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Abstract

All-cause under-five mortality (U5M) forms a key parameter for monitoring and planning of
health strategies. Decision-makers need to understand subnational variations in U5M and
its determinants to plan equitable and efficient service delivery. To improve our
understanding of the variation in U5M and its determinants, the thesis estimates trends of
U5M, its determinants and their association between 1965 and 2015 across 47 counties
used for decision making in Kenya.

Twenty household surveys and three censuses (1989-2015) were assembled and aligned
to county boundaries. U5M was generated through cohort and period demographic
techniques and smoothed via a Bayesian ecological spatio-temporal Gaussian process
regression accounting for variation in sample size, demographic methods and spatiotemporal relatedness. The coverage/prevalence of 43 determinants was estimated using
small-area estimation and model-based geostatistics approaches. Inequities, summary
indices and progress in meeting health development goals were evaluated. Under-five
lives saved or lost given the changes in determinants relative to 1993 were computed in a
counter-factual framework based on a Bayesian ecological space-time mixed-effects
regression model.

Nationally, U5M reduced by 62% characterized by declines and reversal. At the county
level, reductions were heterogeneous and inequitable ranging between 20% to 80%.
Likewise, there was an uneven improvement in the coverage of interventions and
reduction in infection prevalence with disadvantaged counties coinciding with high U5M
areas. Development goals were sub-optimally achieved for both U5M and determinants.
Nationally, U5M reversal in 1990s was associated with rising HIV infection and maternal
autonomy decline. Post-2006, U5M decline was associated with a decline in HIV, malaria,
stunting and improvement in sanitation, early breastfeeding, institutional delivery,
treatment-seeking and maternal autonomy. Declining high parity and fully immunized
ii

children were associated with deterioration of U5M. Under-five lives saved or lost were
heterogeneous across counties and over time. The results provide new insights to
improve child survival for decentralized health planning in Kenya by prioritizing
marginalized counties.
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1 Chapter 1: Introduction

1

1.1 Chapter 1 overview

Chapter 1 lays the foundation and rationale for the thesis. It involves modelling all-cause
under-five mortality (U5M) and its determinants at sub national unit (county level) and
additionally quantifying the role of these determinants on changes in U5M over time in
Kenya. The chapter is organized into several parts, which include; the importance of
measuring and tracking U5M (Section 1.2 and 1.3), trends in U5M and causes of child
deaths in sub-Saharan Africa (SSA) (Section 1.4 and 1.5). This is followed by a review of
the determinants of U5M and how they are associated with child survival (Section 1.6).
The need for granular estimates at the county level is discussed (Section1.10) alongside
the concepts of equity (Section 1.8) and decentralization (Section 1.9). Studies focusing
on subnational estimates of U5M are reviewed (Section 1.11). The last section (Section
1.12) focuses on Kenya context and concludes with defining the thesis research questions
(Section 1.13).

1.2 The need to quantify under-five mortality

U5M - the probability of death before age five, usually expressed per 1,000 live births, is
an important indicator of child health and survival, a population’s well-being, a nation’s
development and the success of government policies related to child health [Tulloch,
1999; Ikamari, 2004; Hill & Amouzou, 2006; Brady & Hill, 2017]. It is a product of the
social, economic, environmental and healthcare systems that children are born into
[Murray et al., 2000b; Reidpath & Allotey, 2003]. It, therefore, forms the basis of planning
health strategies, programs, policies and interventions [UN IGME, 2006; Chin et al., 2011;
Hill et al., 2012; Yaya et al., 2017].

U5M is a commonly preferred indicator among other measures of childhood mortality. This
is because it is representative of cumulative mortality in early childhood up to an age
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where mortality rates are reasonably low, and it best captures the relationship between
population-level mortality and the proportion of children who have died [Brass, 1964; Hill &
Pebley, 1989]. In addition, it is less sensitive to assumptions made about mortality
patterns of the study population in comparison to other measures, e.g. infant mortality rate
(IMR), when indirect methods are used for estimation [Hill, 1981; Hill et al., 2012; Coale et
al., 2013].

The importance of reducing U5M in a population has been widely recognized as a health
system goal [Black et al., 2003; Murray et al., 2007]. Therefore, central to every health
system is avoiding premature mortality and reducing it as much as possible. As a result,
goals to reduce U5M have become fundamental to all health development agendas [GBD
Child Mortality Collaborators, 2017]. Various milestones for evaluating progress in
improving child survival have been put into place over the last 30 years as specific
development goals [UNICEF, 1990; UN, 1994, 2000, 2016] (Table 1.1).

During the World Summit for Children (WSC), convened in New York in 1990, the
reduction of the U5M by one-third (WSC 1) or to 70 deaths per 1,000 live births (WSC 2),
between 1990 and 2000 (Table 1.1) was established [UNICEF, 1990]. The goals were
anchored on the gains made in child survival during the 1980s [Black et al., 2003]. Four
years later (1994), the International Conference on Population and Development (ICPD)
was convened and adopted all the goals related to U5M from WSC [UN, 1994] (Table
1.1). At the dawn of the millennium, in 2000, the United Nations (UN) Millennium
Declaration identified the improvement of child health as one of the eight goals for
furthering human development. Millennium Development Goal (MDG) 4 aimed to reduce
U5M by two-thirds by 2015, relative to its context-specific level in 1990 equivalent to 4.3%
annual average rate of reduction (ARR) [UN, 2000] (Table 1.1).

New global targets, in the form of 17 Sustainable Development Goals (SDGs), were
endorsed in 2015 [UN, 2016]. The adoption of SDGs saw a paradigm shift from specific
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targets to broader health system goals. The targets set by SDG 3 seeks to achieve
healthy lives and promoting well-being for all, at all ages. Crucial to child survival is subgoal 3.2, which targets to end preventable deaths of new-borns and children under five
years by 2030. In addition, it seeks to reduce neonatal mortality to at least 12 deaths per
1,000 live birth and reduction of U5M to 25 deaths per 1,000 live births by 2030 [UN,
2016] (Table 1.1).

To fast track the SDGs, the UN launched an initiative called ‘To advance every woman
every child’ meant to hasten the declines in maternal, newborn and childhood deaths
[UNICEF, 2012]. UN International Children's Emergency Fund (UNICEF) together with
governments of Ethiopia, India and the USA met under the “Child survival call to action” in
2012, with a declaration that reduction to at least 20 deaths per 1,000 live births was
feasible by 2035. Stakeholders have pledged to redouble their efforts by focusing on
evidence-based plans, mutual accountability, transparency, global communication and
social mobilization [UNICEF, 2012, 2017a].

Table 1.1: International goals for tracking and monitoring child survival. The goals include either a
percentage reduction or an absolute target between 1990 and 2035.
Period
1990-2000
1990-2000

Target (per 1,000 live births)
Reduce U5M by one-third, or
to 70
Reduce U5M by one-third, or
to 70

1990-2015

Reduce U5M by two-thirds

2015-2030

Reduce U5M to 25 or below

2015 - 2035

Reduce U5M to 20 or below

Meeting
World Summit for Children (WSC)
New York-1990
The International Conference on Population
and Development (ICPD)
Cairo-1994
UN Millennium Declaration
New York-2000
The UN Sustainable Development Summit
New York-2015
Committing to Child Survival: A Promise
Renewed Washington, D.C-2012

Numerous initiatives have been put in place to track trends in U5M and increase the
chances of child survival. The Maternal, Newborn, and Child Survival (Countdown 2015)
was established in 2005 by the Bellagio Lancet Child Survival series motivated by the
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MDGs. It tracked progress made on reproductive, maternal, newborn, and child health
indicators (RMNCH) related to MDGs 4 and 5. Country-specific case studies were
conducted to better understand the trends in child survival and its relationship to health
interventions at national levels in SSA [Amouzou et al., 2012; Afnan-Holmes et al., 2015;
Armstrong et al., 2016; Kanyuka et al., 2016; Victora et al., 2016b; Keats et al., 2017;
Ruducha et al., 2017]. After being rebranded to “Countdown 2030” [Berman et al., 2016],
the focus has shifted from national to sub-national estimates [Armstrong et al., 2016].

The World Health Organization (WHO) established the Child Health Epidemiology
Reference Group (CHERG) (http://cherg.org/home.html) in 2001, as an independent
source of technical expertise on child morbidity and mortality estimates at global and
country level. CHERG has been developing and deploying new and improved evidence on
the causes of the child morbidity and mortality, on intervention coverage, and on the
effectiveness of interventions [CHERG collaborators, 2013]. More recently, UNICEF
developed EQUIST (Equitable Impact Sensitive Tool), a web-based platform aimed at
improving equity of child and maternal health in Low- and Middle-Income Countries
(LMICs). It incorporates the functionality of Lives Saved Tool (LiST) to model lives saved,
identifying cost-effective interventions and targets the most effective and equity-focused
strategies to increase intervention coverage (https://www.equist.info/).

Having discussed the importance of tracking and reducing U5M and goals for tracking
progress, the next section reviews how U5M is measured in SSA.

1.3 Measuring U5M in sub-Saharan Africa

An essential requirement for undertaking an evaluation of U5M in a country is not only the
availability of data but also its accuracy, timeliness and appropriateness [Hill & Pebley,
1989]. This is because the estimates are used for decision making and to guide
population health assessment [Hill & Pebley, 1989; Hill, 1991; Ahmad et al., 2000; IEAG,
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2014; Mercer et al., 2015]. Data from the Civil Registration and & Vital Statistics (CRVS)
are the gold standard source of information when measuring U5M [Hill, 1991; UN, 1998]. It
offers continuous, consistent, complete and accurate data with cause of death (CoD)
information and is cost-effective in the long term [WHO, 2013a].

However, CRVS are either non-existent or incomplete in most SSA countries hindering
tracking of U5M [Hill et al., 2007; Mahapatra et al., 2007; Setel et al., 2007; Ye et al.,
2012; UN, 2014]. Consequently, in countries where U5M is highest, most deaths often go
unrecorded [Setel et al., 2007; Bhatia et al., 2019]. Sample Registration Systems (SRS)
might be used where CRVS are either not available or not fully developed. However, SRS
requires similar operational mechanisms as those of a CRVS and are incapable of
providing estimates for all subnational units across a single country [UN, 2014].

Health and Demographic Surveillance Systems (HDSSs), where vital events are identified
via regular household visits, have often been used to estimate U5M [Chandramohan et
al., 2008]. However, they occupy small geographical areas and are not representative
samples; thus, estimates cannot be extrapolated to the national level [Bocquier et al.,
2017]. Additionally, they are characterized by trials of novel health interventions which
have a positive impact on child survival when compared to the population outside HDSS
[Sankoh & Byass, 2012; Mercer et al., 2014; Deribew et al., 2016].

When a complete enumeration of all children in a defined location is available (CRVS,
HDSS, SRS), U5M is calculated as the number of under-five deaths divided by the live
births for the period under consideration. Population censuses provide the denominator (
in the case of CRVS) to account for net migration [UN, 1988; IDRC, 2002; Rutstein &
Rojas, 2006; Deribew et al., 2016]. The dearth of reliable data from CRVS remains a
significant problem affecting the estimation of the levels and trends of U5M in SSA.
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In the absence of quality and adequate data from CRVS, U5M is typically estimated using
data from household sample surveys and population censuses. Population census is
conducted after every ten years to provide data on: population size, composition, spatial
distribution; fertility, mortality and migration rates; education and housing conditions. A 520% random sample size is typically released to the research community and usually
hosted in online data portals [KNBS, 2016; Minnesota Population Center, 2016]. Mortality
related data are secondary to the purpose of a census and are often collected with less
attention to details [UN, 1998, 2012, 2014; Hill et al., 2007; Dwyer-Lindgren et al., 2014].

Equally, nationally representative, cross-sectional household sample surveys collect birth
histories, socio-demographic and health indicators to track progress on the uptake of
selected health interventions. The household sample surveys are carried out every three
to five years, are contextually and geographically focused and include intensive training of
fieldworkers. However, they are not designed for parameter estimation at small-area scale
(such as a county), necessary for localized planning.

Examples of household sample surveys include the Demographic and Health Surveys
(DHS) [ICF, 2016] and the Multiple Indicator Cluster Surveys (MICS) [UNICEF, 2016]. The
DHS is among the key surveys, which is an ongoing collaboration between the United
States Agency for International Development (USAID) and country-specific agencies in
LMICs since 1984 [Corsi et al., 2012]. The DHS was an update to the World Fertility
Survey (WFS) (1972-1984) that focused on fertility, family planning and nutritional status
of women and children [Corsi et al., 2012].

Population census and household sample surveys collect retrospective data that ask
mothers (15-49 years or in some contexts the married women) about births and deaths of
their children collectively known as birth history. The birth history collected can either be a
complete birth history (CBH) or a summary birth history (SBH). The key information
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collected for a CBH during a survey for each child born alive is the date of birth, whether
the child is still alive, and if not, the age at death [UN, 1990; Curtis, 1995; Hill et al., 2015].

CBH is time-consuming, incurs high costs and is administered only in a few sample
household surveys especially DHS and MICS [Rajaratnam et al., 2010b; Pedersen & Liu,
2012; Hill et al., 2015]. SBH entails a limited set of questions on the total Children Ever
Born (CEB) and Children Dead (CD) among the CEB. Although SBH questions are asked
in a variety of formats, only three responses are needed (CEB, CD, mother’s age or time
since first birth and/or marriage). Thus, less time and cost are incurred to collect SBH data
compared to CBH data. Consequently, SBH is contained within almost all censuses and
most household sample surveys [Hill et al., 2007; Rajaratnam et al., 2010b].

Importantly birth histories (both the CBH and SBH) are collected retrospectively and are
thus prone to recall bias, age misreporting, omissions of deaths and births and net
migration is assumed to be zero [Curtis, 1995]. Furthermore, only surviving women aged
15-49 (or married women) at the time of the survey are interviewed. Thus, child survival
experiences of mothers who have died or whose mothers are aged ≥49 or ≤15 years are
not collected. On the other hand, the retrospective nature of the birth history data (SBH
and CBH) is advantageous since it allows U5M to be estimated for up to 25 years prior to
when the survey was conducted (Sections 2.2, 2.3 and 3.2.3).

Direct methods (Section 2.2) are used to estimate U5M when CBH data is available due
to the availability of a full distribution of births and deaths. However, SBH is neither time
nor age-specific and require a suite of indirect demographic methods (Section 2.3) to
estimate U5M [UN, 2014; Brady & Hill, 2017]. Combining CBH and SBH results in
improved estimates by reducing the uncertainty [Wilson & Wakefield, 2020] (Section
2.3.3). Using data from either CRVS, household surveys or censuses, global and regional
trends of child mortality have been evaluated and these are discussed in Section 1.4.
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1.4 Global and regional trends of U5M

Global U5M declines started in the late 19th century in high-income countries (HICs) while
in the LMICs it started shortly after the Second World War (WW II) [Ahmad et al., 2000].
U5M declines in LMICs were remarkable during the 1960s and 1970s with indications that
the U5M divide between LMICs and HICs would narrow substantially by 2000 [Stolnitz,
1965]. However, household surveys conducted in the 1980s showed signs of stagnation
and reversal due to the slow rate of economic development, the HIV pandemic and lack of
comprehensively tackling vaccine-preventable diseases [Gwatkin, 1980; Ahmad et al.,
2000].

Measurement of the global U5M levels and trends in the last three decades (Figure 1.1)
have been primarily driven by two groups namely, the Institute of Health Measure
Evaluation (IHME), through the Global Burden of Disease (GBD) studies and the UN’s
Inter-agency Group for Child Mortality Estimates (UN IGME). The GBD is a framework for
integrating, validating, analysing and disseminating information on the burden of diseases,
injuries and their risk factors. The first GBD study was conducted in 1996 [Murray &
Lopez, 1996], the most recent one was conducted in 2018 [Dicker et al., 2018]. The GBD
further estimates and routinely updates the CoD (Section 1.5) by age groups e.g. CoDs
before age five, described in detail in Section 1.5 and 1.12.5.

UN IGME was formed in 2004, a fusion of UNICEF, World Bank, WHO, UN Population
Division (UNPD) and the academic community. Before 2004, these groups were
generating independent and inconsistent U5M estimates based on varied data and
methods which confused policymakers [Child Mortality Coordination Group, 2006; UN
IGME, 2007; Hill et al., 2012]. Since then, the group has produced annual updates of U5M
(including neonatal, IMR and mortality for children aged 5–14 years) for 195 UN member
states with each update leveraging on new data and methods.
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Over the last three decades (1990-2017), the world witnessed a 58% decline in U5M [UN
IGME, 2017, 2018]. The global annual rates of decline were 4% between 2000 and 2015;
an increase from 1.9 % in the period 1990–2000 [UN IGME, 2017, 2018]. Despite the
significant gains made in child survival, approximately 5.4 million children died before their
fifth birthday globally in 2017 [UN IGME, 2017, 2018]. As a result, by 2015, only 62
countries out of 195 had achieved a two-thirds reduction in U5M as part of the MDG 4
[UN, 2015; UNICEF, 2015]. The global trends in U5M between 1990 and 2015 by IHME
and UNIGME are shown in Figure 1.1. Despite the trends being non-identical between
1990 and 2007 (use of different methods and assumptions), they both show that U5M has
declined from over 90 to less than 50 deaths per 1000 live births in 27 years. The causes
of these deaths are discussed in Section 1.5.

Figure 1.1: The global trend of U5M 1990-2017 by the IHME (black) and UN IGME (green)
computed using birth histories (CBH and SBH) and CRVS. U5M has declined from greater than 90
to less than 50 deaths per 1000 live births between 1990 and 2017. Source [IHME, 2019a; UN
IGME, 2019].
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Regionally, there has been significant geographic variability in U5M (Figure 1.2), and the
gap continues to widen. In 1990 there was a 20-fold difference between SSA and HICs
(180 versus 9 deaths per 1000 live births) widening to 29-fold by 2000 [Black et al., 2003].
Additionally, half of the global under-five deaths in 2015 occurred in SSA [UN IGME,
2015] and as a result, only 11 SSA countries achieved MDG 4 by 2015 [UN, 2015;
UNICEF, 2015].

Despite these differences, the rates of decline in U5M in SSA were over five times faster
during 2005–2013 in comparison to the 1990–1995 period [UN IGME, 2015]. SSA has
benefited from significant donor funding for maternal, newborn and child health [UNFPA,
2001; Leach-Kemon et al., 2012; UNICEF, 2015]. It is estimated that, between 1990 and
2014, 458 billion US dollars was disbursed from HICs to LMICs to maintain or improve
health [Dieleman et al., 2015].

Figure 1.2: Regional variation in U5M across the world in 2017. All deaths in SSA are above 40 per
1000 live births and houses six countries with over 100 per 1000 live births [UN IGME, 2017].

1.5 Causes of under-five deaths in SSA

Information on cause-specific mortality facilitates a better understanding of the disease
profile for targeted interventions among the under-fives and other population groups. For
example, in 1996, data from hospitals, verbal autopsy (VA) and interviews from 48
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epidemiological studies in 16 countries were used to estimate the leading causes of death
among the under-fives in SSA [Adetunji et al., 1996]. The information was obtained from
secondary sources due to limitations in CRVS (Section 1.3), creating an impetus for a
harmonized framework for integrating, validating, analysing and disseminating the burden
of disease through modelling techniques to allow for comparative assessment in different
populations. Consequently, the GBD was formed to collect and synthesize data to
estimate the cause-specific mortality [Murray & Lopez, 1996]. GBD estimates all-cause
mortality by age, sex, geography, and year using a modelling framework that has been
enhanced over time since its inception in 1996 [GBD 2015 Mortality and Causes of Death
Collaborators, 2016].

The first GBD was commissioned by The World Bank in 1993 [Murray & Lopez, 1996] and
was updated in 2000,2002, 2003 and 2004 by the WHO. The IHME together with other
collaborators including WHO embarked on GBD 2010 funded by the Bill and Melinda
Gates Foundation [WHO, 2018a]. The 2010 GBD estimates were similar to the recent
WHO GBD estimates (2016), however, they differed significantly in some areas [WHO,
2018a]. WHO with other stakeholders progressively releases mortality, CoD, and disease
burden since mid-2013 starting with regional estimates (2000-2011), followed by country
estimates for 2000-2012, 2000-2015, 2000-2016, the most recent being 2000-2017
[WHO, 2018a]. The estimates are based on U5M by UNIGME while the CoD is a
combination of cause-specific estimates for neonatal (0-27 days) and post neonatal period
(1-59 months) estimated using a regression model [WHO & MCEE, 2018].

Briefly, to model the causes of deaths, IHME, uses the causes of death modelling method
(CODEm) framework, which starts with data assembly from CRVS, VA, HDDS, SRS,
census, household surveys, registries, disease surveillance systems and health
information management system (HMIS). To determine the CoD, the data is grouped into
two; those that can be mapped directly to GBD causes and those that cannot (due
vagueness in the reported CoD). To determine the CoD for the latter, cleaning and
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reclassification are undertaken [Alexander, 2018]. Garbage codes refer to anything
indicated as a CoD in a certificate but cannot be the underlying cause death (e.g. back
pain) usually listed in the International Classification of Diseases (ICD). These garbage
codes are re-assigned to the most probable underlying CoD based on literature, expert
opinion and ICD rules [Alexander, 2018] implemented through statistical models that
adjust for age, sex, location and year [GBD Child Mortality Collaborators, 2016].

