3,963(60.9) 3,283(47.7)
Big Problem 6,330(70.4) 2,548(39.1) 3,598(52.3)
Health insurance cover

No 8,632(95.9) 5,336(81.9) 6,351(92.3)
Yes 368(4.1) 1,176(18.1) 530(7.7)

5.2.2 Health service-related Characteristics of Study Participants

Table 5.2 presents the health service-related characteristics of study participants in the DRC
(8,940), Kenya (6,596) and Tanzania (6,873). Women who initiated ANC late were 60.5% in
the DRC, 58.2% in Kenya and 49.6% in Tanzania. Nearly 47% of women in the DRC (46.8%),
39% in Kenya (39.4%) and 48% in Tanzania (47.9%) attended less than four ANC visits. The
proportion of women who had low quality ANC were 47.5% in the DRC, 42.0% in Kenya and
47.2% in Tanzania. A greater proportion of women in the DRC (89.3%), Kenya (84.5%) and
Tanzania (66.3%) had no skilled attendance at delivery. About 12% of women in the DRC
(12.0%), 30% in Kenya (30.4%) and 31% in Tanzania (31.1%) delivered at home. Women who
delivered by caesarean section were 6.3% in the DRC, 9.5% in Kenya and 7.0% in Tanzania.
A greater proportion of women and their children in the DRC (84.6%), Kenya (53.8%) and

Tanzania (79.1%) did not utilise PNC.

Table 5.2: Health service-related characteristics of Study Participants

DRC Kenya Tanzania
N(8,940) N(6,596) N(6,873)
*n(%) * n(%) *n(%)
Timing of ANC
Early 3,557(39.5) 2,723(41.8) 3,470(50.4)
Late 5,443(60.5) 3,790(58.2) 3,410(49.6)
Less than four ANC visits
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No 4,765(53.2) 3,946(60.8) 3,565(52.1)
Yes 4,191(46.8) 2,545(39.2) 3,283(47.9)
ANC quality

Low 4,278(47.5) 3,775(58.0) 3,251(47.2)
High 4,723(52.5) 2,738(42.0) 3,630(52.8)
Lacked SBA

No 967(10.7) 1,009(15.5) 2,316(33.7)
Yes 8034(89.3) 5,502(84.5) 4,564(66.3)
Place of delivery

Facility 7,920(12.0) 4,530(69.6) 4,742(68.9)
Home 1,080(88.0) 1,981(30.4) 2,139(31.1)
Mode of delivery

Normal 8,424(93.7) 5,886(90.5) 6,401(93.0)
Caesarean Section 566(6.3) 620(9.5) 480(7.0)
Non-utilisation of PNC

No 1,381(15.4) 3,007(46.2 5,442(20.9)
Yes 7,619(84.6) 3,506(53.8) 1,439(79.1)

5.2 Decision Tree Analysis

The Decision Tree analysis is displayed in Fig. 5.1-3. In the DRC, six significant explanatory
variables were selected to define further branches and classify the probability of non-utilisation
of PNC: quality of ANC, place of delivery, mode of delivery, maternal education, place of
residence and employment status, see Fig 5.1. The Decision Tree diagram below illustrates that
women who did not utilise PNC are split into eight classifications or groups by reading the
results of the diagram using the top-down stopping rule, i.e. beginning with the parent node,
quality of ANC. The Decision Tree algorithm chose quality of ANC as the first variable to split
the root node, dividing the population into two groups (low quality of ANC and high quality
of ANC), which were then segmented into eight classes. The probability of not utilising PNC
for the combination of factors considered in the Decision Tree analysis ranged from 24.0% to
92.0%. Women who had high-quality ANC, lived in the urban areas and had secondary or
higher education showed the lowest risk of not utilising PNC. Women who had low-quality
ANC, delivered birth at home and were unemployed were classified as having the highest

probability of not utilising PNC.
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Figure 5.1: Decision Tree for predicting the risk of non-utilisation of PNC among women in the
DRC; 1) root, 2) low quality ANC, 3) high quality ANC, 4) home delivery, 5) facility delivery, 6)
rural residence, 7) urban residence, 8) no, 9) had employment, 10) normal delivery, 11) caesarean
section, 12) home delivery, 13) facility delivery, 14) primary or no education, 15) secondary or higher
education.

In Kenya, six significant explanatory variables were selected to define further branches and
classify the probability of non-utilisation of PNC: place of delivery, employment status, SBA,
mode of delivery, media exposure and seeking medical help alone, see Fig 5.2. The Decision
Tree chose the variable place of delivery as the first variable to split the root node, dividing the
population into two groups (home delivery and facility delivery), which were further separated
into eight classes. The probability of not using PNC for the combination of factors considered
in the Decision Tree analysis ranged from 21.0% to 87.0%. The classification with the lowest
probability of non-utilisation of PNC included women who delivered in facilities, delivered by
caesarean section and had SBA. Women who delivered at home, were unemployed and had no

exposure to mass media had the highest likelihood of not utilising PNC.
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Figure 5.2.Decision Tree for predicting the risk of non-utilisation of PNC among women in Kenya; 1)
root, 2) home delivery, 3) facility delivery, 4) unemployment, 5) employed 6) normal delivery, 7)
caesarean section, 8) non exposure to mass media, 9) exposure to mass media, 10) no SBA, 11) had SBA,
12) big problem seeking medical help alone, 13) no big problem seeking medical help alone, 14) no SBA,
15) had SBA.

In Tanzania, five significant explanatory variables were selected to define further branches and
classify the probability of non-utilisation of PNC: place of delivery, quality of ANC, seeking
medical help alone, medical costs and wanted pregnancy, see Fig 5.3. The Decision Tree chose
the variable place of delivery as the first variable to split the root node, dividing the population
into two groups (home delivery and facility delivery), which were further separated into eight
classes. The probability of not using PNC for the combination of factors considered in the
Decision Tree analysis ranged from 38.0% to 100.0%. Women who delivered in facilities,
received high quality ANC, and had no big problem with seeking medical help alone showed
the lowest risk of not utilising PNC. Women who delivered at home, received low quality ANC

and wanted pregnancy no more had the highest probability of not utilising PNC.
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Figure 5.3: Decision Tree for predicting the risk of non-utilisation of PNC among women in Tanzania;
1) root, 2) home delivery, 3) facility delivery, 4) low quality of ANC, 5) high quality of ANC 6) low
quality of ANC , 7) high quality of ANC, 8) wanted pregnancy no more, 9) wanted pregnancy then, 10)
big problem with seeking medical help alone 11) no big problem with seeking medical help alone, 12)
big problem with medical costs, 13) no big problem with medical costs, 14) big problem with seeking
medical help alone, 15) no big problem with seeking medical help alone.

5.3 Performance of the Decision Tree and the Logistic Regression Models

The performance of Decision Tree and Logistic Regression analysis for prediction of non-
utilisation of PNC was evaluated using Accuracy, Sensitivity, Specificity and AUC parameters
calculated from the confusion matrices shown in Table 5.2. In the DRC, the Decision Tree
model achieved a classification Accuracy of 63.1% with a Sensitivity of 64.9% and a
Specificity of 53.1% while the Logistic Regression obtained a classification Accuracy of 57.8%
with a Sensitivity of 58.0% and a Specificity of 57.0%. In Kenya, the Decision Tree model

achieved a classification Accuracy of 67.0% with a Sensitivity of 61.0% and a Specificity of
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75.6% while the Logistic Regression obtained a classification Accuracy of 66.7% with a
Sensitivity of 57.2% and a Specificity of 79.6%.

In Tanzania, the Decision Tree model achieved a classification Accuracy of 61.4% with a
Sensitivity of 60.3% and a Specificity of 65.8% while the Logistic Regression obtained a
classification Accuracy of 57.3% with a Sensitivity of 53.6% and a Specificity of 72.0%. The
AUC values for the Decision Tree and Logistic Regression models were 61.7% vs 60.2% in
the DRC, 73.0% vs 74.8% in Kenya and 65.2% vs 65.6% in Tanzania. AUC values for the
Decision Tree and Logistic Regression models in the DRC and Kenya showed that the models
had the capacity to distinguish individuals with or without the outcome. The Decision Tree and
Logistic Regression models for Tanzania showed greater capacity to distinguish individuals
with or without the outcome (AUC >70%). In conclusion, the Decision Tree had better
classification Accuracy and Sensitivity than the Logistic Regression in the DRC, Kenya and
Tanzania but the Decision Tree had a lower Specificity than the Logistic Regression. The AUC
values for the Decision Tree and Logistic Regression models showed the models had capacity
to distinguish individuals with or without the outcome.

Table 5.2: Performance parameters of the Decision Tree and Logistic Regression
models in the DRC, Kenya, and Tanzania

DRC Kenya Tanzania
Parameter | LR DT LR DT LR DT
Accuracy 58.9% 61.7% | 66.7% 67.0% 57.3% 61.4%
Sensitivity | 59.6% 64.9% | 57.2% 61.0% 53.6% 60.3%
Specificity | 55.1% 53.1% | 79.6% 75.6% 72.0% 65.8%
AUC 60.2% 61.7% | 74.8% 73.0% 65.6% 65.2%

**DT-Decision Tree, LR-Logistic Regression
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5.4 DISCUSSION

The study aimed to predict the main risk factors of non-utilisation of PNC among reproductive-
age women using a Decision Tree in the three sub-Saharan African countries including the
DRC, Kenya and Tanzania. The Decision Tree model had a better performance in Accuracy
and Sensitivity compared to the Logistic Regression model. This means the Decision Tree had
more accurate predictions of individuals who did not utilise PNC and less false positives
predictions i.e it picked out more individuals who truly did not utilise PNC. Previous studies

in the maternal and child health field have also found similar results (34, 35, 166).

The main advantage of Decision Tree consists of the ability to describe associations in the data
by revealing high order important interactions among variables, whereas the traditional
Logistic Regression shows important interactions without ordering (78). The Decision Tree
results are also expressed as a tree or decision rules, which can be easily interpreted and
understood (116). However, the Decision Tree like all Machine Learning algorithms does not
perform well when there is imbalance of classes in the outcome variable (115). However,
considering the pros and cons, Decision Tree and Logistic Regression models constitute useful

and complementary analytical tools for assessing MNCH services utilisation.

In the DRC, the Decision Tree analysis showed that women who received low quality of ANC,
delivered birth at home and were unemployed had the highest probability of not utilising PNC
(92.0%). Quality of care refers to a range of issues, such as appropriate assessment and
diagnosis, delivery of effective treatment, counseling, and user acceptance. A previous study
in Ethiopia found that receiving appropriate content at ANC was associated with better health
service utilisation (167). Quality of care in the DRC is generally low (168). To improve the

fragile healthcare and enhance uptake of health services in DRC, health systems interventions
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such as the establishment of better-equipped facilities, an adequate healthcare workforce, and

improved access to essential medical supplies should be established.

Women who gave birth at home in the DRC were associated with not utilising PNC. Home
births in low-income countries are assisted by Traditional birth attendants (TBAS). Previous
research found that most of the TBAs in low-income countries had limited formal training and
access to medical treatment and equipment. Hence, women who give birth at home have a
lower chance of receiving appropriate guidance from TBAs regarding the use of PNC (169).
The low literacy levels and formal schooling found in most HBAs in previous research,
suggests the need to train HBAs in safe birthing practices and recognition of life-threatening
complications, and linking them with formal health system(169). In locations where hospitals
can absorb the care for women currently delivering at home, HBAs can be given arole to direct

women and their newborns to facilities to receive postnatal care (169).

Women who were not employed were also found to be associated with non-utilisation of PNC
in the DRC. According to reports very few women in the DRC have access to decent jobs with
6.4% of women working in wage employment, compared to 23.9% of men (170). Women in
the DRC without any means of income or gainful employment are mostly likely to face more
barriers of access to maternal healthcare including transportation and medical costs,
particularly those who reside in the rural areas (171). This situation in the DRC could be driven
by the commercialisation of healthcare caused by fee-for-service payment systems and a lack
of regulation throughout the country(172). The implementation of measures such as the
government regulation of financing the health system through subsidised or free user fees

could improve uptake of health services among low-income or unemployed women (172).

In Kenya, the Decision Tree analysis showed that women who delivered at home, were

unemployed and had no exposure to mass media had the highest likelihood of not utilising PNC

78



(87.0%). Although trends show a decline in home births from 61.6% in 2009 to 52.3% in 2013,
a substantial proportion of women in Kenya still give birth at home (173). According to
previous studies in Kenya, home births have been linked to transportation and facility distance
issues, cultural practices and these factors collectively influence women's decision to seek PNC
services (11, 169, 174). Interventions such as “waiting homes” near health facilities to
accommodate the expectant mothers who live far from the nearest health facilities days before
delivery day can be helpful in in situations where these mothers live far (174). This will
enhance their chances of getting postnatal checkups when they deliver with the assistance of

skilled workers at health facilities (174).

The Decision Tree analysis in Kenya also revealed that women who were not employed had
high likelihood of not utilising PNC. Long-term unemployment among women, for example,
is 63.6% for women without formal education, compared to only 18.7% for men (175).
Unemployment is also higher among women with an academic background beyond secondary
school, at 25.8%, compared to men with the same level of education, which stands at 11.7%
(175). Poverty may prevent women from seeking postnatal care because they cannot afford to
pay for such services or get transport to reach health facilities (174). Although, government run
health facilities in Kenya, offer free maternal health services, this may not need adequate if
mothers cannot access health facilities due to distance and transport costs (174). The
government needs to create strategies such as motorcycle ambulances that facilitate
transportation for women of low socioeconomic who live far from health facilities and in

remote areas to access health facilities and services (176).

The Decision Tree analysis in Kenya also showed that women who were not exposed to mass
media were more likely not to utilise PNC. The dissemination of information via mass media
has the capacity to encourage favorable behaviors and deter unfavorable health-related

behaviors. The results of several prior research (177, 178) indicate that women who did not
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engage in weekly activities such as reading newspapers/magazines, listening to the radio, and
watching television were more inclined not to utilise PNC. This could be that women with no
access to mass media miss out on important information which promotes maternal and child
healthcare, and thus they are less informed about PNC which decreases their chances of
utilising PNC (178). Health policymakers and other non-governmental organizations should
continue to invest resources in the design and implementation of education and promotion of
MNCH service utilisation educational programmes via all the mass media sources to enhances
MNCH uptake in SSA (178).

For Tanzania, the Decision Tree analysis showed that women who delivered at home, received
low quality of ANC and had unwanted pregnancies showed the highest likelihood of not
utilising PNC (100.0%). Home deliveries in Tanzania remain unacceptable high, despite the
decline from 49% in 2010 to 37% in 2016 (179). A recent study in Tanzania found that poor
services, distance to the nearest health facility, cost and inaccessibility of transport, sudden
onset of labour and culture were amongst the reasons reported to affect home delivery (180),
which all influence women's utilisation of PNC (11, 180). Interventions such as provision of
financial incentives for transportation and integrating TBAs into the formal health systems

could improve access to health facilities and PNC uptake.

The Decision Tree analysis also showed that women who received low quality of ANC in
Tanzania were mostly likely not to utilise PNC. Tanzania is currently classified as a lower
middle-income country and is endeavoring to advance to upper middle-income status (181,
182). However, the health sector faces constraints such as shortages of skilled health workers
hinding its ability to enhance the quality of antenatal, delivery, and postnatal care (183). The
provision of quality ANC has been linked to improved health facility seeking behavior during
labour and postnatal period (183, 184). A previous study in Tanzania found that half of the

health workers were not providing postnatal education during ANC visits (183) This practice
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could have contributed to women’s low utilisation of postnatal care in this area because of not
being well informed about the dangers (183, 184). Interventions such as supportive supervision,
on job training to empower health workers with relevant knowledge and skills on postnatal care
education could improve health facility seeking behavior during postnatal care (183, 184).
Additionally, due to skilled health care workers shortages, medical attendants and community

health care workers can be trained and equipped to provide postnatal care education to pregnant

women with minimal supervision (183, 184).

The Decision Tree analysis also found that women who unwanted/unintended pregnancies had
a high likelihood of not utilising PNC in Tanzania. These findings are similar to a previous
study in Tanzania (165). Unintended pregnancies are often identified later than intended
pregnancies and this could result in less time to receive ANC, affecting the subsequent
utilisation of other services in the CoC (185, 186). The factors associated with lower
likelihoods of PNC uptake following an unintended pregnancy vary (165, 185-187). Lower
socioeconomic status, younger age, high parity have been associated with higher unintended
and also reduce uptake of PNC (165, 185, 187). Targeted interventions such as improving
adolescents and young women’s education and improving family life planning through friendly
services would reduce unintended pregnancies and improve pregnant women’s decision
making in seeking health services.

5.4.1 Strengths and Limitations

This study's strength is its use of nationally representative data with a sizable sample from
multiple countries. Another strength is that the study employed the Decision Tree to identify
high-risk subpopulations that would be targeted for maternal health interventions and optimise
the use of public health resources. However, this study has limitations. The study did not

evaluate other factors of PNC non-utilisation that could potentially improve the model
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performance such as health facility characteristics such availability of skilled care workers,
quality of obstetric and postnatal care due to data unavailability. Additionally, the data on PNC
was self-reported by the mother and is subject to recall bias. However, the recall bias was
minimised by using information of the last birth. It is also challenging to establish a temporal
relationship between the non-utilisation of PNC and the explanatory factors because the data
are cross-sectional. Hence, we recommend longitudinal studies which follow up pregnant

women’s utilisation of services from pregnancy to postpartum period.

5.5 Conclusions

The Decision Tree is a useful and effective analytical method that can be used as a decision-
making tool applied in MNCH. Using the Decision Tree, the study captured high-risk
population groups of women who had the greatest risk of not utilising PNC. This one of the
major advantages of the Decision Tree compared to the Logistic regression in that it captures
high order interactions of variables. The interactions between variables can be represented in
form of a tree which displays a combination of risk factors with the greatest risk. Using the
Decision Tree, the main risk factors of not utilising PNC in the DRC were poor quality of ANC,
home deliveries and unemployment. In Kenya, home deliveries, unemployment and having no
access to mass media were the main risk factors of not utilising PNC. For Tanzania, home
deliveries, low quality of ANC and unwanted pregnancies were the main risk factors of not
utilising PNC.

To improve women’s utilisation of postnatal care, government policymakers should invest
resources in health financing, use of all media platforms for maternal health educational
programmes, improving access to health facilities and the quality of care provided by health
facilities, as well create policies which integrate TBAs into the formal health system.
Additionally, healthcare providers should come up with innovative ways of addressing skilled

workers shortages by training and equipping medical attendants, TBAs or community health
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to provide postnatal care education to pregnant women with minimal supervision and

integrating maternal healthcare services with family planning services.