In both 1990 and 2017, neonatal disorders, lower respiratory infections, diarrheal
diseases, and malaria were the first four leading cause of U5 deaths in SSA (Table 1.2).
Among these four causes, only deaths due to neonatal disorders increased, from 618,325
(16.9% of the total) to 697,699 (25.3% of the total) between 1990 and 2017, a 12.8%
increase while the other three witnessed reductions (Table 1.2). In addition, between 1990
and 2017, the number of deaths due to congenital birth defects, increased by 18.6%,
those due to HIV/AIDS increased by 6.9% while sexually transmitted infections (STIs) and
whooping cough increased by 8.1% and 20.5% respectively (Table 1.2).

Table 1.2: Top 15 CoD among under-fives in SSA. The rank, number of deaths and a percentage
of the total for each cause of death for 1990 and 2017 are shown. Red indicates an increase while
green is a decline in the number of deaths by cause. Source: [IHME, 2019b]

Cause of death
Neonatal disorder
Lower respiratory infections
Diarrheal diseases
Malaria
Measles
Protein-energy malnutrition
Congenital birth defects
Meningitis
Tuberculosis
Leishmaniasis
HIV/AIDS
STIs
Whooping cough
Tetanus
Road injuries

Number Deaths and Rank
1990
618,325
607,277
577,832
402,943
287,184
197,202
151,052
143,923
68, 643
68, 587
61,740
60, 798
45,997
30, 282
27,747

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

2017
697,699
412,605
334,306
327,763
252, 44
105,884
179,146
104,072
38,535
2,115
66,011
65,748
55,443
8,318
22,275
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1
2
3
4
11
6
5
7
12
53
8
9
10
23
14

Percentage of
total deaths
1990
2017
16.9
25.33
16.6
14.98
15.8
12.14
11.0
11.90
8.13
2.00
5.40
3.84
4.13
6.51
3.94
3.78
1.88
1.40
1.88
0.08
1.69
2.40
1.66
2.39
1.26
2.01
0.83
0.30
0.76
0.81

%
change
+12.8
-32.1
-42.1
-18.7
-81.5
-46.3
+18.6
-27.7
-43.9
-96.9
+6.9
+8.1
+20.5
-72.5
-19.7

Those that had a reduction of over 40% included deaths related to measles (81.5%),
diarrheal diseases (42.1%), tuberculosis (43.9%), Protein-energy malnutrition (46.3%),
tetanus (72.5%) and leishmaniasis (96.8%) (Table 1.2). Deaths due to leishmaniasis had
the biggest (96.9%) drop over the 28 years (1990-2017) despite being responsible for
0.08% of the deaths (2017) while whopping cough had a relatively bigger increase
(20.5%) than the rest and was attributed to 2.01% of the deaths in 2017 (Table 1.2).

The scarcity of “cause of death data” (Section 1.3) has led to the use of VA as the primary
source of CoD information in many LMICs [Nichols et al., 2018; Thomas et al., 2018]. The
CoD is determined through data (signs, symptoms, and circumstances surrounding the
death) collected from a kin/caregiver about the deceased. The determination is either
done thorough trained physicians or through automated, computational algorithms each
with different pros and cons [Murray et al., 2014]. However, VA, can only assess a limited
cause of death compared to the list of causes used on medical certificates and the quality
is dependent on the sensitivity and specificity of each diagnosis. It is problematic to
conclusively ascertain the CoD for diseases with less specific symptoms such as malaria
[Snow et al., 1992; Garenne & Fauveau, 2006]. Further, VA only assigns a single cause of
death to an individual while an individual might die due to multiple causes e.g. malaria
results to mortality both directly and indirectly [Snow et al., 1992; Snow, 2014].

Therefore, in addition to the CoD which are ill-defined, there is a need to understand the
risk factors of child survival better. As detailed in Section 1.2, U5M is a product of the
social, economic, environmental and healthcare systems that children are born into.
Hence, the distribution, access and utilization of interventions and resources will impact
the levels and trends of U5M at any place and time [Preston, 1975; Black et al., 2003;
Hong et al., 2009; Bishai et al., 2016; Burke et al., 2016; Niragire et al., 2017].

The subsequent Section (1.6) reviews the determinants of U5M.
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1.6 Determinants of U5M

A fundamental concern for policymakers is knowing which factors most affect child
survival and their role in the variability observed in U5M in a given context [Jobcraft et al.,
1984; Mosley & Chen, 1984; Schultz, 1984; Arku et al., 2016; Pezzulo et al., 2016]. To
prioritize resources in reducing U5M, it is essential to differentiate between those factors
that are likely to result in more significant declines relative to those with minimal effect
[Byberg et al., 2017].

Factors associated with U5M can be referred to as determinants, or as covariates,
depending on the context under which they are applied. When the factors are used to aid
prediction and/or estimation of U5M or other outcomes, they are referred to as covariates.
They act as prior evidence (what is already known) to inform prediction. For example,
Golding et al., (2017) used a range of covariates associated with child health to inform a
geostatistical model of U5M (Section 1.11). On the other hand, factors associated with
U5M are referred to as determinants when the key concern is to investigate their role in
child survival. They are viewed as the causes of the observed U5M. In addition to
investigating their role, these determinants can also be modelled individually (as an
outcome). For example, Roberts et al. (2015), modelled 20 maternal and child health
(MCH) determinants individually and further used covariates to assist in the predictions.

In the current study, the factors associated with U5M were treated as determinants,
estimated independently (Chapter 4) and not augmented with covariates. This avoids
either circularity and/or covariate driven metrics (Sections 3.5.1) when assessing their
impact on U5M (Chapter 5).

There are many conceptual frameworks of child survival that have been developed to
identify factors associated with child survival [Mosley & Chen, 1984; Hill, 2003; Schell et
al., 2007; Corsi & Subramanian, 2014; Liang et al., 2019]. The fundamental basis across
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all these conceptual frameworks is that background (or distal) determinants operate
through intermediate then through proximate determinants that directly influence the
balance between health, morbidity and mortality. That is, deaths before age five are
attributable to a wide range of determinants related to each other hierarchically where
variables in the highest-level affect child survival through proximate determinants.
Intermediate determinants are usually at the interface of distal and proximal determinants,
however, some conceptual frameworks do not distinguish between proximal and
intermediate determinants and use these interchangeably [Mosley & Chen, 1984].

The most widely accepted and used framework in child survival studies is the MoselyChen framework of proximate determinants [Mosley & Chen, 1984; Mammo, 1993; Hill,
2003; Boco, 2010]. Based on this framework, 97% of newborn are expected to survive
through to age five in an ideal setting, and any reduction in child survival is due to the
operation of social, economic, biological and environmental factors. The framework
identifies proximate variables through which socio-economic determinants (individual,
household and community level) act to influence morbidity and mortality [Mosley & Chen,
1984; Schultz, 1984]. The proximate determinants include maternal factors (age, parity,
birth interval); environmental (water source), nutritional deficiency, injury (accidental,
intentional) and personal illness control (such as medical treatment). These four affect the
rate at which children move from healthy to sick, while personal illness control (prevention
and treatment) affect this rate and that of recovery [Mosley & Chen, 1984; Hill, 2003].

In the current analysis, the Mosely-Chen framework [Mosley & Chen, 1984] forms the
base framework which is then adapted using other frameworks of child survival [Schell et
al., 2007; Corsi & Subramanian, 2014; Liang et al., 2019]. In addition, the determinants
associated with U5M and how they affect child survival have been extensively reviewed in
literature [Balk et al., 2003, 2004]. Roberts et al (2015), identified 20 maternal and child
health (MCH) indicators via in-country (Uganda) meetings with collaborators and relevant
stakeholders [Roberts et al., 2015]. Wollum et al. (2015) also identified 20 MCH outcomes
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and interventions based on their relevance to Nigeria’s health priorities and data
availability at the state-level [Wollum et al., 2015]. In Zambia, Colson et al. (2015)
establish 17 MCH indicators associated with child survival based on household sample
surveys and census data [Colson et al., 2015].

The process through which these factors operate to result in U5M is detailed in Figure 1.3
and expounded in Table 1.3. In the adapted framework (Figure 1.3), the determinants of
child survival are divided broadly into two categories; distal and a combination of
proximate and intermediate determinants. The distal factors are classified into maternal
(education and autonomy -a woman's personal power in the household and her ability to
influence and change her environment [Shroff et al., 2009] ), societal (conflict, religion,
ethnicity and culture), environmental (vegetation, rainfall, urban/rural and population
density) and governmental (gross domestic product (GDP) per capita, public health
spending, governance and health systems) broad categories.

The distal variables act through a set of proximate/intermediate determinants that include
maternal (birth interval, parity, family planning), child (wasting, stunting, underweight,
breastfeeding and low birth weight) and household (wealth, sanitation and water source)
variables that influence the balance between health and sickness and whether growth
falters leading to death (Figure 1.3). In addition, the control of personal illness and the use
of prevention measures (interventions) available at health facilities also mediates between
health, sickness and U5M. Access of intervention at the facilities is affected by barriers
such as distance which has a bearing on utilization patterns measured through antenatal
care, skilled birth attendance, health facility delivery and care-seeking behaviour. The
interventions can either be maternal or child level (Figure 1.3).
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Figure 1.3: Conceptual framework relating determinants of child survival and U5M based on literature [Mosley & Chen, 1984; Schell et al., 2007; Corsi & Subramanian,
2014; Liang et al., 2019]. Abbreviations are presented on page xvii and Table 1.3.
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Table 1.3: Determinants of U5M and how they are associated with child survival grouped into distal and proximate/intermediate variables.
Group

ID

1

2
Governmental

Determinant

GDP per
capita
Government
healthcare
spending
(GHS)

3

Governance

4

Health
systems

5

Conflict

Societal
6

Environmental

7

Ethnicity,
religion and
cultural beliefs

Urban/Rural
residency

Rationale
Distal Factors
GDP a measure of the standard of living or the level of economic development and is indirectly associated with U5M [Preston,
1975; O’Hare et al., 2013]. It increases the share of resources allocated for food, housing, medical, public health services,
education and health-related research which is likely to reduce U5M [Preston, 1975]. In the 1990s, a 10% increase in GDP was
linked to a 4% reduction in child mortality [Pritchett & Summers, 1996].
GHS is associated with child mortality, where the association is significant for up to 5 years after changes in GHS [Maruthappu et
al., 2015] and affects U5M through health and education services [Horton, 2009]. For example, pay cuts to healthcare workers,
lower hospital budgets, reduced amounts spent on interventions and medical equipment, an increase of out-of-pocket payments,
introduction of user fees and non-price rationing such as an increase in waiting times [Garenne & Gakusi, 2006a; Horton, 2009;
Martin et al., 2011] impacts U5M negatively [Maruthappu et al., 2015].
Public health resources are fewer compared to health sector needs and requires prudent management and governance. However,
in the presence of poor governance, there are leakages in public resources which results in undesired outcomes such as poor child
education and health [Hu & Mendoza, 2013].
The functioning of a health system plays a significant role in child survival. It entails legislation, health financing, workforce,
infrastructure, commodities, service delivery and health information systems. Gaps in performance in any of these indicators might
result in adverse outcomes for child health resulting in higher U5M [Keats et al., 2017, 2018b].
Child survival is affected negatively when there is conflict within and between communities. Food production is interrupted, and the
population is displaced which results in internally displaced persons increasing food insecurity. Health facilities are destroyed
affecting healthcare access for preventive and curative treatment [Egal, 2010; Kinyoki et al., 2017]. Conflicts areas are often
deprived of basic access to clean water and proper sanitation. Being born in an armed conflict zone has a 5·2 per 1000 births
higher risk of dying than being born in a non-conflict by age one [Burke et al., 2018].
Community norms, perceptions and belief’s related to disease might be antagonistic to western biomedical theory resulting in
adverse effects on a child’s growth and survival [Balk et al., 2003]. For example, the probability of deaths before age two, was high
in the Luo community compared to Kikuyus in Kenya and 40% higher among the Hutu when compared to Tutsi in Rwanda [Tabutin
& Akoto, 1992]. Similar differences have been observed in Cameroon, Mali, and Senegal [Brockerhoff & Hewett, 2000].
Urban areas have a lower probability of infectious disease contraction because they are associated with better living conditions
(e.g. healthcare access) compared to rural areas [Balk et al., 2003]. Higher population density in the urban areas facilitates sharing
of information and resources related to health [Defo, 1994]. However, urban slums are associated with increased disease risks due
to poor access to health services, inadequate sanitation and hygiene, which might lead to disease [Kabaria, 2015]. Slums are also
overcrowded (Discussed in item 8)
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Table 1.3 continued
Group

ID
8

Environmental

Determinant
Crowding and
Population
density

9

Rainfall and
Vegetation
index

10

Education and
literacy

11

Autonomy
(femaleheaded
households)

Maternal
12
Short birth
spacing
13
Family
planning
14
Parity

Rationale
In highly populated and overcrowded areas, disease transmissions rate is high thus higher U5M. Healthcare services in the slum
areas are inadequate, sanitation is poor and access to safe and clean water is inadequate which results in higher U5M compared
to non-slum areas [Balk et al., 2003].
Precipitation and vegetation density are associated with a higher prevalence of vector-borne diseases such as malaria (which result
in U5M) due to favourable conditions created for disease vectors. Inadequate rainfall is associated with lower agricultural
productivity leading to increases in undernutrition. In addition, in arid areas, water scarcity due to lack of rain may lead to poor
sanitation [Webb, 1998; Balk et al., 2003, 2005].
Increased education levels are associated with reduced U5M levels through better use of health services, financial advantages,
autonomy and reduced fertility [Cadwell, 1979; Cleland & van Ginneken, 1988; Gakidou et al., 2010; Gupta, 2010; Byhoff et al.,
2017]. For example, a one year increase in mother’s education was associated with a 7-9% reduction in U5M in developing
countries [Cleland & van Ginneken, 1988] and U5M was 58% lower among mothers with at least seven years of schooling
compared to those without education [Hobcraft, 1993]. About 51% of under-five lives were saved between 1970 and 2009 due to
increased maternal educational [Gakidou et al., 2010].
Women’s autonomy influences the health and mortality of their children through decisions on family planning, health care seeking,
pregnancy care and child-rearing [Adhikari & Sawangdee, 2011; Doctor, 2011]. A higher level of women empowerment is
associated with lower fertility, longer birth interval and lower rates of unintended pregnancy [Upadhyay et al., 2014]. However, in
some cultures, women living in rural areas, are subordinate to men and considered ‘inferior’ to men. Women are often
disadvantaged compared to men in terms of their access to assets, employment, health care, and education. Thus female-headed
households are often poorer than male-headed households [Adhikari & Podhisita, 2010].
Proximate and intermediate variables
Short birth intervals may drain the reproductive and nutritional resources of the mother resulting in premature and weaker births.
Births spaced closely together compete for fewer resources, and at a higher likelihood of transmitting infections exists [Forstet,
1994; Manda, 1999; Gupta, 2010]. Neonatal mortality and IMR decreases with an increasing birth interval up to 36 months where it
plateaus [Rutstein, 2005].
Family planning practices can reduce U5M because births that occur within short birth intervals and the extremes of parity or
maternal age are at a higher risk of death or obstetric complications [Bongaarts, 1987]. Thus, family planning averts closely spaced
births and any ill-timed births [Forstet, 1994; Manda, 1999; Gupta, 2010]. It facilitates better-informed choices on the time of birth,
the period between two births, and the (maximum) number of children a couple wants [Saha & Soest, 2012].
High parity (number of children a mother has ever had) is associated with high U5M. This is because there are high physical and
caloric demands for repeated pregnancy that leads to maternal depletion syndrome and linked to shorter birth intervals. In addition,
high parity may be associated with more inferior nutritional status due to lesser parental investment and competition of finite
resources between siblings [Hobcraft et al., 1983; Sonneveldt et al., 2013].
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Table 1.3 continued

Group

Child

Household

ID

Determinant

15

Nutrition
status:

16

Breastfeeding:

17

Low birth
weight (LBW):

18

Wealth/ socioeconomic
status:

19

Water and
sanitation:

Rationale
Proximate and intermediate variables
Undernutrition predisposes children to high risk of chronic diseases leading to childhood mortality [Pelletier et al., 1995; Black et al.,
2008; Pelletier & Frongillo, 2018]. It comprises of wasting (low weight-for-height- acute weight loss), stunting (low height-for-age),
underweight (low weight compared with that expected for a well-nourished child of that age and sex) and deficiencies of essential
micronutrients (vitamins and minerals), obesity and over-consumption of specific nutrients [Black et al., 2008]. Stunting or chronic
undernutrition develops over a long period due to limited access to food, health and care and is associated with cognitive
impairments. Acute food shortages trigger wasting or acute malnutrition and is characterized by a rapid deterioration of nutritional
status over a short period. About 56% of children (6-59 months) deaths could be attributed to malnutrition with 83% of these being
due to mild-moderate malnutrition [Pelletier et al., 1995]. The SDG 2.2 aims to end all forms of malnutrition by 2030 [UN, 2016].
The global aim is a 40% reduction of stunted children and reduction and maintaining wasting to < 5% by 2025 [WHO, 2014].
Breast milk has immunological properties that offer protection against diarrhoea and common childhood illnesses and has all
nutritional requirements for up to six months and is sterile. It can extend the postpartum anovulation period, thus, a larger birth
interval [Huffman & Lamphere, 1984; Forstet, 1994]. The WHO recommends exclusive breastfeeding of infants up to six months
after birth, followed by nutritious complementary foods with continued breastfeeding up to 24 months [Michael & Kakuma, 2012;
Rollins et al., 2016]. Improved breastfeeding practices can prevent 823,000 annual deaths in under-fives. This is in addition to
lower intelligence associated with non-breastfeeding, and economic loses of 0·49% of world gross national income [Rollins et al.,
2016; Victora et al., 2016a]. The global target is to increase the rate of exclusive breastfeeding in the first six months of life to at
least 50% by 2025 [WHO, 2014].
LBW (< 2,500 grams) is associated with increased foetal, neonatal, post-neonatal, infant, childhood mortality and morbidity
[Maccormick, 1985]. About 14% of infants weigh <2500 g at birth in LMICs [Lee et al., 2013; O’Leary et al., 2017]. In rural Ghana,
infants born with LBW were two times more likely to die in infancy compared to those with average birth weight [O’Leary et al.,
2017]. The global target is a 30% reduction of LBW by 2025 based on 2012 values [WHO, 2014].
Children belonging to households of lower socioeconomic status have been associated with higher U5M [Schoeps et al., 2014].
Poorer socio-economic classes might be more prone to traits that do not promote better health, e.g. open defecation and often
associated with poor housing, sanitation, less access to health-enhancing interventions constrained by money and longer travel
time to facilities [Kutty et al., 2005].
Diarrheal diseases are a major cause of U5M [Anker & Knowles, 1980; Boschi-Pinto et al., 2008]. Key to its control is hygiene,
access to safe and clean water and sanitation. Water is classified as poor quality if it is based on surface water (rivers, lakes or
standing rainwater), intermediate if it is abstracted below the surface (standpipes, springs, wells and boreholes) and improved if its
piped water. Similarly, sanitation is subdivided into poor (no access to any toilet facilities), intermediate (any toilet except flush) and
improved (flush toilet). Improved sanitation and water access have been associated with a lower risk of mortality, diarrhoea and
stunting [Victora et al., 1988; Fink et al., 2011].
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Table 1.3 continued
Group

Infections

ID
20

Determinant
Human
immunedeficiency
virus (HIV)

21
Malaria

22
Access to
healthcare

Access to
healthcare

23
Antenatal care
(ANC)
24
Healthcare
utilization

Skilled birth
attendant
(SBA)

25
Place of
delivery
26
Health seeking
behaviour

Rationale
Child survival is influenced negatively by HIV and AIDS. Children can acquire the virus through vertical transmission (about 25–
30%) if they are born of HIV-seropositive mothers [Adetunji, 2000]. The mother-to-child transmission can occur before, during or
after delivery [Newell et al., 2004]. Most of these children die before age five in LMICs with HIV prevalence [Adetunji, 2000].
Additionally, many resources are needed to ensure health and survival among the HIV seropositive affecting those that are not
infected [Adetunji, 2000].
Malaria is a risk factor of U5M that results in death through direct and indirect pathways [Snow et al., 2004]. In addition to being a
direct cause of death, malaria infection increases the risk of severe anaemia in pregnant women, LBW, growth retardation in
childhood [McGregor, 1984; Brabin, 1991; Guyatt & Snow, 2001a, 2004; Desai et al., 2007], consequential infections such as
adverse reactions to treatment, neurologic disabilities, cognitive impairment [Snow, 2000; Holding & Snow, 2001], enhanced
severity of a disease through suppression of the immune system all which can lead to death before age five [Molineaux, 1997].
Healthcare access involves availability of resources, acceptability of the healthcare systems, accommodation of population
demands, ability to meet financial obligations, and geographical accessibility [Aday & Andersen, 1974; Penchansky & Thomas,
1981; Alun & David, 1984; Higgs, 2004; Haas et al., 2004; Levesque et al., 2013; Gautam et al., 2014]. It facilitates interaction of
the population in need (children and pregnant women) with lifesaving interventions and treatment that prevents mortality [Kadobera
et al., 2012; Evans et al., 2013; Karra et al., 2016; Anthopolos et al., 2017]. In LMICs, higher odds of childhood mortality are
associated with living further away from a health facility [Okwaraji & Edmond, 2012; Karra et al., 2016].
There are several interventions (e.g. Tetanus toxoid vaccination) and services given during pregnancy, labour, delivery, and postnatal period during ANC from a skilled health professional meant to reduce morbidity and mortality. These services play an
essential role in ensuring a healthy mother and baby during pregnancy and after delivery through risk identification, prevention and
management of pregnancy-related or concurrent diseases and health education and promotion [WHO, 2009]. Until 2016, the WHO
recommended at least 4 ANC visits [Villar et al., 2001] which were revised to ≥8 in 2016 [WHO, 2016a; Islam & Masud, 2018].
When health workers with midwifery training provide delivery care, pregnancy-related complications can be detected early which
facilitates the provision of timely lifesaving interventions such as emergency obstetric services. An insufficient number of skilled
health workers, weak healthcare systems, poor services, cultural beliefs, cost, access, and lack of women autonomy are
associated with low SBA [Chinkhumba et al., 2014].
The place of delivery determines the quality of care received by the mother and the infant. Delivery at a health facility reduces
deaths that might arise due to pregnancy-related complications, through a sanitary environment and medically correct birth
assistance or referral services [Ajaari, 2012]. Health facility delivery can reduce neonatal mortality by up to 29% [Tura et al., 2013;
Chinkhumba et al., 2014].
Timeliness in seeking treatment facilitates prompt treatment, early diagnosis and prevents progression of the disease to severe
levels. Different markers of treatment-seeking behaviour can be used. Treatment-seeking for fever is often used because fever is a
significant symptom of malaria and other acute infections in children such as pneumonia. In addition, seeking diarrhoea treatment
is also used as a marker of health-seeking behaviour. Low access to seeking care could be due to reasons such as affordability
and availability.
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Table 1.3 continued
Group

Child health
interventions

ID

Determinant

27

Immunization

28

Children
supplements

29

ITN and ACT
use

30

Maternal
interventions

Oral
Rehydration
Salts (ORS)

31

Tetanus
toxoid (TT)

32

Intermittent
preventive
treatment in
pregnancy
(IPTp)

33

Iron and
Vitamin A

Rationale
Immunizations reduce U5M significantly [Defo, 1994; Philippe et al., 2009] E.g. Between two and three million child deaths are
averted per year when children are vaccinated against diphtheria, tetanus, pertussis and measles [Philippe et al., 2009; WHO et al.,
2009; Simons et al., 2011; Adeloye et al., 2017]. The WHO established the expanded programme on immunization (EPI) in 1974
which introduced vaccines to target tuberculosis, polio, diphtheria, pertussis, tetanus, and measles [Wiysonge et al., 2013]. Over
time other vaccines such as yellow fever, hepatitis B, Hib, and pneumococcal conjugate were introduced [Wiysonge et al., 2013;
Adeloye et al., 2017]. The global target aims for a vaccination coverage of at least 90% nationally and at least 80% coverage
subnational [WHO, 2013b].
Micronutrient deficiency is associated with childhood morbidity and mortality [Martinez, 1986]. Micronutrients can be sourced from
foods or through supplements. For example, the deficiency of vitamin A is the leading cause of blindness in undernourished
children, contributes to morbidity and mortality due to diarrheal diseases and measles [Rotondi & Khobzi, 2010]. Other
micronutrients include iron, zinc, folate and iodine.
Different preventive measures have been recommended to reduce mortality and morbidity due to malaria. Key among the
interventions include the use of insecticide-treated bed net (ITNs) and prompt treatment of clinical malaria cases with artemisininbased combination therapy (ACT). About 68% of the decline in malaria risk from 1990 to 2015 is thought to be due to ITNs and
19% due to ACTs in SSA [Bhatt et al., 2015].
ORS is used to treat diarrhoea by reducing severe dehydration thus mitigate against morbidity and mortality. Safe drinking water,
adequate sanitation and hygiene are preventive measures against diarrhoea [WHO, 2017].
Neonatal tetanus is associated with IMR especially in LMICs where a substantial number of deliveries take place at home or at
settings where hygienic conditions may be poor. It is given to women during pregnancy to prevent neonatal tetanus which
accounted for about 7% of IMR globally in 2000 [Lawn et al., 2005; Singh et al., 2012]. The odds of neonatal deaths were reduced
by 0.46 following more than one dose of TT vaccine [Singh et al., 2012]. At least two doses of TT vaccine are recommended during
pregnancy for full protection [WHO, 2016b].
IPTp of malaria in pregnancy entails antimalarial medicine given to pregnant women during ANC visits, regardless of whether the
recipient is infected with malaria or not [WHO, 2018b]. It involves treatment with sulfadoxine-pyrimethamine in all areas with
moderate to high malaria transmission in SSA. It reduces maternal malaria episodes, anaemia, placental parasitemia, LBW, and
neonatal mortality [WHO, 2018b]. In Mozambique, it reduced neonatal mortality by 61% in a trial setting [Menéndez et al., 2010].
Micronutrient intake (vitamins and iron) by women benefits both women and their children. Iron given during pregnancy protects the
mother and foetus against anaemia, a major cause of perinatal and maternal mortality and an increased risk of preterm births and
LBW [Nisar & Dibley, 2016]. Vitamin A is only recommended in areas where it is a severe public health problem to prevent night
blindness [McGuire, 2012].
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1.7 Neonatal mortality

The discussion so far has focused on U5M, its causes and determinants. However, an
essential component of U5M is the neonatal mortality rate (NMR)- the probability of dying
during the first 28 days of life, also expressed per 1,000 live births [Hug et al., 2019;
WHO, 2019a]. Approximately 47% of all under-five deaths occur during the neonatal
period hence is a significant aspect of U5M [WHO, 2019a]. Globally, in 2019, there were
2.4 million neonatal deaths with 33% occurring within the first day of birth and 75% within
the first week [UNICEF, 2020a]. Despite NMR declining by 52% from 38 deaths per 1,000
live births in 1990 to 17 deaths per 1,000 live births in 2019, an average annual decline
rate of 2.5%; this rate when compared to 3.6% for children aged 1–59 months, it was
slower. Consequently, the share of neonatal deaths among under-five increased from
40% to 47% during this period (1990-2019) [UNICEF, 2020a].

Regionally, in 2019, SSA had the highest NMR (27 deaths per 1,000 live births), almost
similar to those of Central and Southern Asia (24 deaths per 1,000 live births). A neonate
born in SSA was 10 times more likely to die than one born in a HIC in 2019 [UNICEF,
2020a]. Among the top ten countries with the highest neonatal deaths, those in SSA
included Nigeria, Ethiopia, DRC and the United Republic of Tanzania [WHO, 2019a]. In
Kenya, NMR was 22 deaths per 1,000 live births for the five years preceding the 2014
DHS survey and ranged between 39 deaths per 1000 live births and 19 deaths per 1000
live births across the Kenyan provinces (Figure 1.7) [KNBS et al., 2015]. Further,
widespread spatial and temporal heterogeneities have been recorded within-countries in
SSA [Burstein et al., 2018, 2019].

The accurate measurement of NMR in SSA is associated with several challenges and might
explain why its measurement has received less focus compared to U5M [Neal, 2012]. As
with U5M, the gold standard data for measuring NMR is data from a well-functioning CRVS
(Section 1.3). Alternative data from the HMIS are not recommended because over 40% of
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live births in SSA occur outside the health system resulting to biased estimates at the
population level [PMNCH, 2006; Measure Evaluation, 2019; UNICEF, 2020b]. Further,
where births occur in a health facility, there are discrepancies in policies when classifying
neonatal deaths and stillbirths which might result in measurement errors [Aleshina &
Redmond, 2005].

As a result, household sample survey data especially the DHS are the most commonly
used for computing NMR in SSA [Neal, 2012]. However, household sample survey data are
also limited in several ways when used to estimate NMR. The limitations include the
omission of neonatal deaths by mothers (during the recall of neonatal deaths) by classifying
them as stillbirths either as a genuine error or due to antagonistic cultural beliefs and/or
practices [Curtis, 1995; Neal, 2012]. The omitted deaths are often concentrated among the
most socially and economically disadvantaged which may lead to more bias across social
groups [Hobcraft et al., 1984]. Data heaping or the preference for reporting neonatal deaths
at 28 or 30 days leads to under-reporting of neonatal deaths [Neal, 2012]. Additionally,
population census and some households sample surveys do not collect CBH data needed
to estimate NMR while the robust methods that utilize the majority of the birth histories
(SBH) have been developed and validated for estimating U5M only (Section 2.3 and Section
6.5). Therefore, only a few surveys with CBH data would have been used contrary to the
overarching aim of the current study in taking advantage of multiple datasets to improve
mortality estimates. For these combined reasons, NMR estimation was not explored.

The major causes of neonatal deaths are preterm birth complications (35%), intrapartum
events (24%) such as birth asphyxia, sepsis or meningitis (15%) and congenital
anomalies (11%) [WHO & UNICEF, 2014; WHO, 2018c, 2019a; Hug et al., 2019].
According to the Every Newborn: an action plan to end preventable deaths, there are
cost-effective, proven interventions that exist that can prevent and treat the major causes
of newborn deaths. They include care provided during labour, around birth and the first
week of life and care for the small and sick newborn [WHO & UNICEF, 2014]. Some of
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these interventions include family planning, antenatal care, vaccination with tetanus
toxoid, skilled attendance birth, early and exclusive breastfeeding, basic and
comprehensive obstetric care and management of preterm births. The latter two can be
broken into hygienic care, thermal control, support for breastfeeding, newborn
resuscitation, kangaroo mother care and antibiotic treatment for infections [WHO &
UNICEF, 2014; WHO, 2019a]. Further, full supportive health facility care encompassing
additional feeding support, infection prevention and management, safe oxygen therapy,
case management of jaundice and respiratory support are required [WHO & UNICEF,
2014; WHO, 2019a].

While the coverage and utilization of some of these interventions can be monitored using
household survey data (Table 1.3), most require health system data form HMIS. However,
the quality and quantity of routine data are poor and often inadequate. Some of the main
challenges with HMIS data include incomplete reporting, determining catchment area and
the population covered by a health facility, availability of a universal list of health providers
and variability in health-seeking behaviours [Maina et al., 2017b; Alegana et al., 2020].
While data obtained from the health facility assessment surveys such as service
availability and readiness assessment mapping can be used, their temporal dimension is
limited (since 1999) compared to household surveys (since 1984) [Corsi et al., 2012]
which would result to a temporal mismatch in space-time cube of the data. Therefore, the
determinants of NMR outside those provided by household sample surveys (Table 1.3)
were not explored in the current study.

To achieve progress in child survival, it is essential to target the determinants of U5M.
However, progress in increasing coverage of interventions should be equitable in such a
way that all groups benefit, and no one is left behind. Section 1.7 reviews the concept of
equity in health and why it is essential in child survival.
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1.8 Equity in Health

Inequities whether social or economic, between and within countries have been a
significant development issue, a longstanding problem among developmental
stakeholders and researchers. For example, spatial inequities mostly affect the poor and
marginalized, often living in remote rural areas. In urban areas, those in slums lack basic
services (sanitation, portable water, electricity), have substandard housing, are
overcrowded, insecure and face social exclusion [Ramin, 2009]. Therefore, health equity
has become an issue of increasing attention in public health by scholars and policymakers
to deploy interventions in such a way they reduce inequities across different groups.

There are several views around what health equity is [Culyer & Wagstaff, 1993; Chang,
2002]. Whitehead defines equity in health as everyone having a fair opportunity to attain
their full health potential which means creating equal opportunities for health and bringing
health differentials down to the lowest level possible [Whitehead, 1994]. The WHO defines
health equity as differences in health that are unnecessary, avoidable, unfair and unjust
among groups of people defined either by social, economic, demographic or geographical
contexts [WHO, 2019b]. Thus, there is a need to reduce disparities between population
groups through targeted approaches that focus on inequities.

International development goals have been used as yardsticks to deal with inequities in
health. MDGs as part of the development goals faced major criticism due to its failure to
deliver progress for all, across the goals [Nicolai et al., 2015]. The progress made during
the MDGs period (1990-2015), showed that the coverage of certain indicators was worse
for deprived regions and people and in some cases, the gaps widened between the
marginalized and the well-off in the society [Stuart & Woodroffe, 2016]. In addition, there
were occasions where progress was only witnessed in the already advantaged groups in
society, whereas the marginalized should have been given greater priority [Stuart &
Woodroffe, 2016]. For example, in SSA, boys from the wealthiest quintile will attain
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universal primary education by 2021 compared with girls from the poorest households
who will attain the same by 2086 [Nicolai et al., 2015]. In Benin, the wealthiest households
are 26 times more likely to have a functional toilet when compared to a median household
[Lynch et al., 2016].

Building on the MDGs (1990 to 2015), the SDGs are more ambitious with a greater focus
on inclusivity and the reduction of inequities. The SDG enshrines health equity based on
its fundamental principle of leaving no one behind and reaching the farthest behind first
[Marmot & Bell, 2017]. The SDGs aims and explicitly states that the set goals should be
met for all people, countries, and all segments of society [Stuart & Woodroffe, 2016].
Leaving no one behind entails taking actions to end extreme poverty, curb inequities,
discrimination and fast-track progress for those who are most marginalized.

Leaving no one behind will require the global targets to be adapted and contextualized at
both the national and the community level. Contextualizing entails making the goals
specific and relevant to the local context by involving communities to better identify
priorities and realistic plans [Machingura & Nicolai, 2018]. Also, no goal is considered
having been met unless it is met for everyone. Therefore, if these goals are to be realized,
there is a need to put into place policies that ensure transformations include socially
excluded among the poor and those that are hardest to reach. One way to deal with
inequities in health is through decentralization of healthcare systems to have a wider
reach as discussed in the following Section.

1.9

Decentralization of health systems in Africa

Governance (the exercise of political, economic and administrative authority in the
management of a country’s affairs at all levels) is an important factor for a nation’s
development and survival of its children. The use of decentralized governance structures
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is among the many approaches being advocated in HICs and LMICs to support the
achievement of the SDGs [United Cities and Local Governments, 2017; Smoke, 2018]. In
the context of public, planning, management and decision-making, decentralization
involves providing greater autonomy to lower levels for governmental services such as
health service delivery [Sreeramareddy & Sathyanarayana, 2013]. Decentralized
healthcare is under the custodianship of a lower tier in the hierarchy of governance such
as region, district or county where planning, management and decision making happens
[Robalino et al., 2001]. The core principle is that smaller organizations are appropriately
structured, steered, and accountable than larger organizational units [WHO, 2007a].

The implementation of healthcare decentralization can be either political, administrative,
fiscal or market based. Political decentralization affords its citizens (or through
representatives) more power in public decision-making, formulation and implementation of
health policies and plans. Administrative decentralization redistributes authority for public
service provision to local units of governments while in fiscal decentralization, financial
systems are required for carrying out decentralized functions requiring the transfer of
funds from the national government [WHO, 2007a].

Decentralization is being practiced in a number of African countries [Mohmand & Loureiro,
2017]. This is because decentralized programs can be better designed using local
knowledge and context and there is improved efficiency in the allocation of resources by
focusing on the most underprivileged localized areas [Robalino et al., 2001]. In addition,
local managers have opportunities to reduce cost by tailoring their staff and procedures to
local context rather than using global procedures. Finally, information is used without
delays (occasioned by central agencies), and the local government has the liberty to try
different approaches and use the most optimal way that is suited for their region [Robalino
et al., 2001]. Decentralized systems have been associated with lower mortality rates,
especially in developing countries [Robalino et al., 2001].
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Countries in SSA such as Burkina Faso, Benin, Côte d’Ivoire, Ghana, Mali, Niger, Nigeria,
Senegal, Tanzania, Uganda, Zambia and Kenya (Section 1.12.3) have implemented
decentralized healthcare systems [Tsofa et al., 2017; Zon et al., 2017]. The
implementation varies by country and is motivated by the need for health reforms in
planning, management and monitoring. The outcomes of the decentralized governments
in these countries include increased autonomy to mobilize resources from local sources
and local governments being responsible for the delivery of health services. However,
they are limited in technical and financial capabilities [Tsofa et al., 2017; Zon et al., 2017].
Key challenges included lack of transparency, delays in transfers of resources, limited
resource, poor service organization due to unclear delineation of responsibilities between
central and local government, lack of an accountability mechanism and political
interference [Zon et al., 2017].

In summary, a decentralized healthcare system aims to improve the delivery of health
services which involves an effective transfer of functions, power and authority to a lower
tier of government from the central government. This is expected to better utilize
resources and address challenges fast within different contexts, which is likely to result in
better health services and improved outcomes such as reduced U5M. One of the key
components for improved functioning of decentralized health systems and achievement of
health equity is timely and better data (U5M and its determinants) for planning. These
data are needed at units, used in decision making as opposed to the national aggregated
estimates, discussed in Section 1.10.

1.10 Need for granular data

Tracking U5M at global, regional or country levels is essential for macro-level
comparisons including assessment of progress towards defined international targets [Liu
et al., 2016] (Table 1.1). However, such level of analysis obscures significant variations
within a country, popularly known as “masking the unfinished health agenda” [Bangha &
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Simelane, 2007]. It is widely acknowledged, that mortality declines are not uniform
between and within countries with the rates of declines varying across regions, countries
and small areas [Ahmad et al., 2000; Black et al., 2003; Burke et al., 2016; Pezzulo et al.,
2016; Golding et al., 2017]. These disparities have been observed for decades and
continue to persist and are more pronounced within-country and among subgroups
[Ahmad et al., 2000; Bangha & Simelane, 2007; Golding et al., 2017].

Accordingly, one crucial tool is ‘unmasking the unfinished health agenda’ which entails an
improved understanding of the spatial variation in U5M at the local decision-making units
within a country [Lawn et al., 2007; Bryce et al., 2013]. This facilitates effective local
planning of services [Asiimwe et al., 2011], informed intervention targeting [Bangha &
Simelane, 2007], benchmarking of subnational units and form a baseline for tracking and
monitoring SDGs [Arku et al., 2016]. In addition, hotspots of U5M at subnational units can
be identified for further interrogation and targeted interventions [Storeygard et al., 2008].

The achievement of SDG 3, ‘Ensure healthy lives and promote well-being for all at all
ages’, requires a better understanding of inequities in access to interventions and
utilization of health services at subnational levels [UN, 2016]. Reducing risk factors and
increasing child protection via access to interventions and increased health care utilization
will accelerate declines in U5M [Antai, 2011; Pezzulo et al., 2016; UN, 2016]. Countries
need to appraise their past achievements to uncover the spatio-temporal coverage of
these interventions, and their effects on outcome [Ambel et al., 2017] to inform the
allocation of interventions over the next two decades.

With these targets, particularly under the SDGs context, comes many competing agendas
for funds with limited resources available [UN, 2016], which demands an improved
rationale for resource allocation. To better track these goals and identify areas with the
greatest need, comprehensive and detailed data collation and analysis at units of
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decision-making and within a robust framework are inevitable. Instances, where these
have been attempted, are presented in the following section (1.11).

1.11 Review of subnational U5M analysis

There is a growing need for data at a high spatial and temporal resolution for
programmatic needs, localized planning and efficient targeting. In addition, all the SDGs,
enshrine the need to ensure that all targets are achieved ‘everywhere’, no one is left
behind and progress is monitored at subnational levels due to spatial heterogeneities
[Bosco et al., 2017] (Section 1.12.3). However, most data are available at a coarse level of
aggregation such as provinces. In addition, where granular spatial data are available,
these are typically sample surveys with uneven distribution of observations due to meagre
resources to conduct a census [Andres et al., 2018].

To bridge the data need gap and obtain fine resolution estimates for disease outcomes,
fine-scale disease mapping (precision public health) and spatial epidemiology have
gained traction [Dowell et al., 2016; Davey & Deribe, 2017]. Such mapping has been
facilitated by the development of global posting systems (GPS), spatial statistic modelling
approaches and geographical information systems (GIS) [Lawson, 2009; Banerjee et al.,
2014]. To obtain estimates at the subnational level, two approaches are routinely applied;
either model-based geostatistics (MBG) or small area estimation (SAE).