5.6 Chapter Summary

Most mothers and newborns did not utilise PNC after delivery in SSA. Although several studies
on PNC utilisation or non-utilisation have been conducted, the use of data mining methods to
predict the utilisation or non-utilisation of PNC is scarce. Thus, study aimed to predict the main
risk factors of non-utilisation of PNC in the DRC, Kenya and Tanzania using a Decision Tree.
The Decision Tree had better performance than the Logistic Regression. Using the Decision
Tree, the study showed high-risk population groups of women who had the highest risk of not
utilising PNC. This one of the major advantages of the Decision Tree compared to the Logistic
regression in that it captures high order interactions of variables. The results of the Decision
Tree were displayed in a visual tree which is easily interpretable. Using the Decision Tree, the
main risk factors for not using PNC in DRC were low quality of ANC, home deliveries, and
unemployment. In Kenya, the main risk factors for not using PNC were home deliveries,
unemployment, and lack of access to mass media. In Tanzania, the main risk factors for not
using PNC were home deliveries, low quality of ANC, and unwanted pregnancies.

To enhance the uptake of postnatal care, government policymakers should put more resources
in health financing, use of all media platforms for maternal health educational programmes,
improving access to health facilities and the quality of care provided by health facilities, and
come with policies which integrate TBAs into the formal health system. Furthermore,
healthcare providers should come up with innovative ways of addressing shortages of skilled
workers by training and equipping medical attendants, TBAs or community health to provide
postnatal care education to pregnant women with minimal supervision and integrating maternal

healthcare services with family planning services.
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Abstract

Background: For optimal health, the maternal, newborn, and child healthcare (MNCH)
continuum necessitates that the mother/child receive the full package of antenatal, intrapartum,
and postnatal care. In Sub-Saharan Africa, dropping out from the MNCH continuum remains
a challenge. Using Machine Learning, the study sought to forecast the MNCH continuum drop

out and determine important predictors in three sub-Saharan African countries.

Methods: The study utilised Demographic Health Surveys data from the Democratic Republic
of Congo (DRC) (2013/14), Kenya (2014) and Tanzania (2015/16). STATA 17 was used to
perform the multivariate logistic regression. Python 3.0 was used to build five machine
Learning classification models namely the Logistic Regression, Random Forest, Decision Tree,
Support Vector Machine and Artificial Neural Network. Performance of the models was
assessed using Accuracy, Precision, Recall, Specificity, F1 score and area under the Receiver

Operating Characteristics (AUROC).

Result: The prevalence of the drop out from the MNCH continuum was 91.0% in the DRC,
72.4% in Kenya and 93.6% in Tanzania. Living in the rural areas significantly increased the

odds of dropping out from the MNCH continuum in the DRC (AOR:1.76;95%CI:1.30-2.38),
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Kenya (AOR:1.23;95%CI:1.03-1.47) and Tanzania (AOR:1.41;95%CI:1.01-1.97). Lower
maternal education also conferred a significant increase in the DRC (AOR:2.16;95%CI:1.67-
2.79), Kenya (AOR:1.56;95%CI:1.30-1.84) and Tanzania (AOR:1.70;95%CI:1.24-2.34). Non
exposure to mass media also conferred a significant positive influence in the DRC
(AOR:1.49;95%CI:1.15-1.95), Kenya (AOR:1.46;95%CI:1.19-1.80) and Tanzania
(AOR:1.65;95%CI:1.13-2.40). The Random Forest exhibited superior predictive accuracy
(Accuracy=75.7%, Precision=79.7%, Recall=92.1%, Specificity=51.6%, F1 score=85.1%,
AUROC=70%). The top four predictors with the greatest influence were household wealth,

place of residence, maternal education and exposure to mass media.

Conclusions: The MNCH continuum dropout rate is very high in the DRC, Kenya and
Tanzania. Maternal education, place of residence, and mass media exposure were common
contributing factors to the drop out from MNCH continuum. The Random Forest had the
highest predictive accuracy. Household wealth, place of residence, maternal education and
exposure to mass media were ranked among the top four features with significant influence.
The findings of this study can be used to support evidence-based decisions in MNCH

interventions and to develop web-based services to improve continuity of care retention.

Keywords: Continuum of Care, Maternal Newborn and Child Healthcare, Machine Learning

6.0 Introduction

In the era of the Sustainable Development Goals (SDGs), reducing the global burden of
preventable maternal, newborn, and child mortality and morbidity is a top priority (188, 189).
Despite gains in maternal and child health during the Millennium Development Goals (MDGs)
era, over 2.7 million mothers and newborn babies died in 2017 (190, 191). Sub-Saharan Africa

(SSA) alone accounted for 66% (196 000) of maternal deaths, 39% of neonatal deaths
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(999 000) and infant deaths in 2017 (190, 191). Most maternal and neonatal deaths occur due

to avoidable complications and illnesses during pregnancy and childbirth (192, 193).

The concept of the Continuum of Care (CoC) has been brought to light to enhance Maternal,
newborn and child healthcare (MNCH) through integrated service delivery (7, 188). An
effective CoC connects critical MNCH packages throughout the pregnancy, delivery, and
postpartum stages. Completing the MNCH CoC helps achieve the SDG 3 goals by reducing
severe maternal and neonatal morbidity rates, mortality rates, and long-term physical and
psychological complications (120). For instance, antenatal care (ANC) visits can identify and
treat problems during pregnancy and increase the mother’s chances of receiving appropriate
care at birth (21, 194, 195). Skilled care during labour and delivery ensures safe and healthy
delivery and reduces the risk of death for both the mother and baby (65). Postnatal care (PNC)
is also recommended at birth and extends up to six weeks to avoid postpartum haemorrhage
and other causes of maternal and neonatal mortality (196). A lack of appropriate care at any

stage of the CoC will lead to poor MNCH outcomes.

Studies conducted in SSA including Kenya and Tanzania showed that only 10-34% of the
women received complete packages of maternal health care services (197, 198). Factors such
as place of residence, maternal education, maternal age, parity, household wealth, media
exposure, travel distance and mode of transport have been factors found to be associated with
the drop out from the CoC (31, 64, 70, 120, 197-199). Knowledge from these studies can be
applied to develop Machine Learning models that can predict the likelihood of a mother/child
not completing the continuum of MNCH and identify predictors with significant influence on
discontinuity of care. This information will aid in the development of targeted interventions to

improve MNCH retention.
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Previously conventional analytical approaches such as logistic regression models have
commonly been used to analyse maternal healthcare utilisation data (34). However, Machine
Learning methods such as the Decision Tree and Random Forest have the potential to
outperform conventional statistical methods because of various attributes including the ability
to handle large and non-linear complex data, non-reliance on prior assumptions and multiple
interactions between predictors (34, 200). Thus, Machine Learning methods have been reported
to produce better fitting models than conventional logistic regression models (34, 121, 200).
Although Machine Learning methods have better prediction performance than conventional
statistical methods when applied to large datasets, studies on the application of Machine
Learning methods in SSA countries remain uncommon (34, 200). Thus, this study aimed to
predict the likelihood of a mother/child dropping out from the MNCH continuum by applying
reliable Machine Learning predictive models and determining the most influential predictors

in three sub-Saharan African countries including the DRC, Kenya and Tanzania.

6.1 Methods

6.1.1 Study Design and Settings

This study utilised secondary data from the last rounds of Demographic Health Survey (DHS)
surveys in the DRC (2013/14), Kenya (2014) and 2015/16 Tanzania (2015/16) DHS surveys.

The DRC, Kenya and Tanzania are neighbouring countries in the SSA (140, 141).

6.1.2 Study Population

The study comprised reproductive women aged 15-49 years who delivered their children in the
past 5 years preceding DHS surveys in the DRC, Kenya, and Tanzania. Only women who
attended at least one ANC visit and gave responses on skilled birth attendance (SBA) and PNC
were included in the study, and only information concerning the last birth in the last 5 years

was used.
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6.1.3 Data Source and Sampling

The DHS is a nationally representative survey of household samples that provides
comprehensive information on the population and health including MNCH. The DHS utilises
multistage sampling, where the first stage involves the selection of EAs or clusters drawn from
census files by strata. The second stage involves the random selection of individual households
within each selected EA or cluster and the probability of selection of each household differs
from cluster to cluster. The analysis used total sample sizes of 8,545, 6,432 and 6,664
reproductive-age women and children born in the past five years preceding each country’s DHS
survey in the DRC, Kenya and Tanzania respectively. The combined total sample for the three

countries was 21,641.

6.1.4 Measurement of Variables

The outcome variable in this study was drop out from the MNCH continuum. Antenatal care
drop out was considered if a woman had less than four ANC visits during her most recent
pregnancy. Skilled birth attendance drop out was considered if a woman had four or more ANC
visits but did not receive SBA (delivery was not assisted by healthcare professionals, i.e.,
midwives, nurses, doctors, and/or health officers). Postnatal care drop out was considered if a
woman received SBA but did not attend PNC with the child within the first 6 weeks of delivery.
The drop out from the MNCH continuum was coded as 1 if a woman/child either drops out of

ANC, SBA, or PNC and 0 if otherwise (120).

The explanatory variables considered for analysis included demographic and socioeconomic
variables. The demographic and socioeconomic variables included the place of residence
(rural/urban), mother’s current age group (15-24 years/40-44 years/25-49 years), mother's level
of education (no education/primary, secondary and tertiary), birth order (1,2,3 or more),

relationship status (no current partner/ has a current partner), exposure to mass media (no, yes),
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access to money for medication ( no big problem, big problem ), travel distance for medication
(no big problem, big problem), household size (<4/ >5), household head (male/ female) and
household wealth (poor/middle/rich), and household wealth status, which was grouped into
tertiles (poor, middle and rich) in this study, using the household wealth index variable

(poorest, poor, middle, richer and richest) in the DHS surveys data (143).

6.1.5 Statistical analysis

Using the STATA package, data cleaning was performed to prepare the dataset for analysis.
All analyses accounted for survey design using the svyset command with for clustering, survey
weights and stratification variables. The univariate analysis was conducted to describe
women’s characteristics. Bivariate analysis was conducted to assess the women’s
characteristics by outcome and explanatory variables and the Pearson chi-square was used to
test the differences. The multivariate logistic regression models were fitted to identify the
factors associated with the drop out from the MNCH continuum. In the multivariable analysis,
adjusted odds ratios (AOR) with 95% confidence intervals (CI) were used to assess the

significance of the relationship between the outcome variables and the explanatory variables.

Machine Learning predictive models were built and trained in Python 3.0 using combined DHS
surveys data for the three countries. Predictors that were found significant in the multivariable
logistic regression analysis were used in the Machine Learning analysis. The Machine Learning
analysis utilised the classification method. The datasets were randomly assigned to the training
and testing datasets using an 80/20% split. The training data consisted of the data used to
develop the models and the test data or validation sets were used for evaluating the performance

of the models (121).

Five classification algorithms namely the Logistic Regression, Random Forest, Decision Tree,

Support Vector Machine and Artificial Neural Network were employed. In this study, the
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outcome variable (drop out from the MNCH continuum) were disproportionate. Most Machine
Learning algorithms work best when the number of samples in each class is about equal
because most algorithms are designed to maximize accuracy and reduce errors. Thus, random
oversampling was conducted to balance the distribution of classes of the drop out from the
MNCH continuum. Random oversampling involves supplementing the training data with
multiple copies of some of the minority classes. In this study, K-means Synthetic Minority

Oversampling Technique (SMOTE) was employed to correct the class imbalance (201).

The performance of the Machine Learning predictive models was assessed using model
prediction accuracies including Accuracy, Precision, Recall, Specificity, F1 score, as well as
the AUROC. The ranking of features was conducted on the Machine Learning model with
better performance using the feature importance permutations technique. This technique breaks
the relationship between the feature and the target. The drop in the model score shows how

much the model depends on the feature (79).

6.2 Results

6.2.1 Characteristics of the women

Table 6.1 shows the characteristics of women in the three countries under study. Most women
in the DRC (64.2%), Kenya (60.2%) and Tanzania (69.9%) lived in rural areas. Over two-thirds
of the women in the DRC (69.8%), Kenya (70.8%) and Tanzania (67.4%) were aged between
25 and 49 years. Most of the women in the DRC (85.0%), Kenya (81.7%) and Tanzania
(80.7%) had a current partner. A greater proportion of the women had primary or no education
in the DRC (56.5%), Kenya (63.1%) and Tanzania (83.6%). Women with birth order of three
or more were about 11% in the DRC (10.6%), 4% in Kenya (4.2%) and 5% in Tanzania (4.7%).

A greater proportion of the women in Kenya (79.6%) and Tanzania (67.0%) were exposed to
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mass media, whilst a greater proportion of the women in the DRC (87.1%) were not exposed

to mass media.

A greater proportion of women in the DRC (70.2%) and Tanzania (52.4%) experienced big
problems with access to money for medication, on the other hand a greater proportion of
women in Kenya (60.9%) did not experience problems with access to money for medication.
The majority of the women in the DRC (60.7%), Kenya (75.2%) and Tanzania (54.9%)
experienced big problems with travel distance for medication. Most households in the DRC
(80.0%), Kenya (68.9%) and Tanzania (81.4%) were led by males. The majority of the women
in the DRC (76.6%), Kenya (58.8%) and Tanzania (73.0%%) had households with 5 or more
members. Over one-third of the women in the DRC (39.3%), Kenya (37.5%) and Tanzania

(41.6%) were from poor-income households.

Table 6.1: Characteristics of women in countries under study

Variables DRC Kenya Tanzania
N(8,545) N(6,432) N(6,664)
*n(%) *n(%) *n(%)

Place of residence

Urban 3,083(35.8) 2,524(39.8) 2,004(30.1)

Rural 5,539(64.2) 3,820(60.2) 4,663(69.9)

Maternal age-group

Young women (15-24 years) 2,607(30.2) 1,849(29.2) 2,175(32.6)

Older women (25-49 years) 6,015(69.8) 4,495(70.8) 4,492(67.4)

Relationship status

Has no current partner 1,295(15.0) 1,161(18.3) 1,287(19.3)

Has current partner 7,327(85.0) 5,183(81.7) 5,380(80.7)

Maternal education

Primary and below 4,870(56.5) 4,005(63.1) 5,573(83.6)

Secondary and above 3,752(43.5) 2,339(36.9) 1,093(16.4)

Birth order

One 3,998(46.4) 4,392(69.2) 4,232(63.5)

Two 3,711(43.0) 1,690(26.6) 2,120(31.8)

Three or more 913(10.6) 262(4.2) 315(4.7)

Exposure to mass media

No 7,497(87.1) 1,296(20.4) 2,201(33.0)

Yes 1,115(12.9) 5,048(79.6) 4,465(67.0)

Access to money for medication

No big problem 2,568(29.8) 3,867(60.9) 3,176(47.6)

Big problem 6,052(70.2) 2,474(39.1) 3,491(52.4)

Travel distance for medication

No big problem 5,228(60.7) 4,769(75.2) 3,658(54.9)

Big problem 3,391(39.3) 1,573(24.8) 3,009(45.1)
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Household head

Male 6,895(80.0) 4,373(68.9) 5,429(81.4)
Female 1,727(20.0) 1,971(31.1) 1,238(18.6)
Household size

4 or less 2,021(23.4) 2,617(41.3) 1,803(27.0)
5 or more 6,601(76.6) 3,727(58.8) 4.864(73.0)
Household wealth

Poor 3,391(39.3) 2,379(37.5) 2,772(41.6)
Middle 1,724(20.0) 1,180(18.6) 1,258(18.9)
Rich 3,507(40.7) 2,784(43.4) 2,636(39.5)

*n(%) weighted counts and proportions of the variable

6.2.2 Patterns of the drop out from the MNCH continuum

Figure 6.1 compares the drop out from the MNCH continuum across the three countries under
study. The largest gap and contributor to the drop out from the CoC occurred during the
postpartum period in the DRC (83.7%), Kenya (42.4%) and Tanzania (89.4%). The overall

drop out from the MNCH continuum was very high across the three countries, with proportions

0f 91.0% in the DRC, 72.4% in Kenya and 95.5% in Tanzania.
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Figure 6.1: Patterns of the drop out from the MNCH continuum among reproductive-age women in the
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Table 6.2 shows results of the factors associated with the drop out from the MNCH continuum
in the DRC, Kenya and Tanzania. The place of residence, mother’s education and exposure to
mass media were common factors significantly associated with the drop out from the MNCH
continuum across the three countries. The study showed that living in rural areas, having a
lower education, and having no exposure to mass media was positively associated with the

drop out from the MNCH continuum.

Further, the influence of factors such as maternal age group, birth order, access to money for
medication, travel distance for medication, household wealth and household size varied by
country. The findings showed that the odds of dropping out from the MNCH continuum was
significantly lower among older women aged 25-49 years in the DRC (AOR:0.74;95%CI:0.57-
0.95) and Kenya (AOR:0.81;95%CI:0.66-0.98). An increase in birth order was also

significantly associated with dropping out from the MNCH continuum in the DRC and Kenya.