MBG is a likelihood-based approach that allows spatial or spatio-temporal prediction of a
health outcome of interest using sparsely sampled point data. Covariates are usually used
to improve predictions at locations where the outcome is not sampled. The output is
usually a continuous surface referred to as raster made of grids called pixels. Bayesian
MBG allows modelling of spatial variability by predicting at unsampled locations and
estimating model parameters by combining prior knowledge with the available data
through the Bayes theorem [Bayes, 1763; Diggle et al., 1998; Diggle & Ribeiro, 2007].
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On the other hand, SAE entails statistical techniques to estimate parameters or reliable
estimates of characteristics of interest for small geographical areas (such as a county,
district) based on small or inadequate sample size taken from these areas. This is
achieved by borrowing information from other related data sets in the neighbourhood
either spatially or temporally and through the use of covariates (Section 1.6) [Rao, 2003].
The concepts of SAE and MBG are further discussed in Section 2.4.

Several studies have been undertaken in SSA countries to unravel subnational U5M
variation using spatial modelling techniques that account for spatial and temporal
relatedness (SAE or MBG discussed in Section 2.4). These studies are reviewed in Table
1.4 including the level of analysis/prediction that’s either an administrative area (province,
district, county) or at the pixel level (e.g. 5x 5 km, 100 x 100 m spatial resolution). The
table further breaks down the source of data, methods used, and covariates applied.

These characteristics are important because the amount of input data to the analysis has
a direct bearing on the stability of the estimates at subnational level, the analysis unit
should correspond to decision-making units, methods should be appropriate, and the use
of covariates affects the post-analysis that can be conducted (e.g. assessing the role of
covariates on an outcome)
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Table 1.4: Review of national and regional studies estimating U5M in SSA either at subnational units or at a pixel level. The table breaks down the source of data,
analysis unit and methods used (abbreviations are shown in the footnote)
Methods
Country and
Data, the unit and
Covariates
reference
period of analysis
Mortality
Spatial and spatio-temporal
122 DHS surveys
35 countries
[Li et al.,
2019b]

262 Admin-1 regions
Quinquennial (19802014)

Discrete-time survival analysis used to
estimate age-specific monthly probabilities of
dying using weighted logistic regression

Bayesian SAE where RW1 was used for
space, RW2 for time and type 11 interaction
(space =ICAR, time = RW1)

Age, survey weight,
household identifier and
HIV

5 countries
[DwyerLindgren et al.,
2018]

DHS, MICS, census and
other surveys)
Admin level 2, 1980-2015

Indirect methods for SBH and direct methods
for CBH

Bayesian SAE in a hierarchical generalized
linear model
Leroux CAR and cubic splines used. Rook
adjacency adopted

None

27 countries
[Pezzulo et al.,
2016].

DHS survey, the most
recent in each country
255 Admin-1 regions

DHS reported child mortality based on
synthetic cohort life table [Rutstein & Rojas,
2006]

Weighted Gaussian conditional autoregressive
(WGCAR) model

Covariates used to explain
the observed spatial
variation but not in
estimating child mortality

Direct methods, SBH data was converted to
CBH to allow its application as if it were CBH.
In cases where data was not geolocated,
course geolocation techniques were used

Bayesian models fitted for each age group (0,
1–11, 12–35, 36–59 months) to estimate the
monthly probability of mortality. U5M
computed as 1 minus the product of these
probabilities

Education, wasting,
stunting, fertility,
population, EVI, LST, NTL,
irrigated land, rural/ urban,
access to cities

The ratio of deaths per cluster and exposure
years among under-fives using geo-located
DHS data

Kernel density estimator interpolation
approaches were used. Interpolation was done
per country.

Malaria risk, temperature,
civil conflicts

DHS, MICS, census.
SSA
[Golding et al.,
2017]

28 countries
[Burke et al.,
2016]
Ghana
[Arku et al.,
2016]

5×5 km grids
2000, 2005, 2010, 2015

DHS surveys
10×10 km grids
1980, 1990 and 2000
census
110 Districts
2000 and 2010

Indirect methods used based on the UN IGME
approach (Section 2.3.2)
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Intercepts and slopes modelled via the BYM
model.

Covariates not used. Their
role assessed in a later
step like the current
analysis

Table 1.4 continued
Country and
reference

Data, the unit and period
of analysis

Kenya
[Wakefield et
al., 2018]

DHS surveys
47 counties
5*5 km grids
1980-2014

Kenya
[GBD Child
Mortality
Collaborators,
2016, 2017]

47 counties of Kenya
1980–2015
Household surveys,

Nigeria
[Wollum et al.,
2015]

36 states and the capital.
DHS, MICS, MIS
2000-2013

Nigeria
[Ayoade,
2018]

States
1999 to 2013
DHS (2003 to 2013) from
IHME website

Nigeria
[Carioli et al.,
2017]

0.1 ×0.1 km grids
One-time epoch
DHS

South Africa
[Bangha &
Simelane,
2007]

Population census data
9 provinces
354 districts
2001

Methods
Mortality
A discrete hazard model, with six hazards for
each of the (monthly) age bands: 0-1, 1-12, [1224, 24-36, 36-48, 48-60. HIV bias corrected for

Direct and indirect methods used to estimate
U5M (Section 2.2 and 2.3). Consistency
between subnational and national estimates is
not enforced.

IHME methods both direct and indirect methods
used to estimate U5M using CBH data (Section
2.2 and 2.3). Predictions were scaled towards
GBD 2013 results for Nigeria. Determinants
were modelled independently of U5M.

The mortality data are based on IHME work on
GBD using direct and indirect methods to
estimate U5M
DHS based methodology based on
retrospective birth technique

Brass methods used [UN, 1988; Hill et al.,
2012] used to estimate U5M (Indirect methods)
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Covariates

Spatial and spatio-temporal
Bayesian models used to predict U5M
implemented via continuous space/discretetime model. Different models were run, with
(out) HIV adjustment, with (out) covariates

Access to cities, EVI,
precipitation, aridity
temperature, malaria
prevalence, population,
wealth

Space-time smoothing implemented using
Gaussian Process Regression (GPR).

Income per capita,
maternal education, HIV
prevalence,

The outputs enhanced using SAE where time
was modelled using one-knot natural spline
and region and survey IID for unstructured
random effects

IPTp, underweight,
wasting, stunting
household ownership of
ITN, ITN use by children,
IRS, ACTs use for fever,
vaccination (BCG,
measles, DPT, polio),
ANC, SBA, facility delivery,
TT, contraception use,

Choropleth maps of U5M. Spatial patterns
analysed using local and global Moran’s I index

None used

Covariates were selected via a non-spatial
generalized regression model. Bayesian
models fitted to predict U5M

Landcover, per cent urban,
night-time lights, EVI,
distance to roads,
economic indicator

No smoothing applied

None used

Table 1.4 continued
Country and
reference
South Africa
[GBD Child
Mortality
Collaborators,
2016, 2017]
Tanzania
[Ogbo et al.,
2019]
Tanzania
[Mercer et al.,
2015].

Uganda
[Roberts et al.,
2015]

Uganda
[Asiimwe et
al., 2011]
Zambia
[DwyerLindgren et
al., 2014]

Data, the unit and period
of analysis
Vital registration data
9 provinces
1980–2015

DHS, HIV and malaria
indicator Survey, HDSS
21 Regions. 5-year intervals
from 1980 to 2009

Methods
Mortality

Spatial and spatio-temporal

Direct and indirect methods used to estimate U5M
(Section 2.2 and 2.3) and based on CRVS data
Province-level GPR estimates used to generate the
national estimates.

Discrete-time survival analysis (direct methods).
Logistic regression used to estimate the
probabilities.

Covariates

Space-time smoothing was implemented using
GPR

Income per capita, maternal
education, HIV prevalence,

A Bayesian Hierarchical space-time model
used to smooth the estimates. Random walk
for time and ICAR for space and interactions
tested.

None used

Household surveys
10 regions,
1990-2011,

Used the same approaches as [Dwyer-Lindgren et
al., 2014]. IHME variant used for SBH and CBH
data for both direct and indirect methods (Section
2.2 and 2.3)

SAE model to enhance U5M. Space (ICAR)
Time (RW1) and an interaction term between
space (CAR) and time (RW1). Covariates were
modelled independently of U5M.

ANC, SBA, immunization
(BCG, measles, polio,
pentavalent) breastfeeding,
TT, ORS, IPTp, care seeking,
underweight, stunting, ITNs
use/ownership, IRS, ACTs
use, household size, female
headship, electricity access,
wall type, sanitation, water
source, education

56 Districts, 2005
DHS data only

Relative risks were computed using Poisson
gamma and log-normal models

Relative risk estimated within a SAE
hierarchical Bayesian framework

None used

72 districts
Census and DHS
1980 to 2010

IHME variant used for SBH and CBH data for
both direct and indirect methods

Simulations used to identify a suitable
SAE framework. A 1-knot natural spline
model with IID and ICAR random effects

None used

RW1 and RW2- random walk of order 1 and order 2, ICAR - Intrinsic Conditional Auto-Regressive, BYM- Besag, York and Mollié model, IRS-indoor residual spraying, IID- independent
and identically distributed random variables, EVI- enhanced vegetation index , LST- land surface temperature, NTL-night-time light
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The studies outlined in Table 1.4 were the initial efforts in providing an improved
understanding of U5M variation at high spatial (at the pixel or at polygon level) and
temporal (annual) resolution. They unmasked heterogeneity that potentially allowed for
the identification of priority areas for interventions to reduce U5M. However, there are
some important caveats and limitations that can be improved upon. These limitations
relate to input data, the spatial and temporal resolution, the use of covariates and the
modelling strategy employed and are summarized below.

The volume of input birth history (SBH and CBH) data: These studies (Table 1.4) have
mainly utilized household sample surveys powered at provincial level while excluding
population censuses which have a huge sample size compared to household sample
surveys. Therefore, to ensure the stability of estimates, it is important to exploit all
available data within a country, when estimating a finer resolution unit than those used
during sampling and field data collection. However, studies conducted in Kenya have
used only a subset of the data available. Wakefied et al. (2018) and Burke et al. (2016),
used only geolocated birth histories from DHS 2003 and excluded those DHS without
coordinates (surveys conducted before 2003). The cluster names can be geocoded;
however, the process would require substantial resources and time.

Spatial resolution: The predicted estimates are intended for use by the Ministry of Health
(MoH) for planning and decision making. This justifies why the unit of analysis should
correspond to the units used for decision making by the MoH as opposed to a continuous
surface or a unit that is not used for decision making. However, the province was used as
the basic unit analysis in two regional studies [Pezzulo et al., 2016; Li et al., 2019b] and in
Tanzania [Mercer et al., 2015], South Africa [GBD Child Mortality Collaborators, 2016,
2017], Nigeria [Wollum et al., 2015c] and Uganda [Roberts et al., 2015]. This hampers the
ability to use the estimates for policy and decision making since at the decentralized
geographical units (county or district). Kenya, for example, uses 47 counties instead of 8
provinces (Section 1.12.3).
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Temporal resolution: The use, of course, temporal resolution may mask changes in U5M
that occur in close spaced intervals e.g. one year. For example, Burk et al. (2016)
aggregated estimates every ten years [Burke et al., 2016], Golding et al (2017) used five
years aggregates as the prediction points [Golding et al., 2017] while others predicted to
one-time point using the most recent surveys [Bangha & Simelane, 2007; Asiimwe et al.,
2011; Pezzulo et al., 2016; Carioli et al., 2017].

Covariates: Some of the analyses presented in Table 1.4 have used multiple covariates
to influence predictions of U5M, e.g., Golding et al. (2017). This undertaking has several
important implications. First, the estimates generated cannot be used to evaluate the role
of these covariates on U5M changes over time due to intrinsic circularity. Secondly, the
use of these covariates may create a covariate driven metric rather a metric that is
informed by the raw data (birth histories) [Okiro, 2019]. Thirdly, even when these
covariates are applied, only a subset is used due to unavailability or pre-selected based
on unclear assumptions, and finally, these covariates are neither completely available in
time nor space (further discussed in Section 3.5.1).

Modelling strategy: In terms of methodological approaches, Burke and colleagues
(2016) used kernel-density estimation (KDE) for interpolation, which is overly sensitive to
data variations at the cluster level with small sample size. The approach is inferior to MBG
and does not account for uncertainty robustly. Further, it does not account for spatial and
temporal correlations in the data and may result to implausible results [Burke et al., 2016;
Golding et al., 2017; Wakefield et al., 2018]. On the other hand, Golding and colleagues,
(2017) fitted four separate models to age groups 0-1, 1-11, 12-35 and 36-59 months, to
estimate U5M. These groups were treated independently while they belonged to the same
children. In addition, data without GPS locations were assigned a specific location
(coordinates) through course adjustment methods [Golding et al., 2017].
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Finally, several studies applied areal level modelling techniques. When using these
techniques, individual information is lost and there is a risk of ecological fallacy [Robinson,
1950]. In addition, aggregated data suffers the modifiable area unit problem (sensitivity of
estimates in relation to the geographical unit used for data analysis), different spatial
patterns observed at different spatial scales and reconstructing of boundaries due to
spatial misalignment over time (Section 3.2.2) [Perry et al., 2002; Kang et al., 2013].

1.12 The Kenyan study setting

1.12.1 Geography and climate
The Republic of Kenya is located in the eastern part of the African continent. It lies across
the equator which divides the country into almost two equal parts and between 5 degrees
north and 5 degrees south latitude and between 24 degrees and 31 degrees east
longitude. The Indian Ocean borders it to the south-east, Somalia to the east, Uganda to
the west and from the United Republic of Tanzania in the south to Ethiopia and South
Sudan in the north and north-west respectively. It covers an area of approximately
591,971 km2; ranking 49th in the world and 23rd in Africa in terms of size (Figure 1.4).

Kenya falls within two regions: lowlands areas, around the coastal and lake region and the
highlands, along the Great Rift Valley. The eco-system ranges from seasonal tropical
coastal systems to arid desert areas in the north and north-east, perennially hot and
humid conditions around Lake Victoria and mountainous areas. A warm and humid
tropical climate is experienced along the Indian Ocean coastline while cooler in the
savannah grasslands and around Mount Kenya (the highest point in Kenya, 5199 meters
above mean sea level-mASL) [GoK MoH, 2016a].

The variation in altitude affects temperature and rainfall patterns. The arid and semi-arid
areas, the savannah plateau and the coastal hinterland have considerably lower rainfall
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with an annual average <250 – 500 mm. The highest amount of rainfall is experienced
around the Lake Victoria region, the western and central highlands. Two rainfall seasons
are experienced; the long rains occur from March/April to May/June while the short rains
occur from October to November/December. February and March are the hottest months,
while July to Mid-August is the coldest period.

Figure 1.4: The location map of Kenya superimposed on a digital elevation model1. The elevation
ranges from 0 mASL (light yellow) to 5065 mASL (dark brown). Major rivers (lines) and water
bodies (polygon) are shown in light blue.

.

1

The NASA’s Shuttle Radar Topography Mission DEM was available at the USGS Land Processes
Distributed Active Archive Center website at 30m spatial resolution.
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About 80% of Kenya’s land area is arid or semi-arid mainly used for wildlife conservation.
The Kenyan highlands have more vegetation and predominated by agricultural activities.
Primarily, agriculture is practiced with coffee, tea and horticulture (flowers, fruits, and
vegetables) as the primary export commodities. Agriculture remains key to Kenya's
economy and contributes to about 26% of the GDP and 27% through indirect pathways to
other sectors of the economy.

1.12.2 Population
Population dynamics monitored through population census are key for national
development and as a denominator for monitoring of goals such as the SDGs. In Kenya,
the first conventional census was conducted in 1948, followed by the 1962 census
conducted 15 months before independence (Figure 1.5) [KNBS, 2019]. According to the
1962 census, Kenya’s population was 8.6 million and was used as the basis of setting up
political and administrative structures. After independence, the first census was held in
1969 followed by decennial census (Figure 1.5). Kenya has experienced steady
population growth from 5.4 million in 1948 to 47.6 million in 2019 (Figure 1.5). The
intercensal growth rate between 2009 and 2019 was 2.2% (Figure 1.5) [KNBS, 2019].
Figure 1.5: Kenya national population totals based on population census between 1948 and 2019.
The population has increased from 5.4 million in 1948 to 47.6 in 2019
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Population counts are available at aggregated units (Section 1.12.3), however, precision
public health (Section 1.10) requires high-resolution population distribution maps which
have been developed empirically2 (Figure 1.6). Human settlement within Kenya is overdispersed. The highest densities are around the Lake Victoria, the western and central
highlands, Nairobi corridor and the main coastal areas while southern and northern areas
are sparsely populated. This distribution impacts on health service delivery (infrastructure,
demand and planning) and the local burden of disease.

Figure 1.6: Kenya’s 2020 projected population showing persons per 100 m2. It ranges from 0 (light
yellow) to 13,479 (dark blue) and has been mapped using Random Forest algorithm [Stevens et
al., 2015]. Light blues shows the major water bodies.

2

Dasymetric modelling techniques have been used to disaggregate population counts within administrative
areas to finer spatial resolution [Mennis, 2009; Linard et al., 2012]. Covariates are assigned different weights
to shift populations away from unlikely areas and concentrate them in built-up areas and projected using UN’s
national, rural and urban growth rates [UNPD, 2015]. However, fine resolution data at lower units of
aggregation (e.g. enumeration areas) are required to reduce over-reliance on covariates which may induce
circularity and concentrate people where no people live.
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1.12.3 Administrative structure and devolved healthcare system
Kenya has practised a provincial administration system for decades since the pre-colonial
period. It consisted of eight administrative regions called provinces, namely Central,
Coast, Eastern, Nairobi, North Eastern, Nyanza, Rift Valley and Western (Figure 1.7)
[Bagaka, 2011]. The provinces were subdivided into lower administrative units called
districts, followed by divisions, locations, sub-locations, and villages [Bagaka, 2011].
However, the political and administrative units have changed over time and across space.
The district administrative boundaries have been reconstituted over time by either creating
new or merging several districts, e.g., in 1989 there were 41 districts, 75 in 2003, and 158
in 2009. The number and extent of provinces have remained the same but were phased
out by the 2010 Constitution [GoK, 2010].

Kenya’s decentralization system dates to 1983 when the government published a strategy
for district focus for rural development (DFRD). Districts were identified as the most basic
and effective unit for planning, development, and delivery of public services [Mwabu,
1995; Oyaya & Rifkin, 2003]. However, despite being allocated basic operational tasks,
strategic functions were limited (deconcentration decentralization) [Oyaya & Rifkin, 2003;
Barasa et al., 2017]. The district health system was managed by the district health
management teams (DHMTs), who oversaw all health sector activities within the districts
such as management and supervision of district hospitals and rural health facilities [Ndavi
et al., 2009; Barasa et al., 2017].

2010 was a landmark year for Kenya when a new constitution was adopted and came into
effect after the 2013 general elections. Kenya transitioned into a devolved system of
government with a central government and 47 semi-autonomous county governments
(Figure 1.7 and Table 1.5) [GoK, 2010]. The constitution identifies the need to facilitate a
progressive realization of the right to health to all. Therefore, both the national and county
governments are assigned different roles in the devolved system.
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The central MoH is mandated to make policies and regulation while allocation,
management of healthcare resources and service provision is mandated to the MoH in the
county governments [KPMG, 2013]. The counties now represent units for federal policy
planning to support the SDGs [GoK MoH, 2014a]. The counties have the power to
determine the organization of the county and its various departments. The counties can
modify the organizational structure to promotes efficiency in the delivery of services and
utilization of resources. Additionally, the county governments, are decentralized to the
sub-counties within the county in theory.

Figure 1.7: The eight provinces (coloured) of Kenya and the 47 semi-autonomous counties
(numbered). Provinces are subdivided into counties (black boundary and numbered- see Table 1.5)
that were formed in 2010 after the promulgation of a new constitution and came into effect after the
2013 general elections.
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Table 1.5: The 47 counties of Kenya and the respective provinces, based on 2019 Census The
area for each county is shown including the total population and those under five years. The
geographical location for each location is represented in Figure 1.7.