The study also found that women who experienced big problems with access to money for
medication  (AOR:1.23;95%CI:1.03-1.46) and travel distance for medication
(AOR:1.25;95%CIl:1.02-1.52) had significantly increased odds of dropping out from the
MNCH continuum in Kenya. Women belonging to large households also had significantly
higher odds of dropping out from the MNCH continuum in Kenya (AOR:1.45;95%ClI:1.22-
1.72). It was also observed that women from poor-income and middle-income households had
significantly increased odds of dropping out from the MNCH continuum in Kenya and

Tanzania.
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Table 6.2: Factors associated with the drop out from the MNCH continuum in the DRC, Kenya and Tanzania
DRC Kenya Tanzania
*n(%) Univariate Adjusted *n(%) Univariate Adjusted *n(%) Univariate Adjusted
OR(95%CIl) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CI) OR(95%CIl)
Place of residence
Urban 2,633(85.4)) | Reference Reference 1,599(61.8) | Reference Reference 1,836(91.6) | Reference Reference
Rural 5,213(94.1) | 2.73(2.20-3.39)** | 1.76(1.30-2.38)** | 3,033(79.4) | 2.39(2.04-2.79)** | 1.23(1.03-1.47)** | 4,532(97.2) | 3.17(2.39-4.19)** | 1.41(1.01-1.97)**
Maternal age-group
Young women (15-24 | 2,396(91.9) | Reference Reference 1,378(74.6) | Reference Reference 2,084(95.8) | Reference Reference
years)
Older women (25-49 | 5,450(90.6) | 0.85(0.67-1.07) 0.74(0.57-0.95)** | 3,212(71.5) | 0.86(0.721-1.01) | 0.81(0.66-0.98)** | 4,282(95.4) | 0.90(0.67-1.22) 0.89(0.66-1.20)
years)
Relationship status
Has current partner 6,672(91.2) | Reference Reference 3,761(72.6) | Reference Reference 5,218(95.3) | Reference Reference
No current partner 1,172(90.5) | 0.94(0.70-1.25) 1.05(0.76-1.45) 831(71.6) 0.95(0.78-1.16) 0.98(0.78-1.23) 1,240(96.4) | 1.30(0.89-1.90) 1.50(0.97-2.32)
Maternal education
Secondary and above | 4,620(86.0) | Reference Reference 1,400(79.7) | Reference Reference 987(90.3) Reference Reference
Primary and below 3,225(95.0) | 3.03(2.44-3.75)** | 2.16(1.67-2.79)** | 3,192(59.9) | 2.63(2.25-3.09)** | 1.56(1.30-1.84)** | 5,381(96.6) | 3.02(2.24-4.10)** | 1.70(1.24-2.34)**
Birth order
One 3,5650(88.0) | Reference Reference 3,002(68.3) | Reference Reference 4,006(94.7) | Reference Reference
Two 3,446(92.9) | 1.64(1.31-2.05)** | 1.51(1.19-1.90)** | 1,365(80.7) | 1.94(1.62-2.33)** | 1.38(1.14-1.68)** | 2,056(97.0) | 1.81(1.30-2.53)** | 1.34(0.94-1.91)
Three or more 850(93.1) 1.66(1.14-2.52)** | 1.59(1.06-2.37)** | 226(86.2) 2.90(1.82-4.62)** | 1.72(1.06-2.79)** | 307(97.5) 2.21(0.88-5.57) 1.37(0.55-3.40)
Exposure to
mass media
Yes 926(83.1) Reference Reference 3,491(69.2) | Reference Reference 4,215(94.4) | Reference Reference
No 6,908(92.2) | 2.39(1.85-3.08)** | 1.49(1.15-1.95)** | 1,101(85.0) | 2.52(2.08-3.06)** | 1.46(1.19-1.80)** | 2,153(97.8) | 2.64(1.85-3.79)** | 1.65(1.13-2.40)**
Access to money
for medication
No big problem 2,271(88.4) | Reference Reference 3,299(69.2) | Reference Reference 2,992(94.2) | Reference Reference
Big problem 5,573(92.1) | 1.53(1.23-1.89)** | 1.18(0.94-1.46) 1,291(82.1) | 1.92(1.64-2.24)** | 1.23(1.03-1.46)** | 3,376(96.7) | 1.79(1.35-2.39)** | 1.24(0.90-1.71)
Travel distance
for medication
No big problem 4,722(90.3) | Reference Reference 2,612(67.5) | Reference Reference 3,467(94.8) | Reference Reference
Big problem 3,121(92.0) | 1.24(0.99-1.55) 0.92(0.73-1.15) 1,978(79.9) | 2.04(1.71-2.44)** | 1.25(1.02-1.52)** | 2,902(96.4) | 1.49(1.10-2.01)** | 0.99(0.70-1.41)
Household head
Male 6,268(90.9) | Reference Reference 3,153(72.1) | Reference Reference 5,180(95.4) | Reference Reference
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Female 1,578(91.4) | 1.06(0.82-1.37) 1.09(0.82-1.45) 1,439(73.0) | 1.05(0.89-1.23) 0.96(0.80-1.15) 1,189(96.0) | 1.16(0.81-1.67) 1.06(0.0.72-1.56)
Household size

4 or less 1,839(91.0) | Reference Reference 1,673(64.0) | Reference Reference 1,693(93.9) | Reference Reference

5 or more 6,007(91.0) | 1.00(0.78-1.29) 1.05(0.79-1.40) 2,919(78.3) | 2.03(1.74-2.37)** | 1.45(1.22-1.72)** | 4,675(96.1) | 1.60(1.20-2.15)** | 1.18(0.86-1.61)
Household wealth

Rich 3,198(94.3) | Reference Reference 1,663(59.7) | Reference Reference 2,422(91.9) | Reference Reference

Middle 1,597(92.6) | 1.88(1.37-1.59)** | 1.05(0.76-1.44) 910(77.1) 2.27(1.85-2.78)** | 1.49(1.20-1.86)** | 1,219(96.9) | 2.74(1.86-4.03)** | 1.67(1.07-2.60)**
Poor 3,051(87.0) | 2.48(1.94-3.18)** | 0.94(0.66-1.35) 2,019(84.9) | 3.78(3.18-4.48)** | 1.89(1.53-2.33)** | 2,728(98.4) | 5.44(3.78-7.83)** | 2.89(1.84-4.54)**

*n% is weighted counts and proportions** is a significant p-value<.05
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6.2.3 Predictive modelling

Among all the Machine Learning prediction models, the Random Forest had better prediction
performance based on the model prediction accuracies. The model performed at an accuracy
of 75.7% implying that among the 30,404 instances (after using K-means SMOTE), the model
correctly classified 23,016 instances. Of the total 23,016 instances, the model had Precision of
79.7%, Recall of 92.1%, Specificity of 51.6%, and an F1 score of 85.1% (Table 6.3). The
AUROC was 70% (Figure 6.2). Household wealth, place of residence, maternal education and
exposure to mass media were the top four most influential predictors of the drop out from the

MNCH continuum (Figure 6.3).

Table 6.3: Prediction analysis of the drop out from the MNCH continuum using
combined DHS surveys data for the DRC, Kenya and Tanzania (2013-2016)

Algorithm Accuracy Precision Recall Specificity | F score
Logistic regression | 74.3 77.2 92.2 53.5 84.0
Random Forest 75.7 79.7 92.1 51.6 85.1
Decision tree 75.2 78.6 92.0 51.6 84.8
Support Vector | 75.3 78.8 91.9 51.0 84.8
Machine

Artificial  Neural | 75.4 78.5 92.3 53.3 84.8
Network
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6.3 Discussion

The present study illustrated the determinants of the drop out from the MNCH continuum and
developed Machine Learning models to forecast the drop out from the MNCH continuum using
nationally representative DHS survey data from three sub-Saharan African countries including
the DRC, Kenya, and Tanzania. The study findings showed that most women dropped out from
the continuum of MNCH across the three countries. The prevalence of the drop out from the
MNCH continuum was 91.0% in the DRC, 72.4% in Kenya and 93.6% in Tanzania. The largest
gap and contributor to the high drop out from CoC was observed at PNC. The prevalence of
the drop out from the MNCH continuum in the present study was consistent with other studies
(7, 202). The high drop out in the MNCH continuum poses a higher risk of maternal and
neonatal morbidity and mortality to many women and children due to missed opportunities for

interventions in the CoC (197).

The study found that rural dwellers were significantly more likely to drop out from the MNCH
continuum in the DRC, Kenya and Tanzania. These findings have been reported in other
studies, where rural women were less likely to complete the CoC (7, 28, 203). These results
are consistent with the view that rural women may encounter higher obstacles to obtaining
maternal healthcare than urban women due to constrictive cultural norms, long travel distances,
unaffordability of medicine, and the burden of caring for larger families (7, 197). Additionally,
our analysis indicated that dropping out of the MNCH continuum, particularly in Kenya was
linked with unaffordable medicine, long travel distances, and larger households. These factors
may represent potential obstacles for rural Kenyan women'’s retention in the CoC (204, 205).
Scaling up community education programs and developing policies that improve access to
health facilities and supply and affordability of drugs could improve the retention of rural

women in the continuum of MNCH (206).
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The study revealed that low maternal education attainment was a positive predictor of dropping
out from the MNCH continuum in the DRC, Kenya and Tanzania. Previous studies support our
findings, the studies found that less educated women were more likely to be retained in
maternity care (7, 31). Better education is believed to be an essential factor in creating better
awareness and increasing knowledge of the importance of MNCH. Thus, government policies
that promote female education and community interventions such as media campaigns would
increase the awareness of women on the importance of the continuum of MNCH (93). The role
of mass media was also evident in determining retention in MNCH as cited in previous
research (178). Women who were not exposed to mass media were more likely to drop out of
the MNCH continuum in the three countries. These results demonstrate the crucial role of the
media in promoting and raising awareness about the continuation of MNCH. Thus,
governments and other non-governmental organisations should invest continuously in the
design and implementation of MNCH services utilisation educational programs through mass

media channels to increase the use of these services (178).

The study also found that older women in the DRC and Kenya were less likely to drop out from
the continuum of MNCH. However, there is a lack of consensus on the influence of the
mother’s age on maternal health utilisation (28, 207, 208). Our findings are similar to a
previous study in Ghana which found that older women were less likely to drop out from
maternal healthcare (207). This could be the reason that older women aged 25-49 years have
gathered immense knowledge on the need to utilise maternal healthcare, which may positively

influence their use of these services.
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Higher birth order was positively associated with drop out from the MNCH in the DRC and
Kenya. These findings corroborate results from other studies (7, 28). Possibly high parity
women place high value on lower pregnancies because of experience in pregnancy and
childbirth (209, 210). The retention of multigravida women in the continuum of MNCH could

be enhanced by expanding community education programs through mass media campaigns.

Women in poorer households were more likely to drop out from the continuum of MNCH in
Kenya and Tanzania. These findings were consistent with other studies in Kenya and elsewhere
(28, 211, 212). Although MNCH services are being provided for free in Kenya and Tanzania,
other factors, such as inadequate healthcare provision and transportation costs, may act as
impediments to the complete utilisation of the MNCH continuum among the poor (212-215).
The indirect costs for transportation, medication, and healthcare-related services might have
contributed to the differences observed in the drop out from the CoC among the poor and rich
women (212-215). A multi-pronged approach to addressing barriers to accessing care among
the poor is required, taking into account other potential barriers such as travel costs to health

facilities and a lack of staff or medication. (214).

Regarding the Machine Learning predictive analysis, this study showed that Machine Learning
methods predict the drop out from the MNCH continuum better than the conventional logistic
regression method. The Machine Learning model performance results showed that the logistic
regression model had the lowest prediction accuracy compared to the other ML classification
models. This result is not surprising, since Machine Learning methods are documented to
outperform conventional logistic methods in several fields of medicine (34, 200). Our results
also showed the Random Forest had the highest prediction accuracy compared to the rest of
the models. These results showed that the Random Forest is the most suitable algorithm in this
study to accurately predict the drop out from the MNCH continuum. The Random Forest is a

commonly used Machine Learning model which combines the output of multiple decision trees
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to reach a single result. It is easily interpretable and flexible as compared to other Machine

Learning algorithms such as Artificial Neural Network and Support Vector Machine (35).

Using the Random Forest, the study further ranked the most important predictors associated
with the drop out from the MNCH continuum. Household wealth, place of residence, maternal
education and exposure to mass media were the top four important predictors. The use of
Machine Learning analysis can be valuable in identifying the most influential predictors for
targeted interventions. This information can accelerate the improvement of the utilisation of
the MNCH continuum in the SDG era, as it provides public health programmers and
policymakers with cost-effective interventions for time and resource management (216). Rapid
response mechanisms such as web-based applications can also be developed by applying
Machine Learning. For instance, web-based applications can be used to assess the probability
of a pregnant woman and unborn child dropping out from the CoC based on the mother’s
characteristics (34, 217). This allows for the provision of targeted interventions to pregnant
women at high risk of discontinuing care in real-time and improves retention in the MNCH

continuum (34, 217).

6.3.1 Strengths and Limitations

The study analysed factors contributing to the drop out from the MNCH continuum among
several countries in the SSA. Thus, highlighting the common driving factors which should be
considered when designing policies and interventions aimed at improving retention in the
MNCH continuum. The study also developed Machine Learning models to forecast the drop
out from the MNCH continuum, which is computationally strong when handling big data and
can be used to classify certain hidden information that could not be detected by conventional
statistical methods. However, the study is subject to several limitations. The main components

of MNCH rely on the women’s self-report which are subject to recall bias. Another possible
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limitation is that additional features that could have contributed to the prediction output were
not present. This includes information that was not collected in the surveys such as health
service provision features (quality of care and availability of drugs and equipment). The
Machine Learning method is also novel in the SSA, we did not have enough evidence to
compare the findings on the prediction of the drop out from MNCH continuum with other
countries in SSA. The Machine Learning analysis did not account for survey design. This is
because most Machine Learning methods were built for predictions and not ascertaining
relationships. However, significant factors/features from the multivariable logistic regressions
models with survey design correction were used in the Machine Learning predictions. Finally,
it is important to state that both Conventional and Machine Learning techniques should be
embraced as each method come with its own strengths which should be taken advantage of

depending on the problem to be solved.

6.4 Conclusions

The prevalence of drop out from the MNCH continuum was 91.0% in the DRC, 72.3% in
Kenya and 93.6% in Tanzania. The greatest contributor to the drop out from the continuum of
MNCH was between delivery and the postpartum period. Place of residence, maternal
education and exposure to mass media were common contributing factors associated with drop
out from the MNCH continuum in the DRC, Kenya and Tanzania. Among the developed
Machine Learning models, the Random Forest had better prediction accuracy. The top four
predictors with the greatest influence were household wealth, place of residence, maternal
education and exposure to mass media. The results of these findings can help inform evidence-
based decisions in MNCH interventions and can also be used to assist in developing web-based
applications that help public health practitioners take preventative action to retain more

mothers and children in CoC.
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6.5 Chapter Summary

Receiving the full package of antenatal, intrapartum, and postnatal care is necessary for the
mother/child’s optimal health. However, the drop out from the MNCH continuum remains a
challenge in SSA. Few studies have assessed the drop out/full utilisation of the MNCH
continuum. Using Machine Learning methods, this study sought to predict the MNCH
continuum drop out and determine important predictors in three sub-Saharan African countries:
the DRC, Kenya and Tanzania. The MNCH continuum dropout rate is very high in the DRC,
Kenya and Tanzania. Maternal education, place of residence, and mass media exposure were
common predictors of the drop out from MNCH continuum. Among the Machine Learning
models, the Random Forest exhibited more accurate predictions of dropping out of the MNCH
continuum. Household wealth, place of residence, maternal education and exposure to mass
media were the top four predictors with significant influence. The findings of this study can be
used in supporting evidence-based decisions in MNCH interventions and developing web-

based services to improve retention of mothers and children in MNCH.
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Mediation role of maternal, newborn and child healthcare services utilisation on neonatal
mortality in three sub-Saharan African countries: A generalized structural equation

modelling approach.
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Abstract

Background: Utilisation of maternal and newborn healthcare (MNCH) services has a bearing
on neonatal health outcomes. An understanding of the interrelated pathways between MNCH
services utilisation and neonatal health outcomes is crucial for more effective targeted
interventions. Thus, this study sought to describe the mediation role of MNCH services

utilisation on neonatal mortality in three sub-Saharan African countries.

Methods: This was a secondary analysis using cross-sectional Demographic Health Survey
(DHS) data from the Democratic Republic of Congo (DRC) (2013/14), Kenya (2014) and
Tanzania (2015/16) among women of reproductive age. The five interrelated (endogenous)
outcomes were antenatal care (ANC) attendance, skilled birth attendance (SBA) and postnatal
care (PNC) attendance, low birth weight and newborn mortality. Generalized Structural
Equation Modelling (GSEM) was used to describe the relationships and considered cluster

random effects.

Results: ANC attendance mediated the total effects of PNC attendance by 8.8% in Kenya and

5.5% in Tanzania. ANC attendance and SBA also sequentially mediated the total effects of
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PNC attendance on neonatal mortality by 1.9% in Kenya and 1.0% in Tanzania. ANC
attendance also mediated 2.2% of the total effects of LBW on neonatal mortality. In the DRC,
no presence of mediation was observed, however, ANC attendance moderated the relationship

between parity and neonatal mortality.

Conclusion: ANC attendance and SBA were identified as mediating factors of neonatal
mortality. The mediation role of MNCH services on neonatal mortality indicates critical areas
for intervention to reduce neonatal mortality. The findings highlighted the importance of
targeted interventions among pregnant women and women who just delivered to seek maternal
and child healthcare services from skilled health workers. Furthermore, low-cost interventions
for LBW such as health education and home care practices in low-income settings should be

strengthened.

Keywords; Maternal and Newborn Healthcare, Mediation, Neonatal mortality
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7.0 Introduction

According to the World Health Organization (WHO), neonatal mortality is defined as the death
of a child in the first month of life (128). The risk of a child’s death within the first month of
life is high and varies by region (160). A child born in Sub-Saharan Africa (SSA) is 9 times
more likely to die within the first month of life compared to a child born in a high-income
country (160). In 2017, SSA recorded the highest NMR at 27 deaths per 1000 live births,
followed by Southern Asia with 26 deaths per 1,000 live births. Current projections show that
many countries in SSA will fail to meet the SGD-3 goal of reducing the NMR to 12 deaths per
1,000 live births by 2030 and ending preventable neonatal mortality (2). In SSA, the DRC,
Kenya and Tanzania are ranked in the top six with the highest neonatal deaths. In 2017, NMRs
were estimated at 29 deaths per 1,000 births in 2017 in the DRC, and 21 deaths per 1,000 live

births which are above the SDG- 3 target of 12 deaths per 1,000 live births by 2030 (2).

On a global scale, the main causes of neonatal mortality are prematurity (28%), sepsis (26%)
and asphyxia/birth related hypoxia (23%) (17). In Africa neonatal deaths are mainly attributed
to infections including, sepsis/pneumonia, tetanus, and diarrhoea, preterm birth, asphyxia and
congenital defects (16, 218). However, most of the leading causes of neonatal deaths are
preventable and treatable (17, 218). Several research has indicated numerous factors
contributing to neonatal mortality (17, 50, 219-223). Factors found to be associated with
neonatal mortality in developing countries include maternal age, mother’s education, marital
status, father’s education, sex of the neonate, economic status, pregnancy complication, media
access, birth weight of the neonate, home delivery, mode of delivery, lack of preparedness of
families and care providers, harmful cultural practices, negative parental attitudes arising from
the social environment, inability to pay for care, lack of prenatal and postnatal care (17, 36, 50,

219-223) .
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An important aspect of preventing neonatal mortality is identifying modifiable factors linked
to neonatal deaths. The high burden of neonatal mortality in SSA has been linked to several
modifiable factors including ANC utilisation, SBA and PNC uptake (49, 220). However,
utilisation of MNCH services i.e. ANC, SBA and PNC remains suboptimal in SSA (10, 224).
Findings from a previous study found that optimal ANC utilisation i.e. attendance of four or
more ANC visits was 55.5% (26). Another study found that the pooled prevalence of SBA
was 63.9% (27) . PNC had been cited as the least utilised service in MNCH, with a prevalence
below 54% (11). Furthermore, low uptake of a service at a particular stage in Continuum of

Care (CoC) will have a negative impact on utilisation of subsequent services (65).

The associations between MNCH services utilisation and neonatal mortality have often been
determined using approaches that investigate direct associations rather than indirect
associations (17, 18, 36, 49, 225). In this study, we sought therefore to breach this gap by
exploring the mediation mechanisms of MNCH services utilisation on neonatal mortality. The
findings of our study can be utilized by health programmers, policymakers, and other
stakeholders to effectively shape policy formulation for the development of interventions that
aim to achieve the third SDG of 12 neonatal deaths per 1000 live births by 2030 (25).
Furthermore, our research findings can enhance the current body of knowledge, specifically in
comprehending the intricacies surrounding neonatal mortality and its associations with ANC,

SBA, and PNC utilisation.
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7.1 Methods

7.1.1 Study area and setting

The study utilised secondary data from DHS surveys in three sub-Saharan African countries
including the DRC (2013/14), Kenya (2014), and Tanzania (2015/16) (95, 96). The three
countries were selected for this study because they rank in the top six countries in SSA with

the highest number of neonatal deaths (14).

7.1.2 Data source design and sampling

The DHS surveys are nationally representative cross-sectional household surveys. The DHS
sample in the DRC, Kenya and Tanzania was stratified and selected in two stages. In the first
stage, EAs or clusters were selected with probabilities proportional to EA size. In the second
stage, households were selected per cluster with equal-probability systematic sampling. All
women (residents and visitors) aged 1549 years at a particular household were eligible to be
interviewed (142). A total of 8,940, 6,596 and 6,873 women from the DRC, Kenya and

Tanzania respectively were considered for the final analysis.

7.1.3 Inclusion and exclusion criteria

The study comprised women aged 15-49 years who had a live birth in the past 5 years preceding
each country ‘s DHS survey. Only women who reported on ANC, SBA and PNC were included
in the study. Only information related to the most recent birth was utilised to minimise

measurement and recall bias.
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7.1.4 Measurement and variables

Outcome and explanatory variables

Endogenous variables

The five endogenous variables were ANC attendance, coded as 1=low if ANC visits were less
than 4, O=high if otherwise, SBA, coded as 1=no if the mother was not attended by a skilled
worker at delivery, and O=yes if otherwise, PNC attendance, coded as 1=no if mother and child
did not have PNC within six weeks of delivery and O=yes if otherwise, LBW coded as 1=yes
if the newborn had birth weight less than 2,500g and 0=no if otherwise, neonate mortality coded

as 1=yes if neonate’s death was within the first month of life, and 0=no if otherwise.

Exogenous variables

The study developed a Conceptual framework adapted from the Socio-Ecological Model (1) to
select important predictors based on literature and describe potential pathways for interventions
to reduce neonatal mortality, Figure 7.1. The Socio-Ecological Model is a comprehensive
model of health that encompasses various levels of influence including individual, relationship,
social, organisational and public policy factors. The individual factors included maternal and
child characteristics such as maternal age (15-24 years, 25-49 years), maternal education
(primary and no education, secondary and tertiary), wanted last pregnancy (then, later, no
more), financial decision making (respondent, joint with husband/partner/husband,
partner/other, has no partner), mode of delivery (hormal, caesarean section), timing of ANC
(early if gestational age is less than 4 months, late if gestational age is 4 or more months),
employment in the past 12 months (no, yes) and child sex (male, female). Interpersonal factors
included has a male partner (yes, no). Community factors comprised exposure to mass media
(no, yes), household wealth (poor, middle, rich), household head (male, female), household

size (4 or less, 5 or more) and permission to seek medical help alone (no big problem, big
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problem). Organisational factors comprised place of delivery (facility, home), travel distance
to the health facility (no big problem, big problem), medical costs (no big problem, big
problem), health insurance cover (yes, no) and quality of ANC. Quality of ANC was
constructed using items on routine ANC services including measurement of weight, height and
blood pressure, and collection of urine and blood samples. The items on routine ANC services
were coded as binary responses (1=yes if the service was received and 0=no if otherwise).
Women who scored >75% of the total score were classified as having received high quality of

ANC, and low quality of ANC if otherwise.

Individual factors
Child-related-child sex

Mother-related-mother’s age, I '
mother’s education, employment, Interpersonal factors
Partner-related-has male

parity, lack of autonomy in
partner

financial decisions, pregnancy

intention, timing of ANC, Endogenous variables
exposure to mass media and low ANC attendance,
mode of delivery. SBA and I;ljgcw‘rjptake and

Organisational factors
Communit!.' factors Health insurance cover,
place of residence, Endogenous variable distance to the health
household head, household Neonatal mortality facility, medical costs

wealth, household size and \ place of delivery and
seeking medical help alone :

quality of ANC

Figure 7.1: A conceptual framework for the mediation role of MNCH services utilisation on neonatal
mortality [adapted from the Socio-Ecological Model (1)].

7.1.5 Data analysis

Data was analysed using Stata version 17. All analysis considered the survey design by
accounting for clustering, survey weights and stratification using the svyset command. A
descriptive summary of the participants’ characteristics was done using Pearson’s chi square
test. To examine the MNCH services utilisation and newborn mortality pathways, several
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analysis steps were applied. Multivariate analysis with all covariates were performed to identify
the variables that would significantly affect outcomes (endogenous variables) of interest in the
adjusted models. The results were reported in terms of ORs and 95% CI. The level of

significance was determined at 5%.

The analysis ran GSEM using explanatory variables that were significant in the multivariable
logistic regression analysis. GSEM evaluates potential causal relationships with the “structural
model” and considers both direct and indirect effects of multiple interacting factors. In GSEM,
it is possible to construct a model with both continuous and discrete variables grouped together
in the same latent construct (130). Therefore, GSEM was with binomial logit link function
(130) was used to test for the mediation role of MNCH services utilisation on newborn
mortality. The GSEM analysis accounted for survey weights and incorporated random effects
at cluster level. The random effects show the variation of each cluster/community on neonatal
mortality. The Akaike Information Criteria (AIC) and Bayesian Information Criteria (BIC)
were used to assess if adding paths in the GSEM model improved the model and whether the
final selected model fit with random effects at the cluster level had a better fit than the model
without random effects. A model with a lower BIC was considered a model with the best fit

(132).

The mediation analysis was performed using Stata ‘gsem’ command. A mediator is a variable
that explains the relationship between an outcome and explanatory variable. Mediation can be
partial or complete mediation (133, 134). Complete mediation is present when the exposure
variable no longer influences the outcome variable after the mediator has been controlled (133,
134). Partial mediation occurs when the explanatory variable’s influence on the outcome
variable is reduced after the mediator is controlled (133, 134). Mediators can also be classified

as single and sequential. A single mediator refers to when there is only one variable in the
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causal pathway between exposure and outcome variable. Multiple mediators are considered
when more than one mediator variables operate jointly at the same stage in a causal model
(135). Thus, there will be several indirect effects linking the exposure variable to the outcome

variable.

Stata ‘nlcom’ command was used to estimate the direct, indirect, and total effects of late ANC
initiation on underweight. The indirect effects were estimated using the product of the

coefficients test. Stata nlcom’ command was used to estimate the direct, indirect and total

effects.

7.2 Results

7.2.1 Characteristics of study participants

Table 7.1 presents the characteristics of study participants in the DRC (8,940), Kenya (6,596)
and Tanzania (6,873). A greater proportion of the women lived in the rural areas in the DRC
(64.3%), Kenya (60.1%) and Tanzania (69.7%). Majority of the women were aged between
25-49 years in the DRC (69.4%), Kenya (70.8%) and Tanzania (67.3%). A greater proportion
of the women in the DRC (56.6%), Kenya (63.1%) and Tanzania (83.6%) had primary or no
education. Women of three or more parity were 11% in the DRC (10.8%), 4% in Kenya (4.2%)
and 5% in Tanzania (4.7%). The proportion of female newborns was 50% in the DRC (50.2%),
49% in Kenya (48.7%) and Tanzania (48.6%). Women with unwanted last pregnancies were
in 6% in the DRC (6.0%), 12% in Kenya (11.7%) and 5% in Tanzania (4.7%). Unemployed
women in the past 12 months were about 20% in the DRC (20.3%), 28% in Kenya (28.4%)

and 16% in Kenya (16.2%).

Women without male partners were 15% in the DRC (15.3%), 18% in Kenya (18.3%) and 20%
in Tanzania (19.7%). Most of the households were led by males in the DRC (79.7%), Kenya

(69.0%) and Tanzania (81.3%). Women from poor-wealth households were 39% in the DRC
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(39.3%), 38% in Kenya (37.5%) and 42% in Tanzania (41.2%). Majority of the women lived
in households of 5 or more members in the DRC (75.9), Kenya (58.3) and Tanzania (72.4).
Women with no media access were 54% in the DRC (54.2%), 14% in Kenya (14.0%) and 17%
in Tanzania (17.1%). Women with husbands/partners/others who made financial decisions for

them were 35% in the DRC (35.1%), 36% in Kenya (35.6%) and 33% Tanzania (33.3%).

Women who had big problems with seeking medical help alone in the DRC were about 33%
in the DRC (33.0%), 6% in Kenya (6.2%) and 14% in Tanzania (13.9%). About 39% of the
women in the DRC (39.2%), 25% in Kenya (24.9%) and 45% in Tanzania (45.1%) had big
problems with travel distance to health facilities. Nearly 70% of the women in the DRC
(70.4%), 39% in Kenya (39.1%) and 52% in Tanzania (52.3%) had big problems with medical
costs. A greater proportion of women in the DRC (95.9%), Kenya (81.9%) and Tanzania
(92.3%) did not have health insurance cover. Women who initiated ANC late were 61% in the
DRC (60.5%), 58% in Kenya (58.2%) and 50% in Tanzania (49.6%). Nearly 47% of women
in the DRC (46.8%), 39% in Kenya (39.4%) and 48% in Tanzania (47.9%) had low ANC

attendance.

The proportion of women who received low quality ANC were 48% in the DRC (47.5%), 42%
in Kenya (42.0%) and 47% in Tanzania (47.2%). A greater proportion of women in the DRC
(89.3%), Kenya (84.5%) and Tanzania (66.3%) had no skilled attendance at delivery. About
12% of women in the DRC (12.0%), 30% in Kenya (30.4%) and 31% in Tanzania (31.1%)
delivered at home. Nearly 6% of the women in the DRC (6.3%), 10% in Kenya (9.5%) and
7% in Tanzania (7.0%) delivered by caesarean section. A greater proportion of women and
their children in the DRC (84.6%), Kenya (53.8%) and Tanzania (79.1%) did not utilise PNC.
Newborns with low birth weight were 6% in the DRC (6.4%), 7% in Kenya (6.9%) and 6% in
Tanzania (6.2%). Neonatal mortality was 2% in the DRC (2.1%), 1% in Kenya (1.4%) and 2%
in Tanzania (1.8%).
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Table 7.1: Characteristics of study participants in the DRC, Kenya and Tanzania

DRC Kenya Tanzania
N(8,940) N(6,596) N(6,873)
* n(%) *n(%) *n(%)

Place of residence
Urban 3,212(35.7) 2,602(39.9) 2,083(30.3)
Rural 5,788(64.3) 3,910(60.1) 4,798(69.7)
Maternal age
Young women (18-24 years) 2,756(30.6) 1,901(29.2) 2,249(32.7)
Older women (25-49 years) 6,244(69.4) 4,612(70.8) 4,632(67.3)
Maternal education
Primary and below 5,086(56.6) 4,109(63.1) 5,754(83.6)
Secondary and above 3,914(43.5) 2,402(36.9) 1,127(16.4)
Employment in the past 12 months
No 1,824(20.3) 1,851(28.4) 1,111(16.2)
Yes 7,175(79.7) 4,659(71.6) 5,770(83.8)
Parity
One 4,188(46.5) 4,495(69.0) 4,380(63.7)
Two 3,842(42.7) 1,744(26.8) 2,176(31.6)
Three or more 971(10.8) 273(4.2) 325(4.7)
Child sex
Male 4,482(49.8) 3,338(51.3) 3,536(51.4)
Female 4,518(50.2) 3,175(48.7) 3,345(48.6)
Wanted last pregnancy
Then 6,028(67.0) 3,933(60.4) 4,558(66.3)
Late 2,425(27.0) 1,818(27.9) 1,983(28.8)
No more 546(6.0) 761(11.7) 340(4.9)
Has a male partner
No 1,379(15.3) 1,194(18.3) 1,354(19.7)
Yes 7,621(84.7) 5,320(81.7) 5,592(80.3)
Household head
Male 7,174(79.7) 4,491(69.0) 5,592(81.3)
Female 1,826(20.3) 2,023(31.0) 1,289(18.7)
Household wealth
Poor 3,533(39.3) 2,443(37.5) 2,837(41.2)
Middle 1,821(20.2) 1,218(18.7) 1,316(19.1)
Rich 3,646(40.5) 2,850(43.8) 2,727(39.7)
Household size
4or less 2,172(24.1) 3,714(41.7) 1,898(27.6)
5 or more 6,828(75.9) 3,800(58.3) 4,983(72.4)
Exposure to mass media
No 4,874(54.2) 914(14.0) 1,175(17.1)
Yes 4,126(45.8) 5,597(86.0) 5,705(82.9)
Financial decisions
Respondent alone 687(7.7) 441(6.9) 242(3.5)
Joint with hushand/partner 3,692(41.6) 2,494(38.9) 2,971(43.4)
Husband/partner/other 3,199(35.1) 2,280(35.6) 2,278(33.3)
Has no partner 1,379(15.6) 1,194(18.6) 1,354(19.8)
Seeking medical help alone
No big problem 6,028(67.0) 6,106(93.8) 5,921(86.1)
Big problem 2,967(33.0) 403(6.2) 960(13.9)
Travel distance to the health facility
No big problem 5,471(60.8) 4,892(75.1) 3,776(54.9)
Big problem 3,524(39.2) 1,619(24.9) 3,105(45.1)

Medical costs
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No hig problem 2,667(29.6) 3,963(60.9) 3,283(47.7)
Big Problem 6,330(70.4) 2,548(39.1) 3,598(52.3)
Health insurance cover

No 8,632(95.9) 5,336(81.9) 6,351(92.3)
Yes 368(4.1) 1,176(18.1) 530(7.7)
Timing of ANC

Early 3,557(39.5) 2,723(41.8) 3,470(50.4)
Late 5,443(60.5) 3,790(58.2) 3,410(49.6)
ANC attendance

High 4,191(46.8) 2,545(39.2) 3,283(47.9)
Low 4,765(53.2) 3,946(60.8) 3,565(52.1)
Quality of ANC

Low 4,278(47.5) 3,775(58.0) 3,251(47.2)
High 4,723(52.5) 2,738(42.0) 3,630(52.8)
SBA

Yes 8034(89.3) 5,502(84.5) 4,564(66.3)
No 967(10.7) 1,009(15.5) 2,316(33.7)
Place of delivery

Facility 7,920(12.0) 4,530(69.6) 4,742(68.9)
Home 1,080(88.0) 1,981(30.4) 2,139(31.1)
Mode of delivery

Normal 8,424(93.7) 5,886(90.5) 6,401(93.0)
Caesarean section 566(6.3) 620(9.5) 480(7.0)
PNC attendance

Yes 1,381(15.4) 3,007(46.2) 5,442(20.9)
No 7,619(84.6) 3,506(53.8 1,439(79.1)
Low birth weight

No 6,942(93.6) 4438(93.1) 4422(93.8)
Yes 474(6.4) 329(6.9) 293(6.2)
Neonatal mortality

No 8,812(97.9) 6,422(98.6) 6,759(98.2)
Yes 189(2.1) 92(1.4) 122(1.8)

7.2.2 The interrelationships between MNCH services and neonatal mortality

Table 7.2 indicates the details of the interrelationships between MNCH services utilisation and
neonatal mortality in the DRC. The predictors of low ANC attendance were timing of ANC,
place of residence, maternal education, birth order, medical costs, seeking medical help alone
and quality of ANC. Women who initiated ANC late (aOR =6.59, 95% CI 5.18-8.39), had
primary or no education (aOR =1.49, 95% CI 1.18-1.88), lived in the rural areas (aOR =1.48,
95% CI 1.15-1.90), had parity of two (aOR =1.24, 95% CI 1.08-1.43) and three or more (aOR
=1.40, 95% CI 1.14-1.70) were significantly associated with low ANC attendance. Women

who faced big problems of medical costs (aOR =1.33, 95% CI 1.11-1.60) and seeking medical
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help alone (aOR =1.28, 95% CI 1.08-1.52), and received low quality of ANC (aOR =1.38,

95% CI 1.06-1.79) were also significantly more likely to have low ANC attendance.
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Table 7.2: Analysis of the interrelationships between MNCH services utilisation and neonatal mortality using GSEM in the DRC

Low ANC
attendance
OR (95% CI)

SBA
OR (95% ClI)

PNC attendance
OR (95% CI)

LBW
OR (95% ClI)

Neonatal mortality
OR (95% CI)

Timing of ANC

Early

a

Late

6.59(5.18-8.39)

Place of residence

Urban

a

a

Rural

1.48(1.15-1.90)

2.27(1.38-3.75)

Maternal education

Secondary and above

a

a

Primary and below

1.49(1.18-1.88)

1.74(1.36-2.24)

Household wealth

Rich a
Middle - 2.40(1.55-3.71) - - -
Poor - 3.40(2.16-5.35) - - -

Has male partner

No

a

Yes

0.72(0.52-0.99)

Parity

One

a

a

Two

1.24(1.08-1.43)

0.88(0.53-1.45)

Three or more

1.40(1.14-1.70)

2.60(1.45-4.66)

Exposure to mass media

Yes
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No

1.35(1.06-1.71)

Quality of ANC

High

a

a

a

Low

1.38(1.06-1.79)

1.54(1.12-2.11)

1.80(1.38-2.34)

Health insurance cover

Yes

a

a

No

3.10(1.06-9.04)

1.61(1.06-2.46)

Medical costs

No problem

a

a

Big problem

1.33(1.11-1.60)

1.47(1.08-2.01)

Travel distance to the health
facility

No problem

a

Big problem

1.52(1.11-2.08)

Seeking medical help alone

No big problem

a

a

Big problem

1.28(1.08-1.52)

1.38(1.01-1.91)

Low ANC attendance

Four or more

a

less than four

1.55(1.22-1.97)

Place of delivery

Facility

a

Home

2.29(1.48-3.54)

Mode of delivery

Normal

a

Caesarean section

0.63(0.46-0.85)

LBW

Yes

a

No

3.08(1.67-5.69)
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The predictors of SBA were place of residence, household wealth, exposure to mass media,
quality of ANC, health insurance cover, travel distance to health facilities, seeking medical
help alone and low ANC attendance. The odds of not having SBA were significantly higher
among women who lived in the rural areas (aOR =2.27, 95% CI 1.38-3.75), had middle (aOR
=2.40, 95% CI 1.55-3.71) and poor household wealth (aOR =3.40, 95% CI 2.16-5.35), had
no access to mass media (aOR =1.35, 95% CI 1.06-1.71) and had no health insurance cover
(aOR =3.10, 95% CI 1.06-9.04). The odds of not having SBA were also significantly higher
among women who had big problems of travel distance to the health facility (aOR =1.52, 95%
Cl 1.11-2.08) and seeking medical help alone (aOR =1.38, 95% CI 1.01-1.91), had low ANC
attendance (aOR =1.55, 95% CI 1.22-1.97) and received low quality of ANC (aOR =1.54,

95% Cl 1.12-2.11).