Province

Coast

North Eastern
Eastern

Eastern

Central

Rift Valley

Western

Nyanza

Nairobi
National

Code
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

County
Mombasa
Kwale
Kilifi
Tana River
Lamu
Taita Taveta
Garissa
Wajir
Mandera
Marsabit
Isiolo
Meru
Tharaka Nithi
Embu
Kitui
Machakos
Makueni
Nyandarua
Nyeri
Kirinyaga
Murang'a
Kiambu
Turkana
West Pokot
Samburu
Trans Nzoia
Uasin Gishu
Elgeyo Marakwet
Nandi
Baringo
Laikipia
Nakuru
Narok
Kajiado
Kericho
Bomet
Kakamega
Vihiga
Bungoma
Busia
Siaya
Kisumu
Homa Bay
Migori
Kisii
Nyamira
Nairobi
Kenya

Area-(km2)
230
8,271
12,371
38,863
6,274
17,085
44,175
56,686
25,992
70,962
25,700
6,937
2,663
2,818
30,497
6,209
8,009
3246
3,338
1,479
2,559
2,544
77,000
9,170
21,022
2,496
3,346
3030
2,885
11,016
9,462
7,499
17,934
21,901
2,479
2,038
3,052
531
3,033
1,695
2,530
580,367
4,760
2,597
1,318
900
697
580,876.3
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Total count
1,208,333
866,820
1,453,787
315,943
143,920
340,671
841,353
781,263
867,457
459,785
268,002
1,545,714
393,177
608,599
1,136,187
1,421,932
987,653
638,289
759,164
610,411
1,056,640
2,417,735
926,976
621,241
310,327
990,341
1,163,186
454,480
885,711
666,763
518,560
2,162,202
1,157,873
1,117,840
901,777
875,689
1,867,579
590,013
1,670,570
893,681
993,183
1,155,574
1,131,950
1,116,436
1,266,860
605,576
4,397,073
47,564,296

U5s
147,903
130,290
200,831
53,178
18,738
38, 689
111,616
122,827
161,091
69,160
40,617
170,262
40,384
61,547
126,180
146,858
96,425
69,988
73,098
57,491
110,514
278,141
131,429
113,990
50,681
129,558
140,223
60,932
105,970
95,031
65,541
273,331
187,896
156,328
109,558
110,976
225,919
64,638
219,174
113,304
121,658
141,070
155,694
161,426
143,507
64,454
524,987
5,993,267

In the devolved structure of governance, the healthcare system is integrated and delivered
through a hierarchical structure [GoK MoH, 2014a]. Primary healthcare services are
offered at several levels, with the lowest unit being the community (Level 1) and
complicated cases referred to higher levels of healthcare. Primary care units consist of
dispensaries (Level 2) and health centres (Level 3). Level 4, 5 and 6 comprise of primary,
secondary and tertiary referral facilities respectively [GoK MoH, 2014a].

The healthcare decentralization is aimed at improving health sector performance,
efficiency and local accountability. The new system is expected to bring services closer to
people, improve access to service, increase community participation, employee morale
and turnover. However, it is not always a straight forward process due to the complex
nature of the system and challenges in its implementation [Barasa et al., 2017]. Better
data at the county level will be required to provide information on how many deaths are
occurring, where they are occurring and what targeted package of interventions can be
employed to enhance progress.

1.12.4 Trends in U5M in Kenya
In the late 19th century, childhood mortality rates were very high, with a life expectancy of
less than 30 years at birth. During this period, medical care was rudimentary with frequent
famines, high levels of malnutrition and conflict [Anker & Knowles, 1980]. The arrival of
British colonists improved several aspects such as transportation, medical care and
sanitation and introduced new crops. As a result, when mortality was first monitored
around 1948, life expectancy at birth was 35 years. The expectancy had improved to 44
years in 1962 and U5M was estimated to be about 239 per 1000 live births. Around this
time, high mortality areas were around Lake Victoria and low mortality areas in the Central
highlands [Anker & Knowles, 1980; National Research Council, 1993]. The details on
Kenya’s administrative structure are presented in Section 1.12.2
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Declines in child mortality started in the early 1940s, through to 1970s and 1980s [Hill et
al., 2001; Omariba et al., 2007]. In 1965-1980, a 3-4% per annum (p.a) mortality decline
was witnessed, which later reduced to 2% p.a. in the 1980s (Figure 1.8) [Obungu et al.,
1994; Hill et al., 2001]. There was a reversal in progress from the mid-1980s to the mid1990s (Figure 1.8) [Odwe et al., 2015] and vast regional disparities likely due to increasing
HIV prevalence and malaria drug resistance [Hill et al., 2001].

U5M declines of about 36% were witnessed between the mid-1990s and mid-2000s,
however, the dramatic reversal was questioned [Odwe et al., 2015]. This was attributed to
mortality overestimation in 2003 and underestimation in 2008/09. It was suggested that
data from more than one source be used to define U5M trends (Chapter 3) and link the
observed U5M changes to effective interventions (Chapter 5) [Odwe et al., 2015]. The
2014 Kenya DHS survey estimated U5M to have further declined to 52 per 1,000 live
births for 2010-2014 period [KNBS et al., 2015]. However, 74,000 children died before
their fifth birthday in 2016 [UN IGME, 2017].

The availability of census data in 1969 and 1979 provided new opportunities to evaluate
U5M disparities at both the provincial and district levels [Blacker et al., 1987]. At this time,
Nyanza, Western and Coast provinces had high mortality, while Rift Valley, Eastern and
Central provinces had lower levels of mortality. There were substantial declines observed
in the two-time points across all provinces except in Coast and North Eastern [Blacker et
al., 1987]. The observed trends were associated with changes in education, malaria,
malnutrition, water, sanitation and reduced fertility rates [Blacker et al., 1987].

47

Figure 1.8: U5M between 1952 and 2017 in Kenya estimated by UN IGME (green) and IHME (brown) using both SBH and CBH from population censuses and
household sample surveys. The general trends show high U5M rates in the early 1950s, declined over time, a reversal of trends between 1988 and 2000 after which
further declines ensued. Source [IHME, 2019a; UN IGME, 2019].
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The availability of household sample surveys in Kenya [NCPD et al., 1994, 1999; CBS et
al., 2004; KNBS & ICF Macro, 2010; KNBS et al., 2015] over time (1989 to 2014)
especially the DHS has enabled reporting of U5M at the provincial level (Figure 1.9).
However, reporting has not been done at the districts/county units used for planning. This
is due to inadequate sample sizes at the district level, thus reliable and precise estimates
cannot be obtained. Provincial U5M estimates have suggested declines in mortality over
time with three distinct geographical patterns (Figure 1.9); Nyanza, Western and Coast
provinces appear to have consistently higher levels of U5M; Nairobi, Rift Valley, Eastern,
and North Eastern provinces have moderate U5M while Central province has the lowest
U5M levels [NCPD et al., 1994, 1999; CBS et al., 2004; KNBS & ICF Macro, 2010; KNBS
et al., 2015].

Figure 1.9: Provincial U5M based on DHS data between 1989 and 2014. The trends show wide
disparities across Kenya with Nyanza, Western and Coast have relatively higher values compared
to Central, Eastern and Rift valley provinces. However, they mask county level heterogeneity.

Approaches taking advantage of multiple datasets and refined demographic and spatiotemporal modelling methods to estimate spatio-temporal variations of U5M in Kenya at
sub-national units (to better understand within-country heterogeneity) were not examined
until recently [Burke et al., 2016; GBD Child Mortality Collaborators, 2016, 2017; Golding
et al., 2017; Wakefield et al., 2018]. These recent approaches were summarized in Table
1.4 and are further expanded to the Kenya context in Table 1.6.
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Table 1.6: Studies conducted in Kenya, focusing on U5M estimation over time. The analyses
leverage on multiple datasets (SBH and CBH) and spatial and spatio-temporal methods to predict
U5M at high spatial resolution (pixel or small area)

Reference

Description

Estimated U5M at eight provinces between 1990 and 2015 using DHS
data and assessed to what extent the provinces achieved MDG 4.
[Li et al., 2019b]
Limited to only 5 DHS surveys conducted in 1993, 1998, 2003, 2008/09
and 2014. Unit of analysis was the province instead of the county used
for decision making
[Wakefield et al.,
Predicted U5M at the county level between 1980 and 2014 limited to
2018].
CBH from three DHS (2003, 2008 and 2014).
CBH and SBH from DHS and census were used within a Bayesian
geostatistical framework to estimate U5M at 5 x 5 km spatial resolution
between 1990 and 2015. Data without coordinates were geo-referenced
[Golding et al., 2017]. coarsely since their exact spatial position is indefinite, predictions refer
to four-time epochs aggregated every five years, different ages groups
combined independently albeit being the same children and used
covariates to improve the predictions.
Estimated U5M based on household sample surveys between 1980 and
[GBD Child Mortality
2015. However, population censuses were not included in the analysis
Collaborators, 2017].
framework.
Interpolated U5M at 10 × 10 km spatial resolution using Kernel density
[Burke et al., 2016].
limited to only 3 DHS (DHS 2003, 2008/09 and 2014). The Kernel
density technique is sensitive to small numbers (sample size) and does
not account for spatio-temporal correlation. Predictions made at three
aggregated time points (the 1980s, 1990s and 2000s)
County variation of mortality, morbidity and risk factors by adapting
GBD studies to county level at three-time points (1990, 2006, 2016).
[Achoki et al., 2018].
Limited by sparse and imperfect data to quantify the cause of deaths
and circularity due to the use of covariates to improve U5M predictions
and further using these to assess attributability [Okiro, 2019].
The EQUIST platform (see Section 1.2) presents cause-specific U5M by
EQUIST
county shown in Figure 1.10. Insufficient (minimal) details are presented
on the methodological approaches.
GBD-Global burden of disease, LBD-Local burden of disease, EQUIST-Equitable impact sensitive
tool

These studies have some noteworthy limitations, like those discussed in Section 1.11
related to U5M. There is potential to deal with some of these limitations and improve the
modelled sub national estimates. These limitations are detailed in Section 1.11 and are
briefly summarized here. Failure to harness and incorporate all the datasets (birth
histories) available for robust and stable estimates of U5M at decision-making units within
a country. Course temporal resolution obscure changes within two-time points used, e.g.,
2000 to mean 1998 to 2002, on the other hand, fine temporal resolution (one year) would
allow for the detection of fluctuations caused by famines, conflicts and health crises.
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The temporal ranges adopted do not cover policy-relevant times; it should date back far
enough to allow evaluation of determinants in the pre-intervention period and allow for a
baseline for monitoring progress towards the SDGs. Estimates of U5M are often
enhanced with covariates, and thus, cannot be used in a study where the contribution of
these determinants is being evaluated. The unit of analysis should be aligned with the
decision-making units for policy relevance which is often not the case. More importantly,
these studies have not evaluated the contribution of child survival determinants to U5M
variability at a country level across several decades for a single country within a robust
data-driven framework.

The observed U5M trends over time in Kenya can be attributed to different diseases that
are common during childhood. These causes are discussed below.

1.12.5 U5M composition changes since 1990 in Kenya
Concepts used by the GBD across SSA have allowed for quantification of the burden of
disease at a country level across the world. The cause of deaths in Kenya largely follows
those of SSA (Section 1.5). The number one cause of death among children below the
age of five falls under communicable, maternal, neonatal and nutritional diseases which
accounted for 88% (75,745) of all under-five deaths in 1990 and reduced to 85.5%
(51,224) in 2017. This is followed by NCDs, which accounted for 9.5% (8,209) of the
deaths in 1990 and 12% (7,179) in 2017. Deaths due to injuries were 2,050 (2.4%) in
1990 and 1,511 (2.5%) in 2017 [IHME, 2019b].

When further disaggregated, lower respiratory infections, diarrheal diseases, malaria,
malnutrition, preterm birth, congenital heart, neonatal sepsis and encephalopathy have
remained among the top ten causes of deaths over 27 years (1990-2017) (Table 1.7). The
number of deaths attributed to measles was 6,863 in 1990 and reduced by 90% to 655
deaths in 2017. Those of malaria declined by 81% from 6,938 deaths in 1990 to 1,339
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deaths in 2017. The deaths in children under five for the top ten causes are summarized
in Table 1.7 for 1990 and 2017 including the percentage change. Between 1990 and
2017, deaths due to neonatal (e.g. preterm birth, sepsis, birth asphyxia and trauma) and
HIV/IADS increased while the rest declined (Table 1.7).

Table 1.7: The top 15 causes of death before age in Kenya between 1990 and 2017. The red
shows increase while green indicates a reduction

Cause of death
Lower respiratory infections
Diarrheal diseases
Malaria
Measles
Neonatal preterm birth
Protein-energy malnutrition
Neonatal encephalopathy
Other neonatal
Neonatal sepsis
Congenital heart anomalies
HIV/AIDS related
Syphilis
Tetanus
Neural tube defects
Meningitis

Deaths *1000 [96%CI]
1990
2017
18.0 [15.3-20.7]
9.5 [8.3-10.9]
11.0 [8.6-14.0]
10.5 [7.7-11.5]
7.0 [3.7-11,2]
1.3 [0.5-2.5]
6.8 [2.7-13.3]
0.7 [0.2-1.5]
4.6 [3.4-6.1]
5.1 [3.6-6.5]
4.5 [3.6 -5.3]
2.1 [1.8-2.4]
4.2 [ 2.8 - 5.9]
5.4 [4.1-6.8]
3.0 [1.9 - 4.0]
3.4 [2.2 -4.4]
2.3 [1.8 - 3.0]
2.9 [2.2-4.0]
2.1 [1.1-3.4]
1.8 [1.4-2.4]
2.1 [1.6-2.5]
2.5 [1,9-3.2]
1.9 [0.6-3.9]
0.9 [0.3-3.0]
1.7 [0.5-3.6]
0.9 [0.5-1.5]
1.6 [0.7-3.2]
1.2 [0.9-1.6]
1.6 [1.1-2.0]
0.8 [0.7-1.0]

% change
1990-2017
-46.9
-13.4
-80.7
-90.5
+10.9
-53.9
+29.1
+11.5
+24.5
-13.8
+22.5
-50.3
-50.4
-26.7
-46.9

Rank
1990
2017
1
2
2
1
3
10
4
19
5
4
6
8
7
3
8
5
9
6
10
9
11
7
12
15
13
16
14
13
15
17

The subnational estimates based on the EQUIST portal (see Section 1.2 and Table 1.6)
are presented in Figure 1.10 for 2016. Most deaths occurred during the neonatal period
and accounted for on average 25% of all deaths nationally. However, across the county,
this value ranged between ≥ 50% to <15%. Diarrhoea, Pneumonia and injuries had
substantial attribution to under-five deaths and were heterogeneous across counties.
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Figure 1.10: Cause of deaths in Kenya among children below the age of five years in 2016 at the county level. The attributable neonatal causes (orange) had the
largest share of attributability followed by diarrhoea and pneumonia (source EQUIST).
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1.12.6 The Health Context
When Kenya achieved its independence in 1963, the government adopted socioeconomic policies to alleviate hunger, illiteracy and disease via the creation of equal
opportunities for all citizens and equitable distribution of wealth opportunities [Ewbank et
al., 1986]. The newly formed government maintained the user fees put into place by the
colonial government, which impacted negatively on the utilization of health services
between 1963 and 1965. However, in 1965, the government made universal health care
(UHC) a major policy goal and abolished all user fees [Chuma & Okungu, 2011]. This
policy remained in place until 1988 when the user fees were re-introduced in all levels of
care after pressure from international agencies. This was based on poor economic
performance, scarce financial resources and constrained budget [Chuma & Okungu,
2011]. The re-introduction affected the demand for services among the poor and
decreased utilization of essential services such as immunization.

The new changes did not last long. In 1990, user fees were suspended. The short-lived
period was due to rushed implementation of the new system, considerable declines in
health service utilization, and reduced revenue collection. However, the user fees were
again re-introduced in phases starting from 1991 and applied to subsets of the population.
For example, children aged below five years and specialized conditions or services (e.g.
immunization and tuberculosis) were exempted from payment. User fees were charged for
services such as drugs, injections, and laboratory services [Mwabu, 1986, 1995; Mwabu
et al., 1995; Collins et al., 1996].

During this period, the user fees hampered access to care and had negative implications
on the utilization rates. However, in 2004, user fees were abolished at dispensaries and
health centres with a registration fee of Kenya shillings 10 and 20 respectively [Chuma &
Okungu, 2011]. Like the policy in 1991, children, the poor and specialized services were
exempted. This resulted in improved utilization of healthcare services [Chuma & Okungu,
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2011; Barasa et al., 2018a]. In 2007, the delivery fees at all public health facilities were
abolished. In 2010, the health sector services fund (HSSF) was put in place to
compensate for any losses incurred due to the removal of user fee in dispensaries and
health centres [Chuma & Okungu, 2011]. Since 2013, all services at government
outpatient facilities and maternity services have been offered free of charge [Barasa et al.,
2018a]. However, this policy was introduced when Kenya was shifting to a devolved
governance structure with county governments allocated delivery of primary and
secondary care. Consequently, operational challenges in the removal of user fees have
been experienced, e.g. the national government delaying in transferring finances to the
county governments [Keats et al., 2018b].

Alongside the health financing changes, other changes were being implemented relevant
to child healthcare. Approximately twenty years after independence, Kenya began to
launch policies to specifically improve child survival, notably in line with the Alma-Ata
declaration in 1978 on primary health care [WHO, 1978]. The Kenya Expanded
Programme on Immunization (EPI) was established in 1980 to coordinate immunization
services for six childhood killer diseases specifically, tuberculosis, polio, diphtheria,
whooping cough, tetanus and measles [GoK MoH, 2013]. In 2001, Yellow fever, Hepatitis
B and Haemophilus Influenza B type (Hib) vaccinations were added to the EPI package.
The pneumococcal conjugate vaccine was introduced in 2011 while measles second dose
and rotavirus vaccines were introduced in 2013 and 2014, respectively [GoK MoH, 2013].
These vaccinations are delivered through routine programmes following a national
vaccination schedule. In addition, mass campaigns are used to deliver certain vaccines to
target populations to interrupt disease circulation or boost immunization coverage
[Vijayaraghavan et al., 2007; Utazi et al., 2019].

The nutritional improvements among children have been a key agenda within the
government. Sessional Paper No. 4 of 1981 on national food policy later consolidated to
Sessional Paper No. 1 of 1986 on Economic Management for Renewed Growth, aimed to
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sustain sufficiency in major food and equitable distribution of nutritionally valued food
[GoK, 2011]. This was achieved through governmental interventions such as setting
prices of farm commodities and fertilizer subsidies. Occasioned by the 1990-94 drought,
the Sessional Paper No. 2 of 1994 - National Plan of Action on Nutrition was launched
and involved various sectors [GoK, 2011]. Since then, several strategies have been set up
in place including; management of acute malnutrition, food fortification to prevent and
manage micronutrient deficiencies, strengthening of nutrition information, school and
community level health and nutrition initiatives. The Nyayo school milk programme was
introduced in 1980 to boost the health and diet of children aged 5 to 13 years. It was
supported by the government and was rolled out across the country [Cherono, 2005]. Njaa
Marufuku Kenya Programme was initiated in 2005 as a school feeding programme. In
2009, the Home-Grown School Meals programme (HGSM) was initiated in 1800 schools
located in 66 semi-arid districts of Kenya. Child health campaigns; avenues through which
child survival interventions such as supplementation, deworming, immunizations and ITNs
are currently delivered through the Malezi Bora (good upbringing) initiative set in 2007
[Clohossey et al., 2014]. Malezi bora was restructured in 2007 to a health facility-based
delivery system from the previous door-to-door approach [Clohossey et al., 2014].

In the same year (2007), a strategy was developed to prompt optimal infant and young
child feeding (IYCF) practices actualized through the Baby-Friendly Hospital Initiative
(BFHI). BFHI addresses poor breastfeeding practices in maternity wards and at the
community level through the Baby-Friendly Community Initiative [Maingi et al., 2018]. Both
the National Nutrition Action Plan and the National Strategy for Maternal Infant and Young
Child Nutrition sets targets on improving complementary feeding in Kenya [Ahoya et al.,
2019]. To encourage breastfeeding at the community level, a slogan “Maziwa ya Mama
Ya Bamba” (Mother’s Milk is the Best) was also put in place.

In 1997, the control of diarrheal diseases programs merged with other programs to form
the integrated management of childhood illness strategy (IMCI) for Kenya. These
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guidelines were revised in 2010 based on WHO/UNICEF 2004 recommendations for
dramatically reducing the number of deaths due to diarrhoea. Kenya has continually set
up new strategies to deal with diarrhoea such as national diarrhoea and pneumonia scaleup plan, reclassification to allow zinc sulphate to be available over the counter and locally
produced ORS/Zinc [GoK MoH, 2014b]. The WASHplus in Kenya (2011-2013) together
with MoH advocated for treating and storing drinking water safely, hand washing, use of
latrines among communities to improve health and prevent diarrhoea.

In 2014, the Child Survival and Maternal and Child Health Integrated Programs were
launched in Migori, Kisumu, Meru, Baringo counties that were lagging behind in terms of
nutrition, vaccination, water sanitation (WASH) and community care health indicators
[USAID, 2018]. The initiative strengthens the capacities of county governments and health
teams to increase coverage and utilization of the chosen health indicators. The Nutrition
and Health Program Plus (2015-2019) distributes fortified blended and ready-to-use
therapeutic foods to address severe acute malnutrition. In 2014, the Beyond Zero initiative
was launched to complement government programs to reduce maternal, newborn and
children deaths by raising awareness among national and county leaders, mobilizing for
support and promoting accountability [Beyond Zero, 2018]. Currently (2018-2022), the
campaign’s focus is on promoting access to quality maternal and neonatal healthcare
services and proper nutrition, among others

Initiatives to fight malaria targeted to children and mothers were intensified and mobilized
under the Roll Back Malaria (RBM) initiative from early 2000. ITNs used to protect against
malaria were only limited to the private for-profit retail sector and special project-based
distributions until 2000 [Noor et al., 2007]. Through funds to the government, partially
subsidized ITN within the existing retail sector was used between 2002 and 2004. In 2004,
a parallel distribution system of heavily subsidized ITNs through MCH clinics was put into
place to take care of the vulnerable groups, including children and pregnant women [Noor
et al., 2007]. As part of a global initiative, more funds were available and ITNs were
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distributed free of charge to children under the age of 5 years in 2006 as part of mass
campaigns [Noor et al., 2007]. Since 2006 routine delivery of ITNs to infants and pregnant
mothers at clinics has been put into place while mass delivery of free-of-charge of longlasting insecticide-treated nets (LLIN) have occurred in 2006, 2008, 2011/12, 2014 and
2015 [GoK MoH, 2016a].