The predictors of PNC attendance were maternal education, quality of ANC, health insurance
cover, mode of delivery and place of delivery. The odds of not attending PNC were
significantly higher among women who had primary or no education (aOR =1.74, 95% ClI
1.36-2.24), low quality of ANC (aOR =1.80, 95% CI 1.38-2.34), had no health insurance cover
(@aOR =1.61, 95% CI 1.06-2.46) and delivered at home (aOR =2.29, 95% CI 1.38-2.34).
However, women who delivered by caesarean section (aOR =0.63, 95% CI 0.46-0.85) had

significantly lower odds of not attending PNC.

The predictors of low birth weight were medicals costs and relationship status. Women with
big problems of medical costs (aOR =1.47, 95% CI 1.08-2.01) were significantly more likely
to have LBW newborns, while women with male partners (aOR =0.72, 95% CI 0.52-0.99)
were significantly less likely to have LBW newborns. The predictors of neonatal mortality were

LBW and birth order. The odds of neonatal mortality were significantly higher among LBW
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new-borns (aOR =3.08, 95% CI 1.67-5.69) and women of parity of three or more (aOR =2.60,

95% CI 1.45-4.66).

Table 7.3 indicates the details of the interrelationships between MNCH services utilisation and
neonatal mortality in Kenya. The predictors of low ANC attendance were timing of ANC,
maternal education, parity, household wealth, seeking medical help alone, health insurance
cover and quality of ANC. The odds of low ANC attendance were significantly higher among
women who initiated ANC late (aOR =12.29, 95% CI 10.30-14.66), had primary or no
education (aOR =1.37, 95% CI 1.09-1.73), had parity of two (aOR =1.39, 95% CIl 1.19-1.64)
and three or more (aOR =1.82, 95% CI 1.28-2.59), had middle (aOR =1.46, 95% CI 1.16-
1.85) and poor (aOR =1.48, 95% CI 1.22-1.80) household wealth, had big problems of seeking
medical help alone (aOR =1.34, 95% CI 1.04-1.72), had no health insurance cover (aOR =1.38,

95% CI 1.08-1.76) and received low quality of ANC (aOR =1.32, 95% CI 1.12-1.56).

The predictors of SBA were place of residence, household wealth, household size, maternal
age, quality of ANC, health insurance cover and low ANC attendance. The odds of not having
SBA was significantly higher among women who lived in the rural areas (aOR =1.45, 95% CI
1.13-1.98), had middle (aOR =2.21, 95% CI 1.54-3.18) and poor household wealth (aOR
=3.88, 95% ClI 2.88-5.22), lived in households with 5 or more members ((aOR =1.49, 95% CI
1.21-1.84), aged 25-49 years (aOR =1.60, 95% CI 1.32-1.93), had no health insurance cover
(@aOR =2.07, 95% CI 1.44-2.97), had low ANC attendance (aOR =1.51, 95% CI 1.28-1.77)

and received low quality of ANC (aOR =1.31, 95% CI 1.08-1.59).

120| Page



Table 7.3: Analysis of the interrelationships between MNCH services utilisation and neonatal mortality using GSEM in Kenya

Low ANC attendance
OR (95% CI)

SBA
OR (95% ClI)

PNC attendance
OR (95% CI)

LBW
OR (95% ClI)

Neonatal mortality
OR (95% CI)

Timing of ANC

Early

a

Late

12.29(10.30-14.66)

Place of residence

Urban

a

Rural

1.53(1.18-1.97)

Maternal education

Secondary and above

a

Primary and below

1.37(1.09-1.73)

Maternal age

15-24 years

a

25-49 years

1.76(1.46-2.13)

Household wealth

Rich

a

a

Middle

1.46(1.16-1.85)

2.30(1.59-3.33)

Poor

1.48(1.22-1.80)

4.04(2.99-5.48)

Household size

4 or less

a

5 or more

1.49(1.21-1.84)

Employed in the past year

Yes

a

No

1.50(1.27-1.76)

Parity

One

a

a

Two

1.39(1.19-1.64)

1.20(0.83-1.76)

Three or more

1.82(1.28-2.59)

2.03(1.09-3.80)

Exposure to mass media

Yes
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No

1.30(1.08-1.58)

Quality of ANC

High

a

a

a

Low

1.32(1.22-1.56)

1.32(1.09-1.61)

1.23(1.06-1.43)

Health insurance cover

Yes

a

a

No

1.38(1.08-1.76)

1.35(1.11-1.65)

Medical costs

No problem

a

Big problem

1.23(1.06-1.43)

Seeking medical help alone

No big problem

a

a

a

Big problem

1.34(1.04-1.72)

2.50(1.27-1.76)

3.45(1.40-8.53)

Low ANC attendance

Yes

a

a

No

1.53(1.30-1.80)

1.24(1.07-1.44)

Place of delivery

Facility

a

Home

3.10(3.00-3.69)

Mode of Delivery

Normal

a

Caesarean section

0.52(0.39-0.70)

SBA

Yes

a

No

1.86(1.46-2.37)

LBW

No

a

Yes

2.280(0.99-5.25)

Child sex

Male

a

Female

1.43(1.07-1.92)

OR-0Odds Ratio, * p < 0.05, %reference category, dash (—) denotes variables not considered for the particular outcome
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The predictors of PNC attendance were employment status, exposure to mass media, health
insurance cover, ANC attendance, quality of ANC, medical costs, seeking medical help alone,
SBA, place of delivery, health insurance cover, place of delivery and mode of delivery. The
odds of not attending PNC were significantly higher among women who were unemployed
(aOR =1.50, 95% CI 1.27-1.76), had no access to mass media (aOR =1.30, 95% CI 1.08-1.58),
had no health insurance cover (aOR =1.35, 95% CI 1.11-1.65), had big problems of medical
costs (aOR =1.23, 95% CI 1.06-1.43) and seeking medical help alone (aOR =2.50, 95% ClI
1.86-3.37), delivered at home (aOR =3.10, 95% CI 3.00-3.69), had low ANC attendance (aOR
=1.24, 95% CI 1.07-1.44), and received low quality of ANC (aOR =1.23, 95% CI 1.06-1.43).
However, women who delivered by caesarean section (aOR =0.52, 95% CI 0.39-0.70) had

significantly lower odds of not attending PNC.

Parity and child sex predicted LBW among newborns. Women of three or more parity had
significant increased odds of having LBW newborns (aOR =2.04, 95% CI 1.09-3.80). Female
newborns had significant odds of having LBW (aOR =1.43, 95% CI 1.07-1.92). The predictor
of neonatal mortality was seeking medical help alone. The odds of neonatal mortality was
significantly higher among women who had big problems of seeking medical help alone (aOR

=3.45, 95% ClI 1.40-8.53).

Table 7.4 indicates the details of the interrelationships between MNCH services and neonatal
mortality in Tanzania. The predictors of low ANC attendance were timing of ANC, maternal

education, parity, household wealth and quality of ANC.
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Table 7.4: Analysis of interrelationships between MNCH services utilisation and neonatal mortality using GSEM in Tanzania

Low ANC attendance SBA PNC attendance | LBW Neonatal mortality
OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)

Timing of ANC

Early a

Late 6.83(6.00-7.77) - - - -

Place of residence

Urban a

Rural - 2.03(1.27-3.24) - - -

Maternal education

Secondary and above 2 @

Primary and below 2.78(1.94-3.93) 2.73(1.90-3.93) - - -

Maternal age

15-24 years a

25-49 years - 1.21(1.03-1.42) - - -

Household wealth

Rich a a

Middle 1.53(1.23-1.92) 1.89(1.42-2.53) - - -

Poor 1.59(1.32-1.92) 2.99(2.26-3.95) - - -

Household size

4 or less a a

5 or more - 1.38(1.11-1.66) 1.24(1.06-1.45) - -

Wanted last pregnancy

Then a

Late - - 1.07(0.91-1.26) - -

No more - - 1.63(1.08-2.46) - -

Has male partner

NO a a

Yes - - - 0.56(0.43-0.73) | 0.51(0.28-0.91)

Parity

One 2
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Two

1.25(1.09-1.45)

Three or more

1.36(1.00-1.85)

Exposure to mass media

Yes 2 2

No - 1.52(1.19-1.94) 1.39(1.11-1.74) - -
Quality of ANC

High a a a

Low 1.66(1.44-1.92) 1.61(1.38-1.89) 1.62(1.37-1.92) - -
Health insurance cover

Yes a

No - 1.89(1.38-2.53) - - -
Travel distance to the health facility

No problem a

Big problem - 1.32(1.13-1.54) - - -

Seeking medical help alone

No big problem

a

Big problem

1.70(1.31-2.20)

Low ANC attendance

Yes

a

a

No

1.40(1.20-1.62)

1.55(1.19-2.01)

Place of delivery

Facility

a

Home

2.93(2.36-3.63)

Mode of delivery

Normal

a

a

Caesar

0.43(0.35-0.54)

2.61(1.28-5.33)

PNC attendance

Yes

a

No

6.74(2.23-20.38)

LBW

Yes

a

No

3.56(1.75-7.24)

Child sex

Male

a

Female

0.57(0.33-0.97)

Odds Ratio, * p < 0.05, ®reference category, dash (—) denotes variables not considered for the particular outcome

125 | Page




The odds of having low ANC attendance were significantly higher among women who started
ANC late (aOR =6.83, 95% CI 6.00—7.77), had primary or lower education (aOR =1.46, 95%
Cl 1.14-1.86), had parity of two (aOR =1.25, 95% CI 1.09-1.45), had middle (aOR =1.53,
95% CI 1.23-1.92) and poor (aOR =1.59, 95% CI 1.32-1.92) household wealth, and received

low quality of ANC (aOR =1.66, 95% CI 1.44-1.92).

The predictors of SBA were place of residence, exposure to mass media, maternal education,
maternal age, household wealth, household size, travel distance to the health facility, quality
of ANC, health insurance cover and low ANC attendance. The odds of not having SBA was
significantly higher among women who lived in the rural areas (aOR =2.03, 95% CI 1.27—
3.24), had no access to mass media (aOR =1.52, 95% CI 1.19-1.94), had primary or no
education (aOR =2.73, 95% CI 1.90-3.93), aged 25-49 years (aOR =1.21, 95% CI 1.03-1.42),
had middle (aOR =1.89, 95% CI 1.42-2.53) and poor (aOR =2.99, 95% CI 2.26-3.95)
household wealth. The odds of not having SBA was also significantly higher among women
who lived in households of 5 or more members (aOR =1.38, 95% CI 1.11-1.66), had big
problems with travel distance to the health facility (aOR =1.32, 95% CI 1.13-1.54), had no
health insurance cover (aOR =1.89, 95% CI 1.38-2.58), had low ANC attendance (aOR =1.40,

95% CI 1.20-1.62) and received low quality of ANC (aOR =1.61, 95% CI 1.38-1.89).

The predictors of PNC attendance were exposure to media, wanted pregnancy, seeking medical
help alone, place of delivery, mode of delivery, exposure to mass media, low ANC attendance
and quality of ANC. The odds of not attending PNC were significantly higher among women
who had no access to mass media (aOR =1.39, 95% CI 1.11-1.74), wanted pregnancy no more
(aOR =1.63, 95% CI 1.08-2.46), lived in households of 5 or more members (aOR =1.24, 95%
Cl 1.06-1.45), had big problems of seeking medical help alone (aOR =1.70, 95% CI 1.31-

2.20), delivered at home (aOR =2.93, 95% CI 2.36-3.63) and had low quality of ANC (aOR
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=1.62, 95% CI 1.37-1.92). However, women who delivered by caesarean section (aOR =0.43,

95% CI 0.35-0.54) had significantly lower odds of not attending PNC.

Low ANC attendance and maternal age predicted LBW among newborns. The odds of LBW
newborns was significantly higher among women with low ANC attendance (aOR =1.55, 95%
Cl 1.19-2.01), and lower among women aged 25-49 years (aOR =0.56, 95% CI 0.43-0.73).
The predictors of neonatal mortality were LBW, relationships status, mode of delivery, PNC
attendance and child sex. The odds of neonatal mortality was significantly higher among
women who had LBW newborns (aOR =3.56, 95% CI 1.75-7.24), delivered by caesarean
section (aOR =2.61, 95% CI 1.28-5.33) and had no PNC (aOR =6.72, 95% CI 2.23-20.38),
and lower among women with male partners (aOR =0.51, 95% CI 0.28-0.91) and female

newborns (aOR =0.57, 95% CI 0.33-0.97).

7.2.3 Mediation analysis

Table 7.5, Figure 7.2-4, shows the results of MNCH services mediation analysis on neonatal
mortality. The results showed no presence of mediation, however, ANC attendance moderated
the relationship between parity and neonatal mortality. Mothers of 3 or more parity were likely
to have low ANC attendance and have deaths of their newborns. The direct determinants of
ANC attendance as a moderating factor were timing of ANC, rural residence, quality of ANC,

and health insurance cover, see Fig 7.2.
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Figure 7.2: GSEM model of mediating role of MNCH services utilisation on neonatal mortality in the
DRC. Key: variable type- light blue box (mediator), rose box (neonatal mortalty), mint box (direct
predictors of neonatal mortality), white box (covariates) and lavender box (cluster random variable)

*Coefficients(p), all pathways are significant i.e. p<0.05

In Kenya, ANC attendance and SBA were considered as mediating factors for neonatal
mortality. ANC attendance mediated 8.8% of the total effects of PNC attendance on mortality.
Women who had low ANC attendance were more likely not to have PNC and experience
newborn deaths. The direct determinants of ANC attendance as a mediating factor were timing
of ANC, quality of ANC, health insurance, place of residence and maternal education. ANC
attendance and SBA sequentially mediated 1.9% of the total effects of PNC attendance on
neonatal mortality. Women who had low ANC attendance were more likely not to have SBA,
and women who did not have SBA were also more likely not to attend PNC and experience
newborn deaths. The direct determinants of SBA as a mediating factor were place of residence,

maternal education, health insurance and quality of ANC, see Figure 3.
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Figure 7.3: GSEM model of mediating role of MNCH services utilisation on neonatal mortality in
Kenya. Key: variable type- light blue box (mediator), rose box (neonatal mortality), white box
(covariates), mint box (direct predictors of neonatal mortality), and lavender box (cluster
random variable)

*Coefficients(p), all pathways are significant i.e. p<0.05

In Tanzania, ANC attendance and SBA were mediating factors for neonatal mortality. ANC
attendance mediated 2.2% of the total effects of LBW on neonatal mortality. Women who had
low ANC attendance were more likely to have LBW newborns who experienced deaths. ANC
attendance also mediated 5.5% of the total effects of PNC attendance on neonatal mortality.
Women who had low ANC attendance were more likely not to attend PNC and have newborn
deaths. The direct determinants of ANC attendance as a mediating factor were timing of ANC,
quality of ANC, place of residence, maternal education and travel distance to the health facility.
The results also showed ANC attendance and SBA sequentially mediated 1.0% of the total
effects of PNC attendance on neonatal mortality. Women who had low ANC attendance were

more likely not to have SBA, and women who did not have SBA were also more likely not to
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attend PNC and experience newborn deaths. The direct determinants of SBA as a mediating

factor were place of residence, quality of ANC, maternal education, health insurance, and travel

distance to the health facility, see Figure 7.4.
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Figure 7.4: GSEM model of mediating role of MNCH services utilisation on neonatal mortality in
Tanzania. Key: variable type- light blue box (mediator), rose box (neonatal mortality), white box
(covariates), mint box (direct predictors of neonatal mortality) and lavender box (cluster random

variable)

*Coefficients(p), all pathways are significant i.e. p<0.05

130|Page




Table 7.5: Neonatal mortality mediation analysis using the GSEM in the DRC, Kenya and Tanzania

Neonatal Mortality

via ANC attendance and SBA

(0.001)

(0.004)

(0.001)

Country Effect of Direct Indirect Total % mediated
B (95% CI) B (95% CI) B (95% CI)
(p-value) (p-value) (p-value)
DRC Parity 1.00(0.43-1.57) 0.05(0.01-0.10) 1.05(0.45-1.65) 4.8%
on neonatal mortality via ANC (0.001) (0.043) (0.001)
attendance
Kenya PNC attendance on neonatal mortality 1.03(0.40-1.66) 0.10(0.03-0.18) 1.13(0.44-1.82) 8.8%
via ANC attendance (0.001) (0.006) (0.001)
PNC attendance on neonatal mortality 1.03(0.40-1.66) 0.02(0.01-0.03) 1.05(0.41-1.69) 1.9%
via ANC attendance and SBA (0.001) (0.005) (0.001)
Tanzania LBW 1.31(0.53-2.10) 0.03(0.01-0.06) 1.34(0.54-2.15) 2.2%
on neonatal mortality via ANC (<0.0001) (0.020) (0.001)
attendance
PNC attendance on neonatal mortality 1.90(0.80-3.00) 0.11(0.03-0.18) 2.01(0.84-3.17) 5.5%
via ANC attendance (0.001) (0.005) (0.001)
PNC attendance on neonatal mortality 1.90(0.80-3.00) 0.02(0.01-0.04) 1.92(0.81-3.04) 1.0%
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7.2.4 Comparison of GSEM models with or without cluster random effects

The GSEM models with random effects at cluster level had a better fit than the models without
random effects based on the Bayesian information criterion (BIC) and Akaike information
criterion (AIC) values. The BIC and AIC values were lower for the GSEM models with cluster
random effects than GSEM models without random effects in the DRC, Kenya and Tanzania,

see Table 7.6.

Table 7.6: Comparison of GSEM models with or without cluster random effects

GSEM without random effects GSEM with random effects at cluster level
AIC BIC AIC BIC
Country
DRC 23583.36 23689.79 23556.49 23670.34
Kenya 21777.77 21290.45 21742.84 21892.32
Tanzania 23640.31 23824.83 23630.41 23821.76

7.3 Discussion

The aim of the study was to elucidate the role of MNCH services utilisation in mediating
neonatal mortality in three sub-Saharan African countries, namely the DRC, Kenya, and
Tanzania. The study showed both direct and indirect effects of MNCH services utilisation on
newborn mortality. In Kenya and Tanzania, ANC attendance mediated the total effects of PNC
attendance on newborn mortality. ANC attendance and SBA were also deemed to be sequential
mediators in the link between PNC attendance and newborn mortality. In Tanzania, ANC
attendance also mediated the total effects of LBW on newborn mortality. In the DRC, no

presence of mediation was observed, however, ANC attendance moderated the relationship
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between parity and neonatal mortality. GSEM findings show the interconnections between

MNCH services utilisation and neonatal mortality.