There were re-emerging malaria epidemics as a result of widespread resistance to
chloroquine (CQ) witnessed in the 1990s and resulted in CQ being replaced with
Sulphadoxine-Pyrimethamine (SP) as first-line treatment in 1998 [Shretta et al., 2000;
Amin et al., 2007]. By 2003, there was evidence of SP resistance that resulted to the
approval of policy change from SP to Artemether-Lumefantrine (AL) for first-line treatment
of uncomplicated malaria in 2004 which was implemented in 2006 [Shretta et al., 2000;
Amin et al., 2007]. Kenya’s MoH, adopted a policy in 1998 recommending Intermittent
preventive treatment during pregnancy (IPTp) with SP in 14 malaria-endemic counties. SP
replaced CQ in Kenya in 1998 after very high levels of CQ resistance. SP is administered
as part of ANC package for maternal health. At least three doses are recommended,
given after quickening at four-weeks intervals.

When the Kenya National malaria strategy (2001-2010) was launched, the National
Malaria Control Programme (NMCP) focused Indoor Residual Spraying (IRS) efforts in 12
epidemic-prone counties (West Pokot, Bungoma, Trans Nzoia, Baringo, Uasin Gishu,
Kakamega, Nandi, Narok, Bomet, Kericho, Nyamira and Kisii) and three endemic counties
(Migori, Homabay and Kisumu) based on malaria burden [GoK MoH, 2016a; Macharia et
al., 2018]. In the epidemic areas, IRS is targeted to specific hot spot areas while in the
endemic counties there has been perennial complete coverage of IRS. IRS activities were
suspended between 2013 and 2016 following high resistance to pyrethroids and to
manage insecticide resistance as advocated by the WHO [GoK MoH, 2016a]. Since 2017,
organophosphate insecticide was registered for IRS to reduce malaria in the targeted
endemic counties and prevent re-introduction in epidemic-prone areas [PMI, 2019].
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Between the early 1980s to early 2000s, HIV prevalence was increasing and led to the
establishment of the National AIDS Control Council (NACC) in 1999 [Lupia & Chien,
2012]. Adult HIV prevalence peaked at 11% in 1996/97 and declining to 6% by 2006 and
has been relatively stable over time (4.9% in 2017). The transmission of HIV from a HIVpositive mother to her child can occur during pregnancy, labour, delivery or breastfeeding
[WHO, 2019c]. Interventions (antiretroviral treatment, preventive measures against HIV
acquisition while pregnant and appropriate breastfeeding practices) that prevent motherto-child transmission (PMTCT) reduce the rate of transmission from 15-45% to about 5%
[WHO, 2019c].

In Kenya, there was an expansion of interventions which have partly contributed to
declines in HIV prevalence [NACC, 2018]. Since 2000, there was an increase in facilities
(4,400 facilities by 2010) offering PMTCT interventions such as antiretroviral drugs
[Murithi et al., 2015]. By 2012 the number of facilities offering PMTCT services was almost
10,000 [NASCOP, 2014; Barnhart et al., 2019]. The uptake of ARVs for HIV-infected
pregnant women has increased from 20% in 2005 to 69% in 2011 [Kohler et al., 2014]. In
2009, single-dose Nevirapine was replaced with a more effective combination therapy to
prevent mother to child transmission [Lupia & Chien, 2012; NACC, 2018]. The Kenya
Nutrition and HIV Program (2008-2013) provided nutrition assistance for ART clients,
orphans, vulnerable children, pregnant and postpartum women with HIV. Lea Toto (to
raise the child) outreach program launched in 1998 has been extending care to HIV
positive children in the most impoverished informal settlements. It provides medical
services, nutrition and counselling to decrease the risk of HIV transmission. Nuru ya
Bonde (AIDS, Population and Health Integrated Assistance) delivered quality health
services related to HIV/AIDS, family planning, reproductive health, malaria and
tuberculosis in the Rift Valley province (2011-2017).

Historically, free primary education is important because the girls who were beneficiary
are the current mothers who are likely to make positive decisions related to the health of
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their children. Free primary education was introduced in 1974 in Kenya after school fees
were abolished for Standards 1 to 4 and later extended to Standards 5 to 7 in 1978.
However, it did not last long. In 2003, when a new government took over, school fees for
primary school was abolished. As a result, enrolment increased, but there was
overcrowding in classrooms, lack of textbooks, shortage of trained teachers [Abuya et al.,
2015].

In 2016, the universal health systems initiative among the underserved population was put
into place. It focuses on improving the utilization of quality primary health care services,
which targets RMNCH and adolescent health services [GoK MoH, 2016b]. Afya Uzazi
(2016-2021) meaning “healthy parenthood” domiciled in Baringo and Nakuru counties
improves access to quality family planning, reproductive, maternal, newborn, child and
adolescent services.

Kenya has made major achievements in the promotion of child welfare through legal
frameworks. A plan was developed in 1990 to operationalize the 1990-2000 WSC goals,
which were emphasized on all policies related to child health in the 1990s. In 2001, the
Children Act was enacted to promote and protect children rights and welfare [GoK,
2018a]. The Kenya Vision 2030 (launched in 2006) is the long-term development blueprint
motivated by an aspiration for a better society and a high quality of life to all its citizens in
a clean and secure environment. Its flagship projects include health, water, sanitation
education, housing, agricultural, political and economic domain. For example,
rehabilitation of health facilities, enhancing communities’ awareness of health preventive
and promotive facets and the addition of more water points [GoK, 2008, 2018b].

To fast track Vision 2030 and development, The Big Four agenda was launched in 2018
prioritizing on food security, manufacturing, housing and UHC. UHC aim is for every
Kenyan citizen to have access to quality healthcare services without the risk of financial
impoverishment by 2022 [Barasa et al., 2018a, b] and was first piloted in Isiolo, Nyeri
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Machakos and Kisumu county [GoK MoH, 2018a]. The new constitution enshrines the
right to the highest attainable standard of health. In addition, persons should not be
denied emergency medical treatment and provision of social security to the less privileged
by the state [GoK, 2010]. In 2015, a new national plan of action for children was launched
after the expiry of the previous plans [GoK, 2015].

The total health funding in terms of US dollars per capita in Kenya has increased from
59.9 (49.1-72.7) in 1995 to 83.4 (70.9-99.4) in 2018. In the 1990s, most of the funding was
either from the government 21.1(16.1-27.5) or out of pocket spending 27.9 (20.4-37.6)
compared to development assistance for health (DAH) 3.3 (3.3 to 3.3). By 2018, DAH had
increased to 18.4 (18.3 -18.5) while the governmental health spending increased
marginally to 29.3 (22.2-37.9). The out of pocket spending decreased to 22.6 (16.1-30.5)
by 2018 from 27.9 (20.4-37.6) [GBD Health Financing Collaborator Network, 2019]. The
Kenya health context is summarized in Figure 1.11.

Finally, Kenya has been affected by several disasters (such as floods, droughts and
political violence) over time which affects child survival negatively [DCHA & OFDA, 2008;
Spencer, 2017; Okaka & Odhiambo, 2018; Venton, 2018]. Some of these events are more
prevalent in some parts of the country than others. For example, droughts are more prone
in Eastern, North Eastern, Coast and some parts of Rift Valley province, those affected by
flood are mainly Budalangi (Busia county), Nyando (Kisumu county), Rachuonyo (Homa
Bay county) and Tana River county while landslide-prone zones are Muranga county,
parts of Kiambu, Nyeri, Kirinyaga, Nyandarua and areas around mount Kenya region
[UNDP, 2007; Okaka & Odhiambo, 2018]. The timeline for major disasters in Kenya is
shown in Figure 1.12.
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Figure 1.11: The Kenya Health context between 1965 and 2018 (detailed in Section 1.12.6) showing major initiatives for child survival in Kenya
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Figure 1.12: National profile of GDP and major disasters in Kenya including political instability events and conflict (red), flooding (blue) and droughts/failed rains
(orange) between 1965 and 2017
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1.13 Defining the research question

Against a backdrop of significant policies targeted at reducing U5M and changing health
context (Section 1.12.6; Figure 1.11), Kenya has witnessed significant declines in U5M
which have varied in space and across time (Section1.12.4; Figure 1.8; Figure 1.9).
However, these reductions did not enable Kenya to meet her MDG target of a two-thirds
reduction by 2015 (a 52% reduction was realised). Higher targets set in 2015 for 2030 in
the form of SDGs which focus on a holistic approach to ensure healthier lives, calls for
quantification of local variations in U5M, its determinants and the roles these determinants
play in U5M variability (Section 1.6) using robust approaches. This will inform what
interventions are needed, where they are needed and when needed to hasten the pace of
U5M decline and meet the interrelated goals within the SDG framework and other
international milestones (Section 1.8).

U5M and other relevant mortality estimates are needed at a subnational level, county,
(Section 1.10) to support decentralized health care planning (Section 1.12.3) and resource
allocation to reduce inequities (Section 1.8). Despite various spatial and spatio-temporal
estimates of U5M (Table 1.6 and Table 1.4), there is no single study that has all the key
characteristics desirable for a spatio-temporal study evaluating the impacts of child
survival determinants on changes in U5M (Sections 1.11 and 1.12.4).

This thesis seeks to fill these research and information gaps by using a robust analytic
framework; collating all available data and comprehensive analyses of these data at
geographic units at which policy decisions are made in Kenya (counties). The analyses
will improve the current understanding of the temporal patterns of U5M (Chapter 3) and its
determinants (Chapter 4) at the county level, including the contribution of these
determinants to U5M (Chapter 5).

64

Kenya provides a unique opportunity to explore these relationships due to its diverse
ecological profile (Section 1.12.1 and 1.12.2), devolved government (Section 1.12.3), and
rich data sources (Section 3.2.1 and 4.2). The results are important in the current
devolved health planning arrangements in Kenya to allow for equitable and better use of
resources, monitoring and tracking development goals (e.g. SDGs 3.2 on U5M -Table 1.1)
and ultimately reducing U5M. In addition, there are limited resources which need to be
optimally delivered rather than through broad national-level initiatives.

The hypotheses of this study are, therefore;

1. Systematic (non-random) spatial and temporal variations in U5M by county
between 1965 and 2015 are present in the Kenya context.
2. Spatial and temporal variations observed in U5M can be attributed to disparate
underlying determinants of child survival.
Based on these two hypotheses, three research questions were formulated with
associated analysis in Chapter 3, Chapter 4 and Chapter 5.

Research questions

1. How do levels and trends in all-cause U5M rates vary by county between 1965 and
2015 in Kenya? (Chapter 3)
2. How have determinants of child survival changed between 1993 and 2014 at the
county level (Chapter 4)
3. What factors explain the spatial and temporal variability of U5M, including their
contributions to changes in U5M? (Chapter 5)
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2 Chapter 2: Review of methods relevant for this thesis
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2.1 Chapter Overview

Chapter 2 entails a review of methods relevant to answer the three research questions
defined in Section 1.13 and is divided into three sections. The first section describes
demographic methods used to estimate U5M when household sample surveys and
population census data are available and smoothing of the trends (Section 2.2 and 2.3) Question 1. This is followed by a review of subnational mapping techniques (MBG and
SAE) (Section 2.4) - Question 2. The last section focusses on techniques for quantifying
the contribution of determinants to U5M variability or changes (Section 2.5) - Question 3.

2.2 Direct methods of U5M estimation.

Demographic approaches to estimating U5M are based on the type of birth history
available; where direct methods are used when CBH data are available (Section 1.3).
Using CBH, the record of each child is expanded to include records for each month lived
up to 59 months or to the point of death. In each child-month, an attribute is added to
specify the survival status (dead or alive) of the kid at the end of the month. The childmonths are allocated to a suitable age-group based on mortality variation from 0 to 59
months (0, 1–11, 12–23, 24–35, 36–47 and 48–59 months). The child-months are
assigned to periods based on the date of birth/death. The estimated U5M is then assigned
to the midpoint of each period [Dwyer-Lindgren et al., 2013, 2014].

Varying lengths of periods can be used, however, a balance is needed between an
extended period and shorter periods; a trade-off between data pooling and fine temporal
resolution [Pedersen & Liu, 2012]. Data pooling results in large sample sizes but overly
smooths out the actual trends [Dwyer-Lindgren et al., 2013] while many analysis periods
periodicity allows fine-tracking of U5M in the temporal dimension. However, this is prone
to unstable estimates due to small sample sizes. Since U5M is a rare event, two-year
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periods are recommended with a minimum of 10,000 person-months of exposure [King et
al., 2000; Rajaratnam et al., 2010b; Bauze et al., 2012; Bermejo et al., 2015].

The monthly probability of survival is computed for each age group as the ratio of deaths
to the number of months lived in a specific age and period raised to a power equal to the
number of months in the age group. These probabilities are multiplied to obtain the
survival probability to age five which is converted to U5M by subtracting the product of the
survival probabilities from one (Equation 2.1) [Dwyer-Lindgren et al., 2013, 2014].

Equation 2.1: Direct computation of U5M



q5t = 1 − Pt ,mo.0 * ( Pt ,mos . 1−11 ) * ( Pt ,yr 1 ) * ( Pt ,yr 2 ) * ( Pt ,yr 3 ) * ( Pt ,yr 4 )
12

11

12

12

12



2.3 Indirect methods of U5M estimation using SBH.

The exposure to the risk of death for children born to a cohort of women (i) is equal to
their time/period since birth and the average experiences of these children for the cohort
(i) represents their probability of death [Brass, 1964; UN, 1990]. This principle underpins
the use of SBH to estimate U5M where, CD/CEB=D(i) is strongly related to populationlevel U5M for women of the same age-group (i) [Brass, 1964]. D(i) is converted to a
probability of death before attaining a particular age x q(x) (Equation 2.2) based on a
constant of proportionality K(i) generated using simulated data [Myburgh, 1956; Brass,
1964; UN, 1990]. Converting D(i) to q(x) is facilitated by the use of model life tables (due
to lack of reliable CRVS data) that describe age-specific mortality and survival patterns of
a population [Murray et al., 2000a; Okonjo-iweala & Osafo-kwaako, 2007].

Equation 2.2: Brass indirect method of U5M estimation

q ( x ) = k ( i ) D( i )
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The age pattern of fertility [multiplier K(i)] influences the relationship between q(x) and D(i)
(Equation 2.3). It determines the distribution of the children born to a cohort of women by
duration of exposure to the risk of dying. The multiplier K(i) is based on parity ratios P1/P2
and P2/P3 where P(i) is the average CEB per group of women (i) [1=15-19; 2=20-24; and
3=25-29 years] (Equation 2.3). The coefficients of K(i) were estimated via a regression
using simulated data based on model life tables [Brass, 1975; UN, 1990].

Equation 2.3: Multiplier K(i)

K (i ) = a (i ) + b(i )

P (1)

P ( 2)

+ c (i )

P ( 2)
P ( 3)

2.3.1.1 The reference time for U5M

Unlike CBH, SBH does not have a time attribute to allow referencing of estimated U5M to
a specific time point, thus, a reference time must be computed [UN, 1990; Moultrie et al.,
2013]. A reference time can be estimated by assuming the rate of change of U5M
overtime was somewhat constant (Equation 2.4). Feeney (1980) simulated the CD and
CEB that would occur if IMR was changing linearly over time. For plausible annual rates,
he showed that the CD and CEB for different cohorts of mothers could be matched with
IMR values that had occurred in the years before the survey [Feeney, 1980; UN, 1988]
allowing, computation of reference time. A regression formulation was developed together
with the simulated data to estimate the coefficients of Equation 2.4 which are applied
similarly as Equation 2.3. The approach estimates the number of years before the survey
to which the U5M estimates refer to, and then subtracted from the time of the survey
[Coale & Trussell, 1977; Preston & Palloni, 1977]. The coefficients, e(i), f(i) and g(i) are
estimated through regression using simulated data
Equation 2.4: Estimation Mortality reference time

time ( i ) = e ( i ) + f ( i )
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P (1)

P ( 2)

+ g (i )

P ( 2)
P (3)

2.3.2 Improvements to demographic methods
To improve U5M estimation, several model life tables were developed leveraging on data
(quality and quantity), geographic scope and modelling approaches [UN, 1956, 1988;
Coale & Demeny, 1966; Murray et al., 2000a]. The constant K(i) was refined by adopting
different model life tables, modelling methods and adjusting for non-constant fertility
[Coale & Demeny, 1966; Sullivan, 1972; Coale & Trussell, 1974; Trussell, 1975; Kraly &
Norris, 1978; Feeney, 1980; UN, 1988]. Two methods that use time since first marriage
(TFM) or time since first birth (TFB) as the duration of exposure were established
[Sullivan, 1972; Hill & Figueroa, 2001]. However, these techniques were limited because
marriage is not a prerequisite for childbearing, neither TFM nor TFB is collected in a
census and U5M is likely to be higher among unmarried women compared to married
women [Hill & Figueroa, 2001; Moultrie et al., 2013; Verhulst, 2016].

The indirect approaches were further modified by IHME and UN IGME. The estimates by
both groups are similar at the global level but different at the country level [Lozano et al.,
2011; UN IGME, 2011; Alkema & You, 2012]. The differences have been attributed to
artefacts of data, bias correction, U5M estimation method and smoothing approaches
[Alkema & You, 2012]. IHME’s methods offer a range of techniques that harness diverse
aspects of the SBH and outperforms the Brass approach [Verhulst, 2016]. Therefore,
IHME approaches have been widely used and are thus discussed in detail.

The methods adopted by UNIGME encompasses, identification of national data related to
U5M [UN IGME, 2018] followed by estimation U5M using techniques described in
Sections, 2.2 and 2.3 [UN IGME, 2007, 2018; Silva, 2012]. The estimates are adjusted for
biases due HIV/AIDs since HIV positive children are unlikely to survive and less likely to
be reported since their mothers might also have died due to HIV [Walker et al., 2012; UN
IGME, 2018]. In the final stage, a statistical model is fitted to generate a smoothed curve
of mortality (Section 2.3.3).
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2.3.2.1 IHME’s modification of the indirect method

IHME’s modification deals with: 1) overestimation of U5M for the most recent period from
the time a survey is conducted; 2) lack of credible intervals which limits identification of
statistically significant changes; 3) validation of U5M rates against CBH; 4) whether the
length of exposure should be approximated using TFB or maternal age; (5) whether it is
better to use cohort or period measures; and (6) the need to capture country/ regional
variation in the age pattern of fertility and mortality. Four adaptations (Table 2.1) have
been developed and are discussed below [Rajaratnam et al., 2010b].

Table 2.1: Cohort and period methods used to estimate U5M indexed by either maternal age or
TFB [Rajaratnam et al., 2010b].

Method
Maternal Age
Time Since First Birth

Period

Cohort

Maternal Age Period
MAP

Maternal Age Cohort
MAC

Time Since First Birth Period
TFBP

Time Since First Birth Cohort
TFBC

Cohort-Derived Methods: The MAC modification, adapts and improves the Brass
approach in three ways, namely 1) MAC uses empirical data which avoids the need for
model life tables unlike original Brass which was based on simulated data; 2) credible
intervals for U5M rates were generated unlike in Brass methods where they were not; and
3) a country random effect was included that allowed for variation across countries.

Data were pooled from 166 DHS surveys across 70 countries. The CBH from the pooled
data was used to determine the average time that deaths to women of age group i
occurred equal to the observed reference time for U5M estimates for group i. Since the
probable timing of child deaths is a function of maternal age, D(i) and the population level
fertility pattern, the observed reference was related to CD/CEB, the average CEB for
women of age group i, and the parity ratios from SBH. The generated coefficients ( 1i -  4i )
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can then be used in Equation 2.5 to estimate reference time for any SBH data and age
group of women [Rajaratnam et al., 2010b].

Equation 2.5: Estimation of the U5M reference time

 CDijk
reference timeijk = 0i + 1i 
 CEB
ijk


P (15 − 19) jk
P ( 20 − 24 ) jk

+  4i
+  ijk
 + 2i CEBijk + 3i
P ( 20 − 24 ) jk
P ( 25 − 29 ) jk


(i) is the age group (15–19,., 45–49 years; (k) is the survey; (j) is the country under study;
Ui j is a country-level random effect, all the symbols have the same meaning as used in

the previous equations.

The predicted reference times for each age group i was used to identify the equivalent
5q0 estimates from CBH data. The identified 5q0 was regressed against D(i), countrylevel random effect, CEB, and the parity ratios from SBH. The generated coefficients were
then used to estimate 5q0 for any SBH data for each group of women in Equation 2.6
[Rajaratnam et al., 2010b].

Equation 2.6: Cohort approach to U5M Estimation

P (15 − 19) jk
P (20 − 24 ) jk
 CD 
logit ( 5 qijk ) = 0i + Ui j + 1i logit  ijk  + 2i CEBijk + 3i
+  4i
+  ijk
 CEB 
P
20
−
24
P
25
−
29
(
)
(
)
ijk


jk
jk
To compare between TFB and maternal age as the duration of exposure, TFBC method
was established and applied in a similar manner as MAC. However, the five-year groups
are based on time since first birth instead of maternal age [Rajaratnam et al., 2010b].

Period-derived methods: The cohort methods were limited in several ways, namely, 1)
U5M for the most recent periods are derived solely from mortality experiences of young
mothers ignoring the experiences of older women who may have kids an older age; 2)
sample sizes for young mothers are usually small; and 3) cohort methods generate U5M
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estimates for only the 18 years preceding the time of the survey. Period methods deal with
this issues by calculating D(i) for each year prior to the survey through the estimated
distribution of births and deaths for mothers with a specific number of kids in a given age
bracket [Rajaratnam et al., 2010b]. This was accomplished by using the pooled data and
stratifying it into five broad regions, e.g. SSA- East. Within each region, mothers of a
specified age bracket with a certain number of CEB were grouped together and frequency
distribution of births and deaths for each year prior to the survey generated from CBH
data.

These distributions were then applied to CEB and CD of each mother from SBH data
resulting in a frequency distribution of births over time. Summations of CD and CEB of all
mothers in each year prior to the survey is then used to calculate period-specific D(i). The
generated D(i) together with the country-level random effect was regressed against logit
5q0 from CBH (Equation 2.7). The generated coefficients can be used together with
distributions of death and births from any SBH data to obtain U5M via Equation 2.7 The
TFBP uses a similar concept as MAP, with TFB replacing maternal age when generating
distributions of death and birth each year prior to the survey. Period measures generate
U5M up to 25 years prior to the survey since the relationship between D(i) and U5M
weakens after 25 years [Rajaratnam et al., 2010b].

Equation 2.7: Period methods used in the estimation of U5M

 CDtjk
Logit (5q0ijk ) =  0t + Utj +  1t log it 
 CEB
tjk



 +  ijk


Several caveats should be noted. As more birth histories become available, the
coefficients generated for period and cohort methods will require updating to reflect recent
trends in fertility. The period methods assume that the distribution of births and deaths are
generalizable across space and time, which is likely risky when estimation is made
subnationally or disaggregated across sub-groups [Verhulst, 2016].
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2.3.3 Gaussian Process regression (GPR) for smoothing U5M
estimates
The diversity of data sources, collection methods, sampling, and non-sampling errors
(Section 3.2) and demographic methods (Section 2.3) used to estimate U5M, results to
several U5M estimates in a single year at a specific geographical unit of analysis [Alkema
et al., 2012]. Various techniques have been used to smooth and generate a single U5M
estimate per analysis unit for each year. They include graphical methods, Loess, splines,
Bayesian hierarchical time series models and GPR. Loess does not account for potential
data biases and quality issues which necessitates post-hoc adjustments. The splines
forces the rate of change to be constant between the knots and with this effect more
pronounced during a long observation period [UN, 1992; Murray et al., 2007; Rajaratnam
et al., 2010a; Alkema & Ann, 2011; Hill et al., 2012; Wang et al., 2012; Alkema & New,
2014; Alkema et al., 2014].

GPR is a Bayesian-based, non-parametric regression which synthesizes nonlinear time
trends by specifying a probability distribution over the models [Rajaratnam et al., 2010a]. It
does not identify the best point estimates of the fitted model but computes posterior
distributions over models. Uncertainty in the modelled estimates is quantified and
fluctuations in data due to sampling and non-sampling errors captured by variance
parameters for each data source [Rajaratnam et al., 2010a; Mehdipour et al., 2014]. When
compared with Loess regression and spline-based techniques, GPR performed better
than the rest and mimicked the observed data [Rajaratnam et al., 2010a]. In addition,
countries with reliable data, yields GPR estimates that are very similar to the observed
data [Rajaratnam et al., 2010a; Mehdipour et al., 2014].

In Sections 2.2 and 2.3, the focus was on demographic approaches used to estimate and
smooth U5M. In the next section (2.4), the review focuses on approaches used to make
predictions at either at pixel level or at a polygon unit for decentralized health planning
(Section 1.12.3) and equitable resource allocation (Section 1.8).
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2.4 Subnational mapping and modelling of disease and outcomes

There are two basic types of spatially referenced data, point or areal data. Point data
consists of observed values at discrete locations within a spatial region while areal data
are confined into a finite number of spatial units within a defined boundary [Diggle &
Ribeiro, 2007; Banerjee et al., 2014]. Conditional on data type, SAE or MBG can be used
to provide subnational estimates of either U5M or its determinants.

Point and areal data obey the first law of geography “everything is related to everything
else, but near things are more related than distant things” [Tobler, 1993]. Observations
from spatially close points and temporally close periods tend to have more similar values
than points and periods that are further apart. Thus, estimates can be obtained for units
with no samples through information from surrounding areas in the modelling process.
Temporal autocorrelation occurs when data are from consecutive periods while spatial
autocorrelation arises due to grouping effects, neighbourhood and unmeasured
confounding [Duncan et al., 2017; Lee et al., 2018].

The use of Bayesian approach is preferred to the frequentist approach because it handles
random structures and un-sampled areas in a consistent manner and generates credible
intervals [Besag et al., 1991; Omez-Rubio et al., 2010; Riebler et al., 2015; Lee et al.,
2018]. Bayesian modelling brings together complex data models and prior knowledge
(Equation 2.8) [Bayes, 1763]. The posterior distribution [Y| 𝜃] is obtained from the
likelihood and the prior distribution p(𝜃) through Bayesian inference process [Diggle et al.,
2002; Hengl, 2009; Banerjee et al., 2014]. The marginal distribution of the data p(y)
requires numerical analysis achieved through Markov Chain Monte Carlo (MCMC)
simulation or Integrated Nested Laplace Approximation (INLA) algorithms. INLA provides
a computationally fast alternative inference method when compared to MCMC methods
[Hengl, 2009; Rue et al., 2009; Banerjee et al., 2014; Bakka et al., 2018].
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Equation 2.8: The Bayes Theorem

p ( | y ) =

p ( y | ) + p ( )
p( y )

MBG and SAE are reviewed below. A minimal section (2.4.1) is devoted to MBG and an
extensive section (2.4.2) on SAE. The modelling of U5M, its determinants and ecological
association relating the two (Section 2.5) are implemented using SAE while only one
determinant (malaria) is modelled using MBG (Appendix 8.2).

2.4.1 Model-Based Geostatistics (MBG)

MBG is a sub-branch of spatial statistics that provides methods for inference about
parameters of a stochastic model of the data or predicting at unobserved locations on a
continuous surface [Diggle et al., 1998; Diggle & Ribeiro, 2007]. It is mainly used when
point data are available but can also be applied to areal data with some computational
cost [Johnson et al., 2019]. Point data does not suffer ecological fallacy (difference
between individual and group level when estimating levels of risk measures) [Kang et al.,
2013], however, there are confidentiality issues associated with individual data, and in
most cases, some data is only available in aggregated forms at units of decision and
policy making (Section 1.12.3). Computationally, MBG demands high power compared to
SAE especially when the number of locations to be considered in the modelling framework
increases.

Given univariate point data (xi, yi): y the response variable, can be sampled over a grid in
the region of interest (deterministic) or independent of the process which generates it
(stochastic). The distribution of the realization yi of Yi (random variable), is dependent on
the value at xi of the underlying process S(x). MBG methods predict at unobserved
locations in space and time and may include covariates [Diggle & Ribeiro, 2007] ( Section
3.5.1 and Appendix 8.2). MBG quantifies the spatial autocorrelation as a function of
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distance using a variogram which shows the expected squared difference between two
data values separated by a distance-vector [Matheron, 1963].

2.4.2 Small Area Estimation (SAE)
Most sample household surveys are designed to provide precise estimates at national and
broad subnational units due to cost, time and practical constraints [Jiang & Lahiri, 2006;
Johnson et al., 2010; Dwyer-Lindgren et al., 2014]. At lower units (e.g. county), there is an
insufficient sample size that hampers direct estimation with adequate precision. SAE
produces robust/reliable estimates by reducing the coefficient of variation and standard
error [Ghosh & Rao, 1994; Rao, 2003; Jiang & Lahiri, 2006; Best et al., 2008; Lee, 2013;
Chandra et al., 2017]. It is achieved through smoothing techniques that borrow strength
from neighbouring units and weights predictions towards the estimated disease rate of
neighbouring areas [Rao, 2003; Jiang & Lahiri, 2006; Best et al., 2008]. SAE models are
categorized either as area-level when the data is available in the aggregate form while
unit-level, applies to data at cluster level [Jiang & Lahiri, 2006; Chandra et al., 2017].

To account for space, a range of structures can be used via a set of random effects
[Riebler et al., 2015; Anderson & Ryan, 2017; Kandhasamy & Ghosh, 2017; Lee et al.,
2018]. Besag introduced the Intrinsic CAR (ICAR) with a spatial structured random effect
[Besag et al., 1991]. An additional term to account for independent region-specific noise
was added to ICAR to form the BYM [Besag et al., 1991]. Various modifications of BYM
model have been established to account for both the structured and unstructured random
effects by focusing on identifiability and scaling such as Leroux CAR [Leroux et al., 2000],
Dean Model [Dean et al., 2001], Proper CAR [Stern & Cressie, 1999], Local CAR [Lee &
Mitchell, 2012] and the BMY 2 model [Riebler et al., 2015].

To model the spatial random effects, a neighbourhood matrix is needed. It can be defined
through subunits’ spatial adjacency, distance-based or based of a covariate [De Oliveira,
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2012]. Adjacency considers units as neighbours if they share a boundary (rook adjacency)
or if they share either a boundary and/or a node (queen adjacency) including higher-level
neighbours [Getis & Aldstadt, 2004; Morrison et al., 2012]. Straight line distance between
two units can be used to define neighbourhood where closer polygons are assigned
higher weights based on distance functions such as exponential [Best et al., 2001; Getis &
Aldstadt, 2004; Earnest et al., 2007; Duncan et al., 2017]. Finally, areas with the same
values are considered neighbours based on a covariate [Baptista et al., 2016].

To account for time, linear trends [Bernardinelli et al., 1995], separate BYM models at
each time point [Waller et al., 1997; Xia & Carlin, 1998], random walk (RW) [Knorr-Held &
Besag, 1998; Knorr-Held, 2000], splines [MacNab & Dean, 2001; MacNab & Gustafson,
2007; Ugarte et al., 2010; Torabi & Rosychuk, 2011], spatial Dirichlet processes [Kottas et
al., 2008], mixture models [Böhning et al., 2000; Böhning, 2003; Lawson et al., 2012],
Autoregressive [Congdon & Southall, 2005; Mart´ınez-Beneito et al., 2008] among others
[Lee & Lawson, 2014; Rushworth et al., 2014] have been used.

Spatio-temporal interactions where spatial trends vary by time and temporal trends vary in
space allows for flexibility when the variation cannot be decomposed into the temporal
and spatial components alone [Dwyer-Lindgren et al., 2014; Williams et al., 2018]. There
are four types of interactions ranging from complete independence (Type I) to complete
dependence (Type IV) based on permutations of spatial and temporal effects (structured
and unstructured). Type 1 is usually chosen for parsimony due to identifiability concerns
with highly structured interactions such as Type III and IV [Knorr-Held, 2000; Lawson,
2009; Blangiardo & Cameletti, 2015; Mercer et al., 2015; Ntirampeba et al., 2018]

Equation 2.9: SAE with structured and unstructured random effects for time and space including
their interactions

 = b +  + +  +  + 
it

0

i

i
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 and  are structured and unstructured spatial random effects respectively;
i
i
 and  are structured and unstructured and temporal random effects respectively; and
t
t
 is the spatio-temporal interaction.
it

Where

In addition, covariates have been used to further smooth determinants [Srebotnjak et al.,
2010] especially in presence of small sample size or unsampled locations [Best et al.,
2008; Watjou et al., 2017]. However, their use may introduce circularity or result in a
covariate-driven metric [Okiro, 2019] (Section 3.5.1). Finally the choice of a CAR model,
adjacency and interactions should be guided by the type of data, research question and
information criterion metrics [Besag et al., 1991; Best et al., 2001; Getis & Aldstadt, 2004;
Earnest et al., 2007; White, 2012; Duncan et al., 2017; Yoshida & Tsutsumi, 2018].

Having reviewed the estimation of U5M and its determinants at small areas, Section 2.5
reviews approaches used to assess the impact of the determinants on U5M variation.

2.5 Quantifying the impact of determinants on U5M

Association between U5M and its determinants in terms of underlying causality is
reasonably well established (Section 1.6). However, of importance to policymakers, is the
impacts the determinants have on U5M, which informs appropriate interventions and
benchmarking [Sartorius & Sartorius, 2014]. Focusing on the determinants with the
highest impact in specific areas is cost-effective compared to rolling out interventions to
the entire population [Sartorius et al., 2011]. Studies have often reported, “relative risk” of
known determinants of U5M, however, in isolation, they do not account for the fraction of
a given community or sub-population (prevalence of exposure) that is exposed to a risk
factor [Boco, 2010; Sartorius et al., 2010; Sartorius & Sartorius, 2014].

Different approaches have been used to quantify the attributable impact of determinants
of U5M and other related disease burden estimates. These approaches include
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counterfactual analysis [Gakidou et al., 2010], population attributable fraction (PAF)
[Zapata-Diomedi et al., 2018], decomposition analysis [Cowell & Fiorio, 2011] and via the
LiST tool [Walker et al., 2013] and are reviewed below. Given the inherent limitations in
PAF, LiST tool and decomposition analysis (discussed below), counterfactual models will
be used in the current analysis to quantify the impact of determinants on U5M variation.

The LiST model is used to evaluate which interventions (maternal, newborn and child
health) contributed to changes in U5M, prospective program planning and retrospective
program evaluation [Boschi-Pinto et al., 2010; Walker et al., 2013; Afnan-Holmes et al.,
2015; SteinGlass et al., 2017]. It uses population estimates, the cause of death fractional
structure, coverage of interventions and their effectiveness to determine the lives saved
[Amouzou et al., 2010; Walker et al., 2010; Fox et al., 2011]. However, it does not
accommodate contextual factors (e.g. maternal autonomy) that form majority of the
determinants (Section 1.6). In addition, the model uses the effectiveness of interventions
in trial conditions which is different under practical conditions [Victora, 2010].

Decomposition techniques describe the difference in an outcome as a function of
explanatory variables and coefficients and separate the change into an explained and an
unexplained portion. The explained part is disaggregated to the contributions of each
explanatory variables [Blinder, 1973; Oaxaca, 1973; Jann, 2008; Fortin et al., 2011;
Shorrocks, 2013; Njau et al., 2014; Bishai et al., 2016; Demombynes & Trommlerová,
2016; Edoka et al., 2017]. The technique can also decompose the exact contributions of
explanatory variables based on a measure of the goodness of fit [Israeli, 2007; Shorrocks,
2013; Sartorius & Sartorius, 2014; Wang et al., 2014]. However, under the current
implementation, decomposition does not account for space, time and space-time
correlation [Israeli, 2007] which cannot be discounted because the current analysis
involves data spanning over many years across 47 subnational units (Section 2.4).
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PAF represents the proportion of U5M cases that can be attributed to a given risk factor in
a population. It facilitates the evaluation of the potential impact of preventive programs at
the community level. It is calculated using Relative Risk (RR- risk of incidence of the
disease among the exposed divided by incidence risk in the unexposed) and population
prevalence (Pe) of an exposure (Equation 2.10) [Rockhill et al., 1998; Flegal et al., 2004;
Levine, 2007; Djalalinia et al., 2015; Zapata-Diomedi et al., 2018].

Equation 2.10: Computation of Population Attributable Fraction

PAF =

Pe( RR − 1)
1 + Pe( RR − 1)

The RR and Pe can be obtained from raw data specific to a study, and the calculated PAF
will be relevant to that study population. Alternatively, RR can be obtained from literature
(meta-analysis based on systematic reviews as done by the GBD studies) and Pe from
either raw data or literature. However, PAF needs to be context and area-specific to be
meaningful to the policy makers.

The calculation of a RR [Zapata-Diomedi et al., 2018]) entails specifying a multivariable
regression to produce a least biased estimate of RR that attempts to account for the
confounding influence of other determinants. Poisson and negative binomial regressions
are preferred when computing RR directly. Logistic regression leads to the estimation of
odds ratios (ORs), that substantially overestimates RR [Zou, 2004], unless the “rare”
disease (case to control proportion) assumption is upheld. When individual binary
outcomes data are used within a Poisson formulation, robust standard errors are used to
correct variance overestimation and standard errors due to under-dispersion [Zocchetti et
al., 1995; Zou, 2004; Sartorius et al., 2015; Druetz, 2018]. Using this approach, a
reasonable and conservative estimate of RR is obtained for the estimation of attributable
burden.
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An ecological model was used to estimate RR for determinants of IMR to quantify PAF for
192 countries [Sartorius & Sartorius, 2014]. Similar to the current analysis, a study was
undertaken in South Africa to assess the degree to which subnational exposure to a risk
factor impacted on IMR using PAF implemented via SAE models [Sartorius et al., 2011;
Sartorius & Sartorius, 2013]. In Uganda, PAF was used to quantify the contribution of
diseases (malaria, anaemia, diarrhoea, malnutrition and acute respiratory infections) on
all-cause U5M at national and sub-national levels [Nambuusi et al., 2019]. In South Africa
and Cameroon, PAF was used to identify high impact factors associated with obesity and
overweight using Poisson regression with robust standard errors [Sartorius et al., 2015;
Aminde et al., 2017].

PAF may under-estimate or over-estimate the magnitude of the contribution of a
determinant due to residual confounding present for ecological data. It is also problematic
to estimate PAF where determinants cannot be classified by exposure prevalence for
which the relative risks are not available in the literature, e.g. mean GDP per capita
[Rockhill et al., 1998; Sartorius & Sartorius, 2014]. In addition, in the current analysis,
annual population estimates by county for under five would be required between 1993 and
2014 to compute the number of children dying from U5M rates. However, these estimates
are not readily available and would add a layer of modelling and uncertainty to the
estimates based on census projections with spatial misalignment between districts used in
the 1990s and counties currently used.

Counterfactual analysis is used to estimate the contribution of a risk factor to an outcome
by comparing the current levels of the risk factor with the levels that would be expected
under an alternative hypothetical scenario e.g. reduction in the coverage [Murray & Lopez,
1999; Maldonado & Greenland, 2002; Murray et al., 2003; Ezzati et al., 2004]. For
example, what the U5M level would have been in current time 2014 if a baseline or
historical value (1993) of a determinant (e.g. malaria) had persisted to current time (2014).
To apply the technique, an appropriate multivariable regression is first defined, and
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inference made using actual data. The estimated coefficients are then used together with
the counterfactual estimates to predict a counterfactual burden. The counterfactual
outcome is then compared with the actual prediction to establish its relative contribution
[Verguet et al., 2016].

Gakidou et al., (2010) estimated the number of under-fives saved due to improvements in
maternal education. A mixed-effects regression model was defined and the estimated
coefficients used to compute counterfactual estimates (education remained unchanged) of
U5M between 1970 and 2009 [Gakidou et al., 2010]. Similar techniques were used to
study effects of schooling on mortality, fertility and HIV prevalence [Viner et al., 2017] and
to determine the impact of malaria vector control on U5M [Ng et al., 2017].

Counterfactual models are capable of accounting for space, time and space-time
interactions and cover a wide range of determinants, unlike the LiST and decomposition
techniques. In addition, counterfactual models can use U5M rates as the outcome without
the need to convert to numbers of children who have died for PAF. Further, the technique
allows to evaluate the impact of changes relative to a baseline, thus controlling for
baseline coverage and deaths.

2.5.1 Counterfactual analysis and causal attribution
Attribution refers to the ascription of a causal link between observed (or expected to be
observed) changes and a specific intervention (or that which is credited for the observed
changes or results achieved) [Maldonado & Greenland, 2002; WHO, 2002; OECD-DAC,
2010; Rogers, 2014]. In the current context, it represents the extent to which the observed
changes in U5M can be attributed to a specific intervention by taking into account other
interventions and confounders [OECD-DAC, 2010; Rogers, 2014]. Several strategies are
used to assess causal attribution, with the choice of a particular strategy depending on its
strengths, limitations, suitability and context [Stern et al., 2012; Rogers, 2014].
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Rogers (2014), broadly categorises the strategies used in assessing causal attribution
across impact evaluations in three groups which include; i) ruling out alternatives, ii)
consistency of evidence with causal relationship and iii) counterfactual approaches
[Rogers, 2014]. Ruling out alternatives entails identification of possible alternative
explanations for the achievement of impacts followed by data assembly to assess if the
alternatives can be ruled out. It’s used mostly when the available evidence is sufficient to
imply correlation but not causality [Rogers, 2014]. This framework has been applied in
malaria impact evaluation in Mali [Kayentao et al., 2018] and Senegal to attribute declines
in malaria and U5M to increase in the coverage of malaria control interventions [Thwing et
al., 2017; Yé et al., 2017]. The second strategy - consistency of evidence with causal
relationship – aims to identify patterns that would be consistent with causality, based on a
well-developed theory of change followed by ascertaining or disconfirming the evidence
[Rogers, 2014].