Our study showed that ANC attendance mediated 8.8% in Kenya and 5.5% in Tanzania of the
total effects of PNC attendance on neonatal mortality. The WHO recommends that women
receive a minimum of four ANC visits during pregnancy since this period is when the fetus is
affected by restricted growth, disease infections and congenital malformations which increases
the chances of newborn death (3, 4). Attending ANC is an avenue for mothers to get checked
on the status of their health and the fetus’s health, assessed on existing and arising pregnancy
complications and receive health information and advice (3). Earlier research found that ANC
visits are positively linked to uptake of PNC (226). Women who had four or more ANC visits
were associated with early uptake of PNC than women who had less than four ANC visits
(226). This could be that that women who attended fewer ANC visits were less exposed to
health education and promotion messages on managing birth complications and the
significance of postpartum care. This reduces the likelihood of mother attending postnatal

checks, thereby reducing the prognosis for the survival of her newborn.

Our study also found ANC attendance and SBA sequentially mediated 1.9% in Kenya and
1.0% in Tanzania of the total effects of PNC attendance on neonatal mortality. Women with
less than four ANC visits had a higher probability of not having SBA, and conversely, women
who did not receive SBA were more likely not to receive PNC and have higher chances of their
experiencing newborn death. A potential explanation for this association could be that women
who attend fewer ANC visits are less aware of complications that may arise during pregnancy
and birth (227). As a result, the willingness to seek skilled care during delivery and postnatal
checks after delivery is lower, which reduces the chances of their babies’ survival (227). These
findings also highlight the interconnections between MNCH services utilisation and neonatal
mortality.
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Our study also showed that ANC attendance mediated 2.1% of the total effects of LBW on
neonatal mortality in Tanzania. Women who had low ANC attendance were more likely to
have LBW babies, who were at a higher risk of death. Previous research has shown that
neonates with LBW face a higher risk of malnutrition and childhood morbidities such as
diarrhoea and pneumonia (228, 229). Frequent ANC visits are essential for monitoring
maternal health and early diagnosis of danger indicators of fetal growth (3, 230). For instance,
prioritising monthly measurements of body weight and fetal growth can be an effective way of
monitoring the fetus’ growth and lowering the risk of LBW (3, 230). Adequate monitoring of
the mother’s nutritional status can also reduce the risk of LBW. If a mother is iron deficient,
iron tablets can be provided as a dietary supplement to both the mother and the fetus, and this
lowers the risk of LBW. Thus, women who attend fewer ANC visits are more likely to miss
out on these interventions, increasing the possibility of their babies being born LBW and

decreasing their odds of survival.

In the DRC, our study no presence or mediation, however, ANC attendance moderated the
relationship between parity and neonatal mortality. Mothers of three or more parity were more
likely have low ANC attendance and have newborn deaths. mediated 4.8% of the total effects
of parity on neonatal mortality. Mothers with three or more children were more likely to have
less than four ANC visits and experience neonatal deaths. Previous research has shown that
high parity women are less likely to attend four or more ANC visits (231, 232). This could be
because multiparous women have maternal experiences of child birth and may not consider
attending ANC visits frequently worthwhile (231). This negative effect on ANC utilisation,
may result in more newborn deaths among multiparous women because they miss out on

essential interventions provided during ANC.
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The study also found that the inclusion of random effects at the cluster/community level
improved the model fit in the analysis. These findings show that interventions towards reducing
neonatal mortality should also be targeted in communities. Future studies should consider
determining the factors associated with neonatal variation in communities to help design

effective community-based interventions.

7.3.1 Strengths and Limitations

The study used nationally representative data and therefore the findings are generalisable. The

study adds important empirical evidence to the body of literature on the mediation role of

MNCH services utilisation on neonatal mortality. The study’s limitations are that important

information on maternal characteristics like gestational age and child health outcomes such as
LBW, and neonatal mortality was self-reported by the mother over a long recall period and
therefore subject to recall bias. However, to minimise the recall bias only information on the
last pregnancy or child was utilised in the study. Additionally, child health cards were also used
as sources of information if available. Another limitation is that the study did not consider risk
factors of neonatal deaths by timing, and risk factors of neonatal deaths such as newborn
illnesses or infections. The study is also cross-sectional and thus may not ascertain temporal

causality.

7.4 Conclusions

The mediation role of MNCH on newborn mortality identifies critical areas for intervention to
reduce neonatal mortality. Targeted interventions addressing barriers of low uptake of ANC,
SBA and PNC should be considered to reduce newborn deaths. Furthermore, low-cost
interventions such as health education and home care practices that promote the identification

and management of LBW babies in low-income settings should be strengthened.

135



7.5 Chapter Summary

The risk of a child’s death within the first month of life is high. Most causes of newborn deaths
are preventable and treatable. Countries in SSA like the DRC, Kenya and Tanzania experience
high rates of neonatal mortality. A crucial aspect of preventing neonatal mortality is identifying
modifiable factors linked to neonatal deaths. The high burden of neonatal mortality in SSA has
been linked to several modifiable factors including low ANC utilisation, low SBA and PNC
uptake. However, utilisation of maternal and newborn healthcare (MNCH) services i.e. ANC,
SBA and PNC remains suboptimal in SSA. The associations between MNCH services
utilisation and neonatal mortality have often been determined using approaches that investigate
direct associations rather than indirect associations which limits our understanding of the
interconnections between different utilisation of MNCH services and neonatal outcomes. In
this study, we sought therefore to breach this gap by exploring the mediation pathways of

MNCH services utilisation on neonatal mortality.

The study showed both direct and indirect effects of MNCH services utilisation on newborn
mortality. In Kenya and Tanzania, ANC attendance mediated the relationship between PNC
attendance and newborn mortality. ANC and SBA were also deemed to be sequential mediators
in the relationship between PNC attendance and newborn mortality in Kenya and Tanzania. In
Tanzania, ANC attendance mediated the association between LBW and newborn mortality.
Although there was no presence of mediation in the DRC, ANC attendance moderated the
relationship between parity and neonatal mortality. The GSEM findings showed the
interconnected associations between MNCH services utilisation and neonatal mortality.
Targeted interventions addressing barriers of low uptake of ANC, SBA and PNC should be

implemented to reduce neonatal mortality. Furthermore, low-cost interventions such as health
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education and home care practices that promote the identification and management of LBW

babies in low-income settings should be strengthened.

CHAPTER 8: GENERAL DISCUSSION

This study aimed to describe the utilisation of MNCH services and associations with neonatal
mortality in three sub-Saharan African countries including the DRC, Kenya and Tanzania. This
chapter is a summary of consolidated findings with regards to key objectives of this thesis. The
discussions of the consolidated findings of this thesis entails (1) patterns of MNCH services,
(2) key emerging themes on MNCH services utilisation encompassing organisational,
structural or social, and individual factors (3) linkages of MNCH services utilisation (4) the
mediatory role of MNCH services utilisation on neonatal mortality. The discussions will also

cover the application of statistical methods including Machine Learning and GSEM.

8.1 Summary of findings

8.1.1 Low utilisation of MNCH services

There was a general decline of women who initiated ANC late in Kenya between 2008 (67.8%)
and 2014 (60.5%), and in Tanzania between 2010 (60.9%) and 2016 (49.8%), while the DRC
showed contradicting temporal patterns between 2007 (56.8%) and 2014 (61.0%)). Although,
the trends in Kenya and Tanzania indicated a decline in late ANC uptake, uptake of early ANC
is relatively low. Very low levels of the utilisation of CoC in terms of attendance four or more
ANC visits, SBA and PNC in the DRC, Kenya and Tanzania were also reported in this study.
Over 70% of the women and children in the DRC (91.0%), Kenya (72.4%) and Tanzania (93.6)
were not retained or dropped out of the MNCH continuum. Most women and children dropped
out from CoC during the postpartum period, which placed them at greater risk of experiencing

adverse health outcomes.
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The consolidated findings in line with the objectives of the study are outlined in Table 8.1.

Table 8.1: Consolidated Study Findings

Chapter

Obijectives

To assess the trends and
associated determinants
of late ANC initiation in
three in three sub-Saharan
African countries: the
DRC, Kenya, and
Tanzania, from 2007 to
2016.

To predict the main risk
factors of PNC non-
utilisation in three sub-
Saharan African countries
using the Decision Tree.

To predict the likelihood
of a mother/child
dropping out from the
MNCH continuum and
determining the most
influential predictors in
three sub-Saharan
African countries.

To describe the
mediation role of MNCH
services utilisation on
neonatal mortality in
three sub-Saharan
African countries.

Key findings

The study results showed declining trends in late ANC
initiation over time in Kenya and Tanzania, except for the DRC.
Inequalities in late ANC uptake were observed among various
geographic, educational, parity, and economic groups.

The Decision Tree models exhibited higher accuracy in
predicting non-utilisation of PNC than the Logistic Regression
models. Using the Decision Tree, women who had low quality
ANC, home deliveries and unemployment had the highest
probability of not utilising PNC (92.0%) in the DRC. In Kenya,
women who were unemployed, delivered at home and had no
exposure t0 mass media had the highest likelihood of not
utilising PNC (87.0%). In Tanzania, women who had home
deliveries, low quality ANC and unwanted pregnancies showed
the highest likelihood of not utilising PNC (100.0%).

The study found high rates of dropping out from the MNCH
continuum in the DRC, Kenya and Tanzania. The largest drop
out from the CoC occurred during the postpartum period.
Common predictors of the drop out from the MNCH continuum
were rural residence, lower maternal education, and non-
exposure to mass media. Further, the influence of factors such
as maternal age, parity, access to money for medication, travel
distance to the health facility, household wealth, household size
varied by country. The Random Forest had superior predictive
accuracy compared to other Machine Learning models.
Household wealth, place of residence, maternal education and
exposure to mass media were ranked among the top four
predictors of the drop out from the MNCH continuum.

ANC attendance and SBA were found to be mediators of

neonatal mortality. ANC attendance mediated the total effects
of PNC attendance on newborn mortality by 8.8% in Kenya and
5.5% in Tanzania. ANC attendance and SBA sequentially
mediated the total effects of PNC attendance on newborn
mortality by 1.9% in Kenya and 1.0% in Tanzania. In Tanzania,
the findings also showed that ANC attendance mediated 2.8%
of the total effects of LBW on newborn mortality. No presence
of mediation was observed in the DRC, however, ANC
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attendance moderated the relationship between parity and
neonatal mortality.

8.1.2 Emerging themes on MNCH services utilisation
The key merging themes on the utilisation of MNCH services utilisation encompassed

structural or social, organisational or health system and individual factors.

8.1.2.1 Structural or social factors

The main structural or social factors linked with the utilisation of MNCH services in the study

were household wealth (poverty) and place of residence.

Women from low-income households were more likely to start ANC late in the DRC, Kenya,
and Tanzania. Inequalities in late ANC uptake also continue to increase between high-and-low
income households in Kenya and Tanzania. Low-income households were also associated with
increased odds of dropping out of the MNCH continuum in Kenya and Tanzania. Women of
low socio-economic status struggle to access care due to high medical consultation fees, costs
of buying medicines and transport costs (212, 233). The low socioeconomic status of women
also affects their decision making in seeking maternal healthcare (234). In some regions, men
oversee most of the household finances, making it difficult for women to get medical care or
transportation to healthcare facilities and limiting women's ability to make health-related
decisions (234). Although Kenya and Tanzania have polices on free maternal health (87, 153),

many women in impoverished circumstances pay OOP fees to cover medical costs (87, 153).

Rural women were also more likely to commence ANC late in the DRC and Kenya. Rural-
urban inequalities in late ANC uptake also continue to widen in the DRC and Kenya. Rural
women were also associated with increased odds of dropping out from the MNCH continuum

in the DRC, Kenya and Tanzania. Rural women are mostly likely to face more barriers to
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accessing maternal healthcare than their urban counterparts resulting in low utilisation of
maternal healthcare. Cultural factors, low socioeconomic status and limited education are
obstacles to rural women’s uptake of MNCH and utilisation of the CoC (163, 234, 235).
Elsewhere cultural norms affect women’s autonomy in making decisions. One of the cultural
problems that contributes to late ANC uptake or no uptake at all is the tradition or belief in
concealing pregnancy (236). Some African women believe that showing pregnancy at an early
stage could harm the fetus as the baby is vulnerable and at risk of being subject to “witchcraft
(236). They would hide their pregnancy in the early months to avoid being bewitched and thus
protect their babies. Such cultural beliefs result in delays in seeking ANC (236). Secondly,
women in some African cultures rely upon their mothers-in-law or elderly peoples’ decisions
with regards to seeking care, especially those who marry early, and can be given inappropriate

counsel on when and where to seek care (237) .

Community peer influence is another challenging cultural aspect. Most African families in the
rural areas are in a setup of a community and there a exist community/peer influence from the
community members’ sharing their opinions (negative one) about the state of maternal health
with other women (238). Such conversations happen in community gatherings or interactions.
For instance, some women may share their traditional birth attendance stories and convince
other pregnant women to consider using traditional birth attendants and neglect using skilled

birth attendants (239).

The low socioeconomic status of rural women creates strong financial dependency on their
male partners throughout their lives which hinders them from deciding about their own health
and wellbeing. In some African settings, women need to seek approval to visit health facilities
and may not be permitted to go alone (240). Lack of financial means to reach to health facilities

due to transport costs and pay for services, and the preoccupation of supporting a large
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household on a limited finances also hinders rural women of low socioeconomic status from

utilising MNCH (241).

Low levels of education among rural women have a significant effect on the level of their
decision-making power at household level. Rural women with low levels of education
attainment have low confidence in decision making (242) and could be less capable of
obtaining a gainful employment, which affects their economic contributions to the household

and decision making (242).

A multifaceted approach is required to overcome obstacles to receiving timely and adequate
utilisation of MNCH among women living in poverty settings and rural areas. Interventions
that mitigate cultural norms, give women autonomy in decision making, reverses traditional
practices, promote girls and women economically and improve access to healthcare are crucial
in MNCH. Women's autonomy must be supported, and women should be empowered to make
their own health decisions through dedicated health education and promotion programs that
target pregnant women, their families, and the entire community (163). Some of these
interventions include rural educational campaigns which provide educational accessibility to
empower women in their health rights, benefits and advantages of utilising health services over
traditional approaches. Such knowledge will empower the women to be independent and regain

their autonomy when it comes to their health.

In addition, community-based interventions such as income generating projects like women
clubs, that empower low socioeconomic rural women financially are commendable. These
income generating projects will provide economic stability improve the women’s engagements
and decision making. Social marketing, media efforts, use of religious/cultural leaders’
interventions and formal education for girls can also help mitigate some of the cultural norms

experienced by rural women (234).
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The use of Community Health Workers (CHWS) can facilitate healthcare access by using
CHWs as a liaison between healthcare providers and rural residents to ensure their healthcare
needs are met (243). Freestanding Emergency Departments defined by the American College
of Emergency Physicians as a “facility that is structurally separate and distinct from a hospital
and provides emergency care can be used to provide a range of different speciality care for

rural communities that lack hospital inpatient care (243).

Provision of an adequate workforce is necessary for maintaining healthcare access in rural
communities. In order to increase access to healthcare, rural communities must use their
healthcare professionals in the most efficient and strategic ways (243). This might include
allowing each professional to work at the top of their license, using new types of providers,
working in interprofessional teams, and creative scheduling to offer clinic time outside of

regular work hours (243).

8.1.2.2 Organisational or health system factors
The main organisational or health system factors linked with the utilisation of MNCH services
in the study were travel distance to the health facility, medical costs, place of delivery and

quality of ANC.

The study found that women who faced big problems of travel distance to the health facilities
were linked to higher odds of dropping out of the MNCH continuum in Kenya. The challenges
of long travel distances to health facilities are common in SSA, particularly in rural areas (176,
244, 245). The low geographic accessibility of health distance is linked to poor roads and
inadequate health facilities (176, 244, 245). Moreover, nearby health facilities in rural areas are
extremely understaffed with limited medical equipment and supplies and well-equipped health

facilities and thus women are forced to consider facilities which are further away (246). Even
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relying on public transport alone is not sufficient as there might be delays. At times, the public

transport is unaffordable and not available due to poor roads and rough terrains (176).

The study also revealed that women who faced challenges with medical costs were linked to
the high drop out of the MNCH continuum in Kenya. Service-related costs deter the utilisation
of ANC, institutionary deliveries, and PNC at health facilities (247, 248). Unaffordable service-
related costs are still a problem even in countries were policies guaranteed free maternity
services like Kenya (88). Many women in Kenya still incur OOP payments such as registration
fees, hospital card, consultation, admission, lab tests, ultrasound, payment for surgery
(caesarean section or any theatre fees), blood and drugs, and other related costs (88). Other
OOPs expenses include cost of payment for items that the patient is told to buy like cotton
wool, basin, bandages/gauze rolls, syringe, drugs and costs such as, accommodation cost for
self and a companion while the patient is admitted, and any form of informal payments. The
high amounts of OOP payments reflect Kenya's health financing system, which is mainly based

on user fees at the time-of-service delivery (246).

The study also showed that that women who gave birth at home were more likely not to receive
PNC after delivery in the DRC, Kenya and Tanzania. Women who give birth at home often
receive care from traditional birth attendants (TBAs) (169). TBAs are regarded as well-known,
trustworthy, and respected custodians of traditional knowledge who actively engage with
women during pregnancy, birth, and, especially, postpartum (169, 249). Other women also
prefer TBAs to supervise their childbirth due to previous bad interactions with healthcare
professionals (HCPs). In their view TBAs are more sensitive, caring, hospitable, affectionate,
and carried a more positive presence than healthcare professionals (HCPs) (250). However,
TBAs lack the necessary expertise, skills, and equipment to identify and address obstetric and

neonatal problems. When issues occur at home, organising referral and transport to the health
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institution is a challenging process for everybody involved, and likely to result in significant
delays or not seeking PNC, particularly in rural areas (249). Culture also plays a major role in
the way a woman perceives and prepares for her birthing experience (251). The cultural

practice of keeping newborns indoors results in negligence of seeking PNC (251).

The term "quality of care” is a holistic expression that implies a host of features such as the
range of medical services offered, clinical competence of the staff, hospital amenities, expertise
of the physicians, ambience of the hospital, staff behavior, most importantly, patient
satisfaction. Quality of care is likely to improve pregnancy and childbirth outcomes if uptake
of services is high (183, 184). Our findings showed that women who received low quality of
ANC in terms of routine examinations were more likely to lack PNC in the DRC, Kenya and
Tanzania. Women are discouraged from accessing care in health institutions due to the low
quality of care provided (58). In some situations, HCPs are not available to assist them when
they book appointments, or, more frequently, there is no medical equipment accessible to
provide them with the essential care. As a result, they are less inclined to seek care at health
facilities (58). At times, the attitudes of HCPs are rude, abusive, insensitive, or deliberately

negligent which may result in women seeking care at home (250).

The number of specialists and the duration of their presence is limited in rural health centres.
In some settings, women do not attend care at health institutions or return before being attended
due to long waiting times. Long waiting makes women feeling bored, tired, or as if they were
wasting their time. Long waiting times are affected by staff shortages, lack of equipment, lack
of examination space and lack of prioritisation of PNC. Privacy is another factor that explains
women’s preferences of utilising healthcare facilities (250). Facility-based services that
provided privacy are preferred by many women who were concerned about giving birth in open

settings and having private parts exposed to strangers (250). Ensuring privacy can also promote
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more effective communication between the healthcare worker and patient, which is essential

for quality of care (252).

Poor referral systems, particularly in rural areas, have an impact on health-care delivery (253).
The number and duration of specialists’ presence in rural health centers are limited.
Overcrowding often compels patients to wait a lengthy time or visit a specialist's private office.
The referral system is intended to optimise the usage of three levels of health care while
avoiding excessive congestion and waste of people and material resources in the specialized
levels. However, limits in specialist levels and an overburden of non-urgent recommended

cases have rendered the referral system ineffective (253).

The choice of utilising care at health facilities is an important decision that is affected by
various organisational, or health system factors related to geographic accessibility,
affordability, and quality of care. Interventions aimed at addressing all facets of organisational
or health-care system barriers to accessing MNCH should be prioritised if the SDG goals are
to be met. Governments need to create strategies that make health facilities more accessible,
especially for women living in remote (rural) areas, these include increasing health facilities,
setting mobile clinics, providing alternative transportation such as motorcycle ambulances and
improving the roads infrastructure (176, 244). Government funding, such as revenue collection,
risk pooling, and purchasing, are essential strategies in eliminate direct OOP payments and
reducing medicals costs (254). Policymakers should consider integrating TBAs into the formal
health system to eliminate the financial, geographical, and cultural barriers to care-seeking
outside the home during the postnatal period (255). Policymakers, managers, and healthcare
practitioners should enhance the quality of care offered by allocating more resources such as

staff, equipment and medical supplies to health facilities (255).
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8.1.2.3 Individual factors
The main individual factors linked with the utilisation of MNCH services in the study were
maternal education, exposure to mass media, maternal age, parity, employment status and

pregnancy intention.

Iliterate or low educated women were more likely to have late ANC initiation in the DRC,
Kenya, and Tanzania. Women with low education were also more likely to drop out from the
MNCH continuum in the DRC, Kenya and Tanzania. The lack of adequate knowledge
regarding the use of MNCH is a significant and plausible factor for its low utilisation among
illiterate or low educated women (256). Women with low levels of education are also less
empowered in decision-making because they lack the confidence to exercise autonomy and
they are more likely to be financially dependent, limiting their access and use of healthcare

services (257).

Limited exposure to mass media was also associated with a high drop out from the MNCH
continuum in the DRC, Kenya and Tanzania. Newspapers, radio, and television are media
outlets through which important health information is transmitted to women. However, in rural
areas in most developing countries have limited connectivity and access to televisions, radios
and online health information (258). In this sense, women who do not have access to media do
not have easy access to information that would assist them make informed decisions about their
health and improve their tendency to use MNCH services (259). Exposure to mass media plays
an important role in creating awareness on reaching vulnerable populations of less educated

and rural mothers (259).

High parity women were more likely to initiate ANC late in the DRC, Kenya and Tanzania.
High parity was also linked with dropping out from the MNCH continuum in the DRC and

Kenya. This may be due to the fact that women who have higher parity have more experience
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in pregnancy and childbirth, they become more confident to stay at home and less interested to
take up MNCH services and utilise the CoC (28, 260). The study also showed that older women
aged 25-49 years in the DRC and Kenya had less odds of dropping out of the MNCH
continuum. This may be because older women prioritise MNCH more than younger because
of accumulation of knowledge which comes with age or birth-related complications and poor
health conditions which are more common as age advances which trigger the women to go to
health facilities (261).

Unemployed women had higher odds of not attending PNC in Kenya. Women have less job
opportunities than men in Kenya. Long-term unemployment among women in Kenya is higher
(63.6%) for women without formal education, compared to men (18.7%) (175). Unemployment
is also higher among women with an academic background beyond secondary school (25.8%)
compared to men (11.7% ) with the same level of education (175). A woman's unemployment
is viewed as a barrier to healthcare utilisation. Financial issues have been linked to the difficulty
of women to pay for medications, transport costs, vaccines, and healthcare for their infants
(171, 262). Women who are financially dependent are also more likely to have less autonomy

in making decisions with their male partners, even decisions which pertain their health (32).

Unintended pregnancies are pregnancies that are mistimed, unplanned or unwanted at the time
of conception. The study demonstrated that women who no longer wanted to be pregnant were
associated with lack of PNC in Tanzania. A plausible reason could be that a mistimed or an
unwanted pregnancy is most often identified later than a wanted pregnancy and could result in
women having less time to access ANC services, affecting the utilisation of later services such
as PNC (185, 186). Other plausible reasons could be that women experiencing an unintended
pregnancy are more likely to be socio-economically disadvantaged, have no formal education,

and have lower autonomy which limits their capability to utilise recommended MNCH services
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because of either financial difficulties or poor knowledge regarding the importance of MNCH

use.

Interventions designed at the individual level to improve uptake of MNCH should target
various population groups. Government policies supporting female education can enhance
women's understanding of the significance of utilisation of MNCH services. MNCH
educational programs which are delivered via accessible mass media channels such as short
audio and video clips using local languages can improve the utilisation of MNCH services
(178). Educational programs on MNCH that target high-parity women and various age groups
(young and old) and promote community knowledge about the importance of MNCH should
be prioritised. Governments should consider policies that create more job opportunities for
women to equip them economically. Health programmers and stakeholders should also
consider integrating MNCH services with family planning services for early detection of

women having an unintended pregnancy (263).

8.1.3 Linkages of MNCH services utilisation

The GSEM results showed the interconnections between timing of ANC, ANC visits, SBA and
PNC. Women who started ANC late were more likely to attend less than four ANC visits in
the DRC, Kenya and Tanzania. Women who attended less than four ANC visits were also more
likely to have SBA and PNC in Kenya and Tanzania. These findings underline the necessity of
enrolling women in ANC as early as possible, as this significantly affects their use of services
in the CoC (264). An early single contact with the health facility during pregnancy influences
the use of MNCH services throughout the pregnancy. Perhaps we could explain these findings
by pointing out that women who attend ANC early are more likely to have more ANC sessions.

During ANC sessions, women receive a series of health education, and different cadres of
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healthcare providers sensitise and discuss with women on the necessity of skilled care during

delivery and postpartum period to prevent pregnancy and birth related complications (265).

8.1.4 Comparison of the Machine Learning and Logistic regression

The logistic regression is one of the most used statistical methods (266). It is simply and easier
to interpret than complex Machine Learning models such as Artificial Neural Networks,
Support Vector Machines, and Random Forests (266). Although Machine Learning algorithms

are used in several research fields, their complicated structure makes them difficult to interpret.

The output of logistic regression is usually in the form of probabilities, which makes it easier
to understand than other black-box Machine Learning models that output complex
relationships between input and output variables (266). An interpretable model assists the
human understanding of the prediction process and avoids false assumptions which improves
the decision-making process (266). The logistic regression is also easier to train or execute than
complex Machine learning algorithms (266) because it requires few computation resources and
small data as compared to complex Machine Learning algorithms. It also has fewer parameters
to tune compared to other Machine Learning algorithms. The logistic regression also focuses
on understanding causality in comparison to complex Machine Learning algorithms which

focus on prediction and classification (266, 267).

Simpler models like logistic regression offer easier interpretability, however, complex Machine
Learning algorithms can achieve high levels of accuracy (267). The accuracy of the Machine
Learning algorithms can be improved by training the model using different parameters.
However, the performance of complex Machine Learning algorithms can be affected by class
imbalance of the outcome variable (115, 267). Compared to the logistic regression, complex
Machine Learning algorithms are also better in handling larger data and a larger number of

potential predictors and uncovering hidden patterns (266). However, Machine Learning
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algorithms lack inbuilt functions to account for clustering and stratification for complex survey

data such as DHS surveys (268) .

The findings in our study support previous research (78). The Decision Tree model had higher
performance compared to the Logistic Regression model in predicting the risk factors of non-
utilisation of PNC. The main advantage of the Decision Tree consists of its ability to describe
patterns in the data by revealing high order interactions among variables, whereas the Logistic
Regression just shows important interactions, without ordering them (78). The data from the
Decision Tree results is turned into a tree of decision rules that can be easily interpreted and
understood. The data from the Decision Tree model can be displayed in form of simple and
visual tree graphics that can be easily applied in public health practice (78). Application of high
accuracy Machine Learning approaches with easier interpretability, such as the Decision Trees,
can aid in identifying the main factors contributing to the low utilisation of PNC, as well as
other MNCH services in SSA. This approach is useful in prioritising interventions in high-risk
sub-populations, thereby optimising public health resources and improving the uptake of

MNCH in SSA.

The study also applied several complex Machine Learning models such as the Random Forest,
Artificial Neural Network and Support Vector Machine to predict the drop out from the MNCH
continuum. Application of several Machine Learning models offers new opportunities for
improving existing methods for predicting MNCH services utilisation (12). Conventional
statistical models such as the logistic regression have traditionally been used to examine data
and identify risk factors, however these methods are limited in reflecting complicated
connections. Machine Learning can account for interactions between multiple components,
handle non-linear correlations, and adapt to changing patterns in data (12). For instance, the

Random Forest allows an unlimited number of variables to be incorporated into the model. The
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algorithm automatically tests several hypotheses and selects features that best predicts the

outcome using information gained from each variable (79).

The study findings showed that Machine Learning classification models such as the Random
Forest, Decision Tree, Artificial Neural Network and Support Vector Machine had higher
predictive accuracy of the drop out from the MNCH continuum compared to the Logistic
Regression. The study shows the superior capabilities of Machine Learning methods compared
to other conventional approaches in predicting MNCH services utilisation. Other similar
research in MNCH have been shown that Machine Learning methods outperform conventional

statistical methods (34).

The study findings also showed that the Random Forest had the highest prediction accuracy,
followed by the Decision Tree. The results showed that the Random Forest was best suited for
predicting the discontinuation of MNCH. When compared to other Machine Learning
algorithms such as Artificial Neural Network and Support Vector Machine, the Random Forest
is more interpretable and adaptable (35). However, it is essential to note that the performance
of other Machine Learning models may differ depending on the dataset and the research
problem being addressed. Therefore, it is recommended to assess the performance of multiple

models and select the one that performs the best for a given problem (12).

Using the Random Forest algorithm, the study ranked the most important predictors of the drop
out from the MNCH continuum. The use of Machine Learning to identify and rank the most
influential predictors can enhance improvements in the utilisation of the MNCH continuum in
the SDG era. Public health programmers and policymakers can utilise this information to
design and implement cost-effective interventions which are timely and optimise use of public
health resources (216). Machine Learning can also be used in the development of rapid

response mechanisms such as web-based programs which can predict whether a pregnant
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woman and her unborn child will be retained in the CoC depending on the maternal
characteristics (34, 217). This allows for real-time tailored interventions for pregnant women at
high risk of dropping out of care and thus promoting retention in the MNCH continuum (34,

217).

8.1.5 Application of the GSEM

GSEM describes causal models in an integrated approach. It is a system for specifying the
interrelationships among observed and latent variables with greater specificity than simpler
methods such as multiple regression. There are so many observed and latent variables inter-
linked in MNCH research and the GSEM can be used to test hypotheses of different MNCH
services and health outcomes and their predictors based on the theoretical model of the study
(131). The GSEM established interconnections between MNCH services utilisation such as
timing of ANC, ANC visits, SBA, PNC and neonatal mortality. This suggests that more than
direct factors are accountable for the associations between MNCH services utilisation and
neonatal mortality. This knowledge is essential to develop policy alternatives for tackling the
challenges that SSA faces in its efforts to enhance newborn survival through timely and

appropriate use of MNCH services.

8.2 Recommendations for Future research projects

Due to the cross-sectional nature of our data, we could not establish temporal causality.
Therefore, we recommend longitudinal studies which assess the utilisation of MNCH services
of women at different periods from pregnancy to postpartum period, and their health outcomes.
Most of the information in our study was self-reported and subject to recall bias. Therefore, we
recommend future studies that utilise sources of information that minimise recall bias such as
patient records. In addition, we recommend more studies that investigate how health facility

factors such as health worker to patient ratio, health facility operations, availability of drugs
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and medicines affect the utilisation of MNCH services. There is minimal research on the impact
of health facility service provision on MNCH services utilisation, particularly in SSA, owing
to a lack of health facility data (269). Studies which utilise health facilities data linked
individual/patient records are useful for describing the quality-of-service provision by health
facilities in SSA and revealing gaps in service provision across health facilities, as well as its

influence on MNCH services utilisation.

We have several recommendations regarding the implementation Machine Learning. Firstly,
the application of Machine Learning is still growing, particularly in SSA, therefore there is a
need for capacity building through training and provision of technological resources to increase
its use. We also suggest collaboration between research institutions, academic stakeholders,
policy makers and regulatory authorities for exchange of knowledge and information.
Secondly, the capabilities of Machine Learning application in research are still developing. For
instance, our study could not consider survey design in the Machine Learning analysis because
of the lack of inbuilt functions in Machine learning algorithms to incorporate clusters and
stratification variables for complex survey data such as DHS surveys and this may limit
generalizability of the findings (268). Hence, we recommend more research of growing the

capability functions of Machine Learning methods in all Machine Learning softwares.

8.3 Strengths and Limitations

The strength of this study is that the study used nationally representative data therefore the
findings are generalisable and applicable to countrywide policies and interventions. In addition,
the study explored the use of novel analytical methods like Machine Learning in predicting the
utilisation MNCH services. These methods are computationally strong than conventional
statistical methods when using big data like DHS surveys and capable of revealing hidden

patterns and relationships in data. The study also adds empirical evidence on the
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interrelationships between utilisation of different MNCH services and neonatal mortality to the

body of literature.

However, the study has several limitations. Questions on main services of MNCH, gestational
age, childbirth weight and newborn mortality relied on women'’s self-report which is subject to
recall bias. Our research also depended on the completeness of data on variables of interest in
all rounds of the DHS surveys; as a result incomplete or unavailable data, the study did not
evaluate other organisational factors such as quality of obstetric and postnatal care, structural
factors such as traditional practices and religion, relationship factors such as family support
and relationship power dynamics, and individual factors such as history of pregnancy and
obstetric complications. Additionally, the generalisability of the Machine Learning analysis
results is limited because the analysis could not factor the complex survey design (268).
Additionally, it was also not possible to establish temporal causality due to the cross-sectional

nature of the data.

8.4 Conclusions

In conclusion, this study aimed to describe the utilisation of the MNCH services and
associations with neonatal mortality in three sub-Saharan African countries namely the DRC,
Kenya and Tanzania. Overall, the study showed suboptimal uptake of early ANC, very low
retention of women and children in the MNCH continuum, with most women and children
dropping out from the CoC at postpartum. The findings also showed the existence of social,
health system and individual inequalities in MNCH and their impact on child health outcomes.
Poverty, rural location, long travel distances to access health facilities, unaffordable medical
expenses, home deliveries, poor quality of care, low levels of education, high parity, younger
age, unemployment, limited exposure to mass media, and unplanned pregnancies characterise

women who are vulnerable to unequal and poor MNCH services utilisation. Context-specific
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intervention programs such as female education and economic empowerment, MNCH
promotion programs via mass media, improving geographic accessibility and quality of care,
particularly for the most vulnerable groups of the populations such as women of low
socioeconomic status and rural women are essential to improve the utilisation of MNCH

services and meeting the SDG-3 goals.

Modern biostatistical methods were used to model the utilisation of MNHC services. Machine
Learning methods provide essential tools to understand public health problems and should be
applied in assessing the utilisation of MNCH services to develop effective targeted
interventions in high-risk populations. The GSEM established interconnections between the
timing of ANC, ANC visits, SBA and PNC and neonatal mortality. The timing of the first ANC
contact is an important entry point to a continuation through the COC. It makes women better
informed about pregnancy and the subsequent use of MNCH services. All stakeholders should
direct more efforts towards promoting early ANC initiation through various initiatives
including increasing women’s access to information platforms, enhancing female education,

improving household incomes, and bringing services closer to communities.

155



APPENDIX
STATA DO files

Descriptive and Multilevel logistic regression analysis
use drc_descr, clear
***survey set the data, using cluster, sample weight and stratification variables
svyset psu [pweight=sampwit], strata(strata)

***descriptive analysis

svy: tab residence

svy: tab residence, count

svy: tab age_group_new_cat

svy: tab age_group_new_cat, count
svy: tab education_1

svy: tab education_1, count

svy: tab birth_order

svy: tab birth_order , count

svy: tab household_size

svy: tab household_size , count
svy: tab wealth

svy: tab wealth , count

svy: tab anc_timing

svy: tab anc_timing , count
***multilevel logistic regression model

svy:logit anc_timing i.residence i.education_1 i.birth_order i.wealth i.household_size
i.age_group_new_cat, or

**x**prediction scores

svy:logit anc_timing i.residence i.education_1 i.birth_order i.wealth i.household_size
i.age_group_new_cat

predict p
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GSEM mediation analysis
**GSEM model with random effects

gsem (rh_sba ->rh_pnc, ) (rh_anc_visits ->rh_sba, ) (rh_anc_visits -> rh_pnc, ) (rh_pnc ->
neomort, family(binomial) link(logit)) (anc_timing ->rh_anc_visits, ) (residence ->rh_sba, )
(M1[psu] -> neomort, family(binomial) link(logit)) (medgo -> neomort, family(binomial)
link(logit)) (medcost -> rh_pnc, ) (mother_education -> rh_anc_visits, ) [pweight =
sample_weight], covstruct(_lexogenous, diagonal) latent(M1 ) nocapslatent

***assessing model fit
estat ic
****astimation of direct total, indirect and direct effects

gsem, coeflegend

***direct effect of PNC on neonatal mortality

nlcom _b[neomort:rh_pnc]

***indirect effects via ANC visits and SBA
nlcom _b[rh_sba:rh_anc_visits]*_b[rh_pnc:rh_sbha]* _b[neomort:rh_pnc]
**total effects

nlcom _b[neomort:rh_pnc] + _b[rh_sba:rh_anc_visits]* b[rh_pnc:rh_sba]* b[neomort:rh_pnc]

***indirect effects via ANC visits

nlcom _b[rh_pnc:rh_anc_visits]* _b[neomort:rh_pnc]

**total effects

nlcom _b[neomort:rh_pnc] + _b[rh_pnc:rh_anc_visits]* _b[neomort:rh_pnc]
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Machine Learning in R

#it#call packages from library
library(haven)
library(tidyverse)
library(magrittr)
library(CHAID)
library(partykit)
library(caret)
library(dplyr)
library(devtools)
require(devtools)
library(DMwR)
library(ROSE)
library(rpart)

library (rpart.plot)
library(RColorBrewer)
library(rattle)
library(vip)
library(MLeval)
library(pROC)
library(LogicReg)
devtools::install_cran(*'survey")
library(survey)

##H#H#bring in data

drc_mac_data <- read_dta("drc_mac.dta")
str(drc_mac_data)

head(drc_mac_data)

#Convert to factor level

drc_mac_data <-drc_mac_data %>% mutate(householdwealth=factor(householdwealth, levels = c(1, 2, 3),

labels = c('middle’, 'poor’, 'rich")),
birthorder=factor(birthorder, levels = ¢(1,2,3), labels = c('threeormore’, 'one’, 'two")),
ancvisits=factor(ancvisits, levels = ¢(0,1), labels = c('lessthanfour’, ‘fourormore’)),
SBA=factor(SBA, levels = ¢(0,1), labels = c('hadSBA", 'noSBA)),
PNC-= factor(PNC, levels = ¢(0,1), labels = c(‘hadPNC', 'noPNC"),
placedelivery= factor(placedelivery, levels = ¢(0,1), labels = c(*facility’, 'home")),
anctiming = factor(anctiming, levels = ¢(0, 1), labels = c(‘early’, 'late")),
qualityanc = factor(qualityanc, levels = ¢(0, 1), labels = c('low', 'high"),
education = factor(education, levels = ¢(0, 1), labels = c(high’, 'low")),
househead = factor(househead, levels = ¢(0, 1), labels = c(‘female’, 'male")),

maternalage = factor(maternalage, levels = c(0, 1), labels = c('15t024years', '25t049years")),

media = factor(media, levels = ¢(0, 1), labels = c('noexposure’, 'exposed')),
health_insur = factor(health_insur, levels = c(0, 1), labels = c('notcovered', ‘covered"),
medcost = factor(medcost, levels = ¢(0, 1), labels = c('nobigproblem’, ‘bigproblem)),
meddist= factor(meddist, levels = ¢(0, 1), labels = c('nobigproblem’, 'bigproblem")),
medgo = factor(medgo, levels = ¢(0, 1), labels = c('nobigproblem’, ‘bigproblem)),
wantedpreg = factor(wantedpreg, levels = ¢(1,2,3), labels = c('then’, 'late’, 'nomore")),

financialdecisions = factor(financialdecisions, levels = ¢(0,1), labels = c(‘hasautonomy’, 'noautonomy")),

residence = factor(residence, levels = c(0, 1), labels = c('urban’, 'rural’)),

employed = factor(employed, levels = c(0, 1), labels = c('no’, 'yes"),
haspartner=factor(haspartner, levels=c(0,1), labels=c('no’, 'yes"),
caesar=factor(caesar, levels=c(0,1), labels=c('no’, 'yes")),

termpreg = factor(termpreg, levels = ¢(0, 1), labels = c(‘'nohistory', 'hashistory"))) %>%
na.omit()
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#it#ttkeep the selected variables
drc_mac_data <- drc_mac_data %>%

select(c(PNC, anctiming,placedelivery, ancvisits, qualityanc, education,
residence,medcost,health_insur,caesar, employed,financialdecisions,weight))

str(drc_mac_data)

#it##split into training and testing data
set.seed(1)
# Step 1: Get row numbers for the training data

trainRowNumbers <- createDataPartition(drc_mac_data$PNC, p=0.80, list=FALSE)

# Step 2: Create the training dataset
drctrainData <- drc_mac_data[trainRowNumbers,]

# Step 3: Create the test dataset
drctestData <- drc_mac_data[-trainRowNumbers,]

##H##H#Use ROSE correct for class imbalance
rose <- ROSE(PNC~., data = drctrainData, N = 6990, seed=111)$data
table(rose$PNC)

####Train the Decision Tree

set.seed(12)
fit.tr2 <- rpart(PNC~., data = rose, method = 'class’,
control=rpart.control(minsplit =3,
minbucket =3, cp=-1, maxdepth=3))

##plot the Decision Tree
par(xpd = TRUE)

rpart.plot(fit.tr2, extra = 106)
rpart.plot(fit.tr2)
print(fit.tr2)

fancyRpartPlot(fit.tr2, caption = NULL)
text(fit.tr2, use.n = TRUE, all = TRUE)

print(fit.tr2)
#itttest the decision tree using test data

p <- predict(fit.tr2, drctestData, type = 'class’)
confusionMatrix(p, drctestData$PNC, positive="noPNC")
predict.p<-predict(fit.tr2,newdata=drctestData, type="raw"
confusionMatrix(p, drctestData$PNC,

positive="noPNC", mode="everything")
library(pROC)
predicttree <- predict(fit.tr2, drctestData, type = 'prob’)
pROC::roc(drctestData$PNC,predicttree[,2])

roc_object <- roc( drctestData$PNC, predicttree)
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###Train the logistic regression
set.seed(13)

mylogit <- train(
PNC ~ .,
data = rose,
method = "glm",
family = "binomial",
trControl = trainControl(method = "cv", number = 10)

)

pred_class <- predict(mylogit, drctestData)

confusionMatrix(
data = relevel(pred_class, ref = "noPNC"),
reference = relevel(drctestData$PNC, ref = "noPNC")

)

predictlog <- predict(mylogit, drctestData, type = 'prob’)
pROC::roc(drctestData$PNC,predictlog[,2])

roc_object <- roc( drctestData$PNC, predictlog)
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Machine Learning in Python

###Call in packages
import pandas as pd
import numpy as np

import os

from pandas import read_stata

from numpy import set_printoptions

from sklearn.feature_selection import SelectKBest
from sklearn.feature_selection import f_classif

from imblearn.over_sampling import KMeansSMOTE
from sklearn.cluster import KMeans

from sklearn.metrics import confusion_matrix

from sklearn.metrics import classification_report

import numpy as np

import matplotlib.pyplot as plt

from sklearn.metrics import roc_auc_score

from sklearn.metrics import precision_score, recall_score, f1_score, accuracy_score

from sklearn.linear_model import LogisticRegression
from sklearn.metrics import accuracy_score
from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from sklearn.preprocessing import MinMaxScaler

from sklearn.metrics import confusion_matrix, ConfusionMatrixDisplay
from sklearn.svm import SVC

from sklearn.model_selection import GridSearchCV
from sklearn.neural_network import MLPClassifier

import random
from sklearn.tree import DecisionTreeClassifier

from sklearn.ensemble import RandomForestClassifier
from sklearn.model_selection import RandomizedSearchCV
from sklearn.metrics import roc_curve, auc

import matplotlib.pyplot as plt

import numpy as np

% matplotlib inline

from sklearn.metrics import roc_curve
from sklearn.metrics import roc_auc_score
from sklearn import metrics

from sklearn.inspection import permutation_importance
from matplotlib import pyplot

print(os.getcwd())

C:\Users\chena
print(os.listdir())
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#itttread the data

drc = pd.read_stata('drc_mac_data.dta’,columns=['residence’,
‘education’,'birthorder’,"agegroup’,'exposuremedia’,
‘completeCOC')

***create dummy variables of selected features
drc2=pd.get_dummies(drc, columns =['residence’, 'education’,'birthorder’,'exposuremedia’, ‘agegroup’,

)

***assign feature and target columns
feature_cols=list(drc2.columns[1:12])
target_cols=drc2.columns[0]

print("Feature columns:n\{}", format(feature_cols))

Feature columns:n\{} ['residence_urban', 'residence_rural’, 'education_lower', 'education_higher', 'birthorder_
one', 'birthorder_two', ‘birthorder_threemore’, ‘exposuremedia_no', ‘'exposuremedia_yes', ‘agegroup_younger’,
‘agegroup_older’]

print("n\target columns: {}", format(target_cols))

n arget columns: {3} completeCOC

X=drc2[feature_cols]
y=drc2[target_cols]

#it#tdescribe the outcome
y.value_counts()

incomplete 7850
complete 691

#iH#split into train and test datasets
X_train, X_test, Y_train, y_test=train_test_split(X, y, stratify=y,train_size=.80, random_state=0)

##t#standard scale of X features
scaler = MinMaxScaler()
scaler.fit(X_train)

X_train = scaler.transform(X_train)
X_test = scaler.transform(X_test)

###assigning unique valuesto Y
y_test =y test.map({'incomplete": 1, ‘complete": 0}).astype(int)

Y_train = Y_train.map({'incomplete: 1, ‘complete”: 0}).astype(int)

## applying KmeansSMOTE to X and Y train data to correct class imbalance
kmeans_smote = KMeansSMOTE(
kmeans_estimator=KMeans(n_clusters=8, random_state=0),
cluster_balance_threshold=0.06,
sampling_strategy="minority’,
k_neighbors=1
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X_train_res, y_train_res = kmeans_smote.fit_resample(X_train, Y_train)
y_train_res.value_counts()

0 6281
1 6279
Name: completeCOC, dtype: int64

#it# Train the logistic regression
Ig = LogisticRegression(solver="lbfgs',max_iter=300,random_state = 0)

lg.fit(X_train_res, y_train_res)

##Test the trained Logistic regression model

Ig_prediction = Ig.predict(X_test)
print(accuracy_score(lg_prediction, y_test))

print('Precision: %.3f' % precision_score(lg_prediction, y_test))
print('Recall: %.3f' % recall_score(lg_prediction, y_test))
print('F1 Score: %.3f' % f1_score(lg_prediction, y_test))
confusion_matrix(y_test, Ig_prediction)

###Train the Support Vector Machine
svc = SVC(kernel = 'rbf', random_state = 0)
svc.fit(X_train_res, y_train_res)

###Test the model
svc_prediction = svc.predict(X_test)

print(accuracy_score(svc_prediction, y_test))

###hypertune the parameters of the model
param_grid = {'C" [0.1, 1, 10, 100, 1000],
‘gamma’: [1, 0.1, 0.01, 0.001, 0.0001],
‘kernel’: ['rbf}
random_state=(0)
grid2 = GridSearchCV(SVC(), param_grid, refit = True, verbose = 3)

# fitting the model for grid search
svm2=grid2.fit(X_train_res, y_train_res)

###print the best parameters

print(svm2.best_params_)

# print how our model looks after hyper-parameter tuning
print(svm2.best_estimator_)

SVC(C=0.1, gamma=1)

###use the best parameters to train the model
svm3 = SVC(kernel = 'rbf', gamma=1, C=1000,probability=True, random_state = 0)

svma3.fit(X_train_res, y_train_res)
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#it#test the model

svm3_prediction = svm3.predict(X_test)
print(accuracy_score(svm3_prediction, y_test))

print(‘Precision: %.3f' % precision_score(svm3_prediction, y_test))
print(‘'Recall: %.3f" % recall_score(svm3_prediction, y_test))
print('F1 Score: %.3f' % f1_score(svm3_prediction, y_test))

### neural network model training
nnw = MLPClassifier(solver='sgd', max_iter=300, random_state=0)

nnw.fit(X_train_res, y_train_res)

#ittest the model

nnw_prediction = nnw.predict(X_test)
print(accuracy_score(nnw_prediction, y_test))

###neural network hyperparameter tuning

mlp_gs = MLPClassifier(max_iter=300)
parameter_space = {

‘activation": ['tanh’, 'relu’],

'solver": ['sgd', 'adam’],

‘alpha’: [0.0001, 0.05],
}

random.seed(0)
nnw2= GridSearchCV(mlp_gs, parameter_space, n_jobs=-1, cv=5)

nnw2.fit(X_train_res, y_train_res)

##H#print the best parameters
print(nnw2.best_params_)

{'activation": 'relu’, 'alpha’: 0.0001, 'solver": 'sgd'}
# print how our model looks after hyper-parameter tuning
print(nnw2.best_estimator_)

MLPClassifier(alpha=0.05, max_iter=300, solver='sgd’)
##H#train the model with the best parameters

nnw3 = MLPClassifier(solver="adam’, alpha=0.0001,
max_iter=600, activation="relu', random_state=0)

nnw3.fit(X_train_res, y_train_res)

#it#test the model

nnw3_prediction = nnw3.predict(X_test)
print(accuracy_score(nnw3_prediction, y_test))

print(‘Precision: %.3f' % precision_score(nnw3_prediction, y_test))
print('Recall: %.3f' % recall_score(nnw3_prediction, y_test))
print('F1 Score: %.3f' % f1_score(nnw3_prediction, y_test))
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#i#t##t decision tree training
dt = DecisionTreeClassifier(random_state = 0)
dt.fit(X_train_res, y_train_res)

***test the model
dt_prediction = dt.predict(X_test)

print(accuracy_score(dt_prediction, y_test))

#it#hyper parameter tuning the decision tree

params = {
‘criterion’: ['gini', 'entropy'],
'max_depth": [None, 2, 4, 6, 8, 10],
'max_features": [None, 'sqrt', 'log2', 0.2, 0.4, 0.6, 0.8],
‘splitter”: ['best’, 'random’]
}

random.seed(0)
dt2=GridSearchCV(estimator=DecisionTreeClassifier(),param_grid=params,cv=>5,verbose=3)

###print best parameters
print(dt2.best_params_)

dt3 = DecisionTreeClassifier(criterion="entropy’, max_depth=4, max_features=0.2, splitter="best’,
random_state = 0)

#it#ttrain the model with the best paramters
dt3.fit(X_train_res, y_train_res)

#it#test the model

dt3_prediction = dt3.predict(X_test)
print(accuracy_score(dt3_prediction, y_test))

print(‘Precision: %.3f' % precision_score( dt3_prediction,y_test))
print('Recall: %.3f' % recall_score(dt3_prediction, y_test))
print('F1 Score: %.3f' % f1_score(dt3_prediction, y_test))

#it##train the Random Forest

rf = RandomForestClassifier(random_state = 0)
rf.fit(X _train_res, y_train_res)

#it#test the model

rf_prediction = rf.predict(X_test)

print(accuracy_score(rf_prediction, y_test))

##thypertuning random forest
# Number of trees in random forest
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n_estimators = [int(x) for x in range(200,2000,200)]

# Number of features to consider at every split

max_features = [None,'log2','sqrt' , 1,10]

# Maximum number of levels in tree

max_depth = [int(x) for x in np.linspace(10, 110, num = 11)]

max_depth.append(None)

# Minimum number of samples required to split a node

min_samples_split = [2, 5, 10]

# Minimum number of samples required at each leaf node

min_samples_leaf = [1, 2, 4]

# Method of selecting samples for training each tree

bootstrap = [True, False]

criterion=["gini", "entropy"]

# Create the random grid

# Create the random grid

random_grid = {'n_estimators': n_estimators,
'max_features': max_features,
'max_depth": max_depth,
'min_samples_split': min_samples_split,
'min_samples_leaf': min_samples_|leaf,
‘criterion’: criterion,
'bootstrap': bootstrap}

print(random_grid)

rf_random = RandomizedSearchCV (estimator = rf, param_distributions = random_grid,
n_iter = 100, cv = 3, verbose=2, random_state=0, n_jobs = -1)

# Fit the random search model
rf_random.fit(X_train_res, y_train_res)

###print the best parameters

rf_random.best_params_

##H#train the model with the best parameters

rfl = RandomForestClassifier(n_estimators=1200,min_samples_split=2, min_samples_leaf=4,
max_features=1,max_depth=70, bootstrap=True, criterion='gini', random_state = 0)

rfl.fit(X_train_res, y_train_res)

#it#test the model

rfl_prediction = rfl.predict(X_test)
print(accuracy_score(rf1_prediction, y_test))

print(‘Precision: %.3f' % precision_score(rf1_prediction, y_test))
print('Recall: %.3f' % recall_score(rf1_prediction, y_test))
print('F1 Score: %.3f' % f1_score(rf1_prediction, y_test))

###PLOR ROC curves
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###logistic regression

Ig_pred = Ig.predict_proba(X_test)[::,1]

lg_auc =roc_auc_score(y_test, Ig_pred)

print(‘Logistic Regression AUROC = {:.3f}".format(lg_auc))
Ig_fpr, Ig_tpr, _=roc_curve(y_test, Ig_pred)

###random forest

rf_pred = rfl.predict_proba(X_test)[::,1]

rf_auc = roc_auc_score(y_test, rf_pred)

print('Random Forest Regression AUROC = {:.3f}".format(rf_auc))
rf_fpr, rf_tpr, _=metrics.roc_curve(y_test, rf_pred)

#it#Hdecision tree

dt_pred = dt3.predict_proba(X_test)[::,1]

dt_auc =roc_auc_score(y_test, dt_pred)

print('Decision tree Regression AUROC = {:.3f}.format(dt_auc))
dt_fpr, dt_tpr, _=roc_curve(y_test, dt_pred)

#i#support vector machine

svm_pred = svm3.predict_proba(X_test)[::,1]

svm_auc = roc_auc_score(y_test, svm_pred)

print('SVM Regression AUROC = {:.3f}.format(svm_auc))
svm_fpr, svm_tpr,_=roc_curve(y_test, svm_pred)

###artificial neural network

ann_pred = nnw3.predict_proba(X_test)[::,1]

ann_auc = roc_auc_score(y_test, ann_pred)

printCANN Regression AUROC = {..3f}".format(ann_auc))

ann_fpr, ann_tpr, _=roc_curve(y_test,ann_pred)

plt.plot(lg_fpr, Ig_tpr, linestyle ='--', label = 'LR (AUROC ={:.2f})".format(lg_auc))
plt.plot(rf_fpr, rf_tpr, linestyle ='--', label = 'RF (AUROC ={:.2f})".format(rf_auc))
plt.plot(dt_fpr, dt_tpr, linestyle ='--', label = 'DT (AUROC ={:.2f})".format(dt_auc))
plt.plot(svm_fpr, svm_tpr, linestyle ="--', label = 'SVM (AUROC ={:.2f})".format(svm_auc))
plt.plot(ann_fpr, ann_tpr, linestyle ="--', label = '"ANN(AUROC ={:.2f})".format(ann_auc))
#Title

#plt.title("ROC Plot")

#Axis labels

plt.xlabel('False Positive Rate')
plt.ylabel('True Positive Rate")
#Show legend
plt.legend(loc="lower right")

plt.show()
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###feature importance using the Random Forest
perm_importance = permutation_importance(rfl, X_test, y_test, n_repeats=10, random_state=0)
sorted_idx = perm_importance.importances_mean.argsort()

fig = plt.figure(figsize=(12, 6))
plt.barh(range(len(sorted_idx)), perm_importance.importances_mean[sorted_idx], align="center")
plt.yticks(range(len(sorted_idx)), np.array(X.columns)[sorted_idx])
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