Finally, the counterfactual approaches entail comparing a counterfactual scenario and
what was observed in the presence of an intervention. The approach is applied across
four types of evaluation design differentiated by the method used to estimate the effect of
the counterfactual. These include i) experimental designs where participants are randomly
allocated either in the intervention arm or to a control group (randomized controlled trials)
regarded as the ‘gold standard’. ii) Quasi-experimental designs which involve constructing
comparison groups through techniques that do not involve random assignment such as
propensity score matching and matched comparisons. iii) Hypothetical counterfactual
involves defining what-if scenario ( e.g. what would have happened if the coverage of an
intervention did not change) [Maldonado & Greenland, 2002; WHO, 2002; Murray et al.,
2003; Ezzati et al., 2006] and finally iv) creation of a counterfactual using statistical
models [Rogers, 2014].

Given the nature of the data that will be used in the current analysis - household sample
survey and population census which will be aggregated at the county level (geographical
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unit of decision making) - a hypothetical counterfactual approach was the most suitable
design to assess causal attribution. The hypothetical counterfactual is necessitated by the
fact that it is impossible to directly observe two different exposure distributions for the
same population and period [Murray & Lopez, 1999; Maldonado & Greenland, 2002; Yé et
al., 2017].

The hypothetical counterfactual approach is now among the dominant and widely used
techniques for causal attribution [Maldonado & Greenland, 2002; WHO, 2002; Murray et
al., 2003; Ezzati et al., 2006]. It has been used widely to infer causal attribution in healthrelated analyses [Murray et al., 2003; Gakidou et al., 2010; Makela et al., 2013; Verguet et
al., 2016; Ng et al., 2017] including GBD studies [Murray & Lopez, 1996; WHO, 2002;
Mokdad et al., 2014]. For example, via a hypothetical counterfactual analysis, it was
estimated that 4·2 million fewer under-five deaths across the globe were attributed to
increased educational attainment in women of reproductive age [Gakidou et al., 2010].

Despite the hypothetical counterfactual strategy finding applications in studies assessing
causal attributions, it has several limitations. If a hypothetical counterfactual was to be
implemented in reality for a particular intervention, it might trigger changes in the other
factors in the causal web that otherwise remain unknown since the counterfactual will
never be implemented [Murray et al., 2003]. Therefore, there is no true counterfactual,
hence, cause and effect cannot be conclusively inferred [Yé et al., 2017]. While the
observed associations in a counterfactual analysis are likely to be a causal (Table 1.3),
part of the observed association may be also due to the unmeasured confounding or nonmeasured variables in the causal web [Kulhánová et al., 2014].

Chapter two entailed a review of the techniques that will be used to answer the thesis
research questions (Section 1.13). The next three chapters undertake the analyses using
the discussed methods to answer the research questions.
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3 Chapter 3: Generating county level U5M estimates in
Kenya: 1965-20153

3

I have published a journal article based on the analysis conducted in this chapter:
Macharia PM, Giorgi E, Thuranira PN, Joseph NK, Sartorius B, Snow RW, Okiro EA
(2020). Sub national variation and inequalities in under-five mortality in Kenya since 1965.
BMC Public Health; 19:146. https://doi.org/10.1186/s12889-019-6474-1
The article won The IPUMS International Research Award in the student categoryhttps://ipums.org/research-award/previous-award-winners
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3.1 Chapter Aims

Chapter 3 aims to address some of the limitations in the spatio-temporal mapping of U5M
in Kenya in the previous attempts (Sections 1.11 and 1.12.4). Consequently, the main
objective of this chapter is to generate county level estimates of U5M since 1965 in
Kenya. The chapter describes the assembly of birth history data from household surveys
and population censuses (Section 3.2.1) and geocoding to county boundaries (Section
3.2.2). This is followed by the application of demographic and spatio-temporal methods to
estimate U5M per county over time (Section 3.2.3, 3.2.4 and 3.2.5).

Subnational U5M variation, inequities, and progress towards meeting sub-national
milestones for child survival are then evaluated over time (Section 3.2.7 and 3.2.8).
Finally, the implications and limitations of the results are discussed (Section 3.4). The
U5M estimates generated (Section 3.3) will be of importance to local policymakers in
Kenya. Furthermore, these estimates will be used when assessing the contribution of child
survival determinants to the spatial-temporal heterogeneities in U5M (Chapter 5). The
results of this chapter have been published in Macharia et al., 2019.

3.2 Data and methods

The overall approaches adopted to estimate U5M in Kenya at county level between 1965
and 2013 are summarized in Figure 3.1. Broadly they include; data compilation (dark
brown), demographic techniques (green), spatio-temporal modelling (grey) and the
assessment of goals towards achieving child development milestones (light blue).
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Figure 3.1: Framework for estimating U5M in Kenya using birth histories. The framework shows the
input data (dark brown), demographic techniques (green), spatio-temporal modelling (grey), and
evaluating whether development goals were achieved and levels of inequalities (blue). The output
from each process is shown in a light brown colour.

3.2.1 Birth history assembly
The data assembly exercise aimed to collate and resolve all available birth histories at
sub-national (counties) resolution over time (1989-2014) in Kenya. Household surveys
and censuses data were available from Integrated Public Use Microdata Series
[Minnesota Population Center, 2016], MICS [UNICEF, 2016], DHS [ICF, 2016] and the
KNBS [KNBS, 2016] data portals. Those with either SBH and/or CBH are summarized
nationally in Table 3.1 and by county in Table 3.2.
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Table 3.1: Surveys with birth histories in Kenya between 1989 and 2014. The coloured
rows indicate the excluded surveys (Sections 1.3, 2.2 and 2.3) based on their
characteristics discussed below.

Survey

DHS

MICS

Census

Year of
Survey
1989
1993
1998
2003
2008/09
2014
2000
2007
2008
2009
2011
2013/14
1989 -5%
1999 -5%
2009-10%

Counties
with data
38
40
38
47
47
47
45
3
8
1
6
3
47
47
47

WoCBA
7,150
7,540
7,881
8,195
8,444
31,079
10,537
881
13,606
821
5,908
3,348
238,027
345,647
934,904

Birth History

Exposure

SBH and CBH
MA & TFB
SBH and CBH
MA & TFB
SBH and CBH
MA & TFB
SBH and CBH
MA & TFB
SBH and CBH
MA & TFB
SBH and CBH
MA & TFB
SBH
MA & TFB
SBH
MA & TFB
SBH
MA only
Informal settlements only
SBH and CBH
MA & TFB
< 5s deaths under-reported
SBH
MA only
SBH
MA only
SBH
MA only

WoCBA (women of child-bearing age sampled); collected birth history (SBH and/or CBH);
and exposure: (maternal age (MA), and/or time since first birth (TFB)

Fifteen datasets had either CBH or SBH comprising of six DHS, six MICS and three
population censuses (Table 3.1). However, MICS 2009 and 2013/14 were excluded. The
2009 MICS was conducted in the informal settlements of Mombasa only, hence the U5M
rates would only be representative of the sub populations of the county. The 2013/2014
MICS conducted in Kakamega, Turkana and Bungoma county under-reported the number
of children who had died before age five as documented in the dissemination survey
reports. All the census, MICS 2000, and three DHS covered the entire country. DHS
1989,1993 and 1998 excluded seven counties of Northern Kenya. MICS 2007 covered
three counties in North Eastern; MICS 2008 covered eight counties in Eastern while MICS
2011 covered six counties of Nyanza province. Data were missing at various times for four
counties (Table 3.2).
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Table 3.2: Data availability by survey and county used for modelling U5M in Kenya. Y (green) are
counties where data were available, M (white) are surveyed counties but microdata were missing in
the downloaded files while N (orange) are non-surveyed
County

DHS

Census

MICS

1989

1993

1998

2003

08/09

2014

1989

1999

2009

2000

2007

2008

2011

Mombasa

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kwale

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kilifi

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Tana River

M

Y

M

Y

Y

Y

Y

Y

Y

Y

N

N

N

Lamu

M

Y

M

Y

Y

Y

Y

Y

Y

Y

N

N

N

Taita Taveta

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Garissa

N

N

N

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Wajir

N

N

N

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Mandera

N

N

N

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Marsabit

N

N

N

Y

Y

Y

Y

Y

Y

M

N

Y

N

Isiolo

N

N

N

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Meru

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Tharaka Nithi

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Embu

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Kitui

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Machakos

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Makueni

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

Y

N

Nyandarua

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Nyeri

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kirinyaga

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Murang'a

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kiambu

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Turkana

N

N

N

Y

Y

Y

Y

Y

Y

M

Y

N

N

West Pokot

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Samburu

N

N

N

Y

Y

Y

Y

Y

Y

Y

N

N

N

Trans Nzoia

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Uasin Gishu

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Elgeyo

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Nandi

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Baringo

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Laikipia

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Nakuru

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Narok

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kajiado

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kericho

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Bomet

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Kakamega

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Vihiga

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Bungoma

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Busia

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Siaya

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Y

Kisumu

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Y

Homa Bay

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Y

Migori

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Y

Kisii

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Y

Nyamira

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

Y

Nairobi

Y

Y

Y

Y

Y

Y

Y

Y

Y

Y

N

N

N

Marakwet
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3.2.2 Harmonizing district and county boundaries
The county was adopted as the geographical unit for resource allocation and decisionmaking after the promulgation of the constitution in Kenya (Section 1.12.3). It was thus
used as the basic unit of analysis in the current study and comprised a total of 47
counties. Surveys undertaken between 1989 and 2010, used the district as the spatial
planning unit, necessitating their re-alignment to their county spatial equivalent (Section
1.12.3).

Recent DHS (from 2003) included latitude and longitude for each cluster for precise
positioning and were used to map the birth histories data to their equivalent county in
ArcMap version 10.5 (ESRI Inc., Redlands, CA, USA) (Table 2.3). If coordinates were not
available, district names and/or codes were used to remap the birth histories from district
to county boundaries. The codes and names (available with the microdata) were tracked
by survey type to define which district codes/names matched between similar surveys.
This was augmented by a review of literature detailing how districts names and
boundaries changed over time [NCPD et al., 1994; KNBS, 2007; WHO, 2007b; NASCOP,
2009; Law, 2013]. A unique list was then created indicating how historical districts
matched to the current county boundaries.

The unique list was validated by extracting district hardcopy maps from the census and
survey reports, digitizing and overlaying them on the existing county boundaries using
ArcMap 10.5 (ESRI Inc., Redlands, CA, USA). Instances, where >1 district formed a
county, data, were aggregated, while in cases where two or more counties covered a
single district, the district’s data was replicated for each respective county by assuming,
historically estimates of U5M were equal in the respective counties. Table 3.3 summarizes
the method used to match district and counties and how data were re-allocated where
necessary.
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Table 3.3: Mapping district boundary to county equivalent between 1989 and 2014 in
Kenya. Mapping was done using either cluster coordinates provided with the survey
microdata or tracking boundary changes and names over time where coordinates were
not available.

Survey and
Year
DHS 2014
and MICS
2011

Matching
method

Observation and data re-allocation

County
identifiers

County identifiers were provided with the microdata

DHS 2003
and 2008/09

Coordinates

GPS cluster provided within the microdata of the two surveys
were used to remap district boundaries to their county
equivalent unambiguously

MICS 2007

District code
and name

All districts overlaid on county boundary seamlessly

DHS 1989,
1993, 1998
and Census
1989

District code
and name

One district covered two counties on six instances in each
survey. U5M assumed to be similar in both the two counties
enclosing a district

MICS 2000
and 2008

District code
and name

Census 1999

District code
and name

Census 2009

District code
and name

Two districts covered one county in 19 instances. Data in
each of the two districts were aggregated to form a single
county
Two districts enclosed one county in 16 cases, data
aggregated to a single county
One district covered two counties in two cases. U5M
assumed to be similar in both the two counties enclosing a
district
157 districts matched to 47 counties by aggregating data to
form counties

3.2.3 Demographic Modelling
The assembled birth histories included various levels of information (Table 3.1). Thus,
multiple techniques (Section 2.2 and 2.3) were required to aggregate information over 47
counties and 49 years (1965-2013). Surveys were evaluated independently without data
pooling to avoid over-smoothing of the actual trends and facilitate detection of biases on a
case by case basis. Estimations were done in StataCorp. 2014 [Stata Statistical Software:
Release 14. College Station, TX: StataCorp LP] while accounting for the survey design.

Direct methods: The demographic technique is detailed in Section 2.2. In brief, using
CBH data, the months a child lived before death, or age five were allocated to six age92

groups [0-1, 1–11, 12–23, 24–35, 36–47, 48–59 months] and two-year periods. The
monthly probability of survival was calculated as the ratio of deaths to the number of
months lived in each group and period raised to a power equal to the number of months in
the age-group. U5M for each period was computed by subtracting from one, the product
of survival probabilities per period (Equation 2.1). National trends were estimated using
the direct method (Equation 2.1) since the surveys are representative nationally, and a life
table is not required [Dwyer-Lindgren et al., 2013, 2014].

Indirect approaches: Four indirect approaches to the estimation of U5M rates described
in detail in Section 2.3.2.1 were all employed to calculate U5M rates. These techniques
(MAC, TFBC, MAP and TFBP), are adaptations from Brass/Trussell models converting
CD to a U5M rate [Brass, 1964; Rajaratnam et al., 2010b]. Using the cohort approaches,
women were grouped by either 5-year cohorts of age [15-19, ……, 40-44] or by time since
first birth [ 0-4, .., 30-34], D(i) was computed per cohort and converted to U5M rate
(Equation 2.6). Estimates generated from the 15–19 years cohort were discarded as
routinely done (Section 2.3.2.1) [Ewbank, 1982].

Limitations in the cohort approaches were addressed by using period techniques (Section
2.3.2.1) to quantify D(i) for each year prior to the survey using the maternal age and time
since first birth regional empirical distributions. The D(i) was computed for each year prior
to the surveys and census and converted to U5M rate (Equation 2.7).

Due to the diversity of methods (Section 2.2 and Section 2.3.2.1) and data sources used (
Table 3.1), for each county and year, there were multiple estimates of U5M thus requiring
spatio-temporal modelling to smooth trends (produce consolidated estimates with
correctly weighted uncertainty intervals) as described in the Section 3.2.4
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3.2.4 Bayesian spatio-temporal modelling
The five demographic methods (Section 2.2 and 2.3.2.1) resulted in five separate U5M
estimates for each of the 13 surveys where CBH and SBH (both MA and TFB) were
available simultaneously (Table 3.1). Otherwise, there were less than five trends per
county depending on the type of birth history (CBH or SBH) and exposure variable
available (MA or TFB) (Table 3.1). These trends were overlapping, covering time epochs
of either 25 years (period) or 18 years (cohort) between 1965 and 2013 (Section 2.3.2.1).

A modelling framework was developed that accounted for the problem of making reliable
estimates at county level under the conditions of insufficient sample sizes by explicitly
accounting for the large sampling variance and heterogeneity between surveys and
demographic techniques while exploiting spatio-temporal relatedness of U5M estimates to
increase predictive power. Specifically, a Bayesian spatio-temporal GPR model with a
heteroscedastic error component was implemented (Equation 2.1).

Equation 3.1: Spatio-temporal smoothing of raw U5M using SAE

 Qijkt
log 

1 − Qijkt

Where:



 =  + Skt + Zijkt



Q ijkt is the estimated U5M rate from the ith survey (n=13), based on demographic

method j (n=5) for the kth county (n=47) and year t (n=49). Skt is a spatio-temporal
Gaussian process and Zijkt a Gaussian noise.

To predict Skt , the strength of information was borrowed across all surveys, methods,
counties and years. It was modelled as a spatio-temporal Gaussian process with mean 0
and covariance function  = 

2

R

S

 RT  .  is the Kronecker product, RS and RT are the

spatial and temporal correlation matrices, respectively. RS CAR process with correlation
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parameter  while RT was modelled as AR1 with a parameter of temporal correlation  .
Queen adjacency (Equation 3.2) was used to define neighbourhood (Section 2.4.2).

Equation 3.2: Definition of a neighbourhood in spatio-temporal modelling in SAE
Skt Sk ' t : k j   k



N    Sk ' t '



k  k
j

1 


k 

 k is the set of counties that neighbours to the kth county and

k

is their total number;

Zijkt was modelled with the variance taken to be the product of the log-transformed
sample size from a given survey, county and year, and a second factor that accounts for
the variability inherent to the demographic methods used to quantify U5M. The log of the
sample size was used to obtain equally distributed weights to borrow information across
all surveys and avoid excessive overweighting of the census data. This is because birth
histories are secondary to the purpose of a census thus collected with less attention [UN,
1998, 2012, 2014; Hill et al., 2007; Dwyer-Lindgren et al., 2014].

Zijkt , was assumed to be a set independent of Gaussian variables with mean zero and
variance w i ,k j varying across surveys, w i is a weight equal to the log nik, where n is the
2

2

number of interviewed women in the ith survey and kth county and

 i2

expresses the

variability of the estimator from the j-th method.

Independent diffuse priors were used to fit the model using Bayesian inference;  i , i, for i
= 0; 1, each follows a Gaussian distribution with mean 0 and variance 105;  2 and

 i2

for i

= 1..N, have log-Gaussian priors with expectation is 1 and variance is 25;  and  each
follows a uniform distribution in the unit interval [0, 1].
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The model was fitted using a bespoke MCMC algorithm, developed in the R software
environment (Version 3·4·1), and based on 10,000 posterior samples of smoothed U5M
rates by county and year. To reduce the between-samples correlation, the algorithm was
iterated for 110,000 times and retained every 10th sample after a burn-in of 10,000
samples. The U5M posterior distribution was summarized by computing the mean, and
95% credible intervals for each year from 1965 to 2013. 2013 was the last year with
reliable data to allow prediction of U5M [Boerma et al., 2018]. The output was exported
and mapped in ArcMap 10.5 (ESRI Inc., Redlands, CA, USA).

3.2.5 Validation
To assess the predictive performance of the model, a cross-validation procedure was
used with a randomly selected hold-out sample containing 10% of the observed U5M
rates for each possible combination of surveys and estimation methods. The root-meansquare error (RMSE) and the mean error (ME) were then used to summarize the accuracy
and precision of the U5M model-based estimates. The ME or the bias represents the
mean difference between the observed and predicted values. It is used to assess whether
the model consistently under- or overestimates the outcome being estimated. RMSE is
the square root of the average of squared differences between prediction and actual
observation. It is a standard way to measure a model’s error during prediction

Equation 3.3: Computation of the root-mean-square error (RMSE) and the mean error (ME)

 (y
N

RMSE =

MAE =

i =1

pred

− y obse )

2

N

1 N
 | y pred − y obse |
n i =1

Where xi and ypred- are the predictions, yobse are the observations
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3.2.6 The annual rate of change and projections
The posterior mean was used to estimate decennial percentage change and the overall
percentage change between 1965 and 2013. In addition, the ARR was computed at the
national and county level based on 2000 (U5M (2000)) and 2013 (U5M (2013)) U5M rates
(Equation 3.4). The change in U5M rates between 2000 and 2013 was assumed to take
an exponential function similar to a compound annual rate of decline [UNICEF, 2007;
Amouzou et al., 2012]. The ARR was used to make projections from the 2013 U5M rates
to 2015 with an assumption that the ARR trajectory remained constant between 2013 and
2015.

Equation 3.4: Computation of the annual rate of reduction (ARR) in U5M between 2000 and 2013

 U 5M ( 2013)
ARR = 
 U 5M ( 2000)









1


 ( 2013− 2000 ) 

−1

3.2.7 Spatio-temporal inequities
Given the importance of equity in health (Section 1.8), geographic inequities in U5M
across counties were calculated using inter-decile ratios between 1965 and 2013. These
included 1) the difference between the highest and lowest value of U5M (range); 2) the
ratio between the highest and lowest values of U5M (folds); 3) the ratio between average
of U5M rates in 20% of the counties with highest U5M rates to the average of 20% of the
counties with the lowest rates (quintile ratio). Finally, the Palma’s inequality ratio [Palma,
2006; Cobham et al., 2016] was computed as the average of U5M of 40% of the counties
with high U5M divided by the average U5M of 10% of counties with low U5M for each year
between 1965 and 2013.

The ratio proposes that changes in inequality are exclusively due to changes in the share
of the tenth decile and first to the fourth decile, leaving unchanged the share of the
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‘middle’ group [Palma, 2006; Cobham et al., 2016]. It has been proposed as an alternative
measure since traditional measures for tracking inequality (e.g. Gini coefficient), are
relatively insensitive at the extremes and overly sensitive to changes in the middle of the
distribution which might mislead policy makers [Palma, 2006; Cobham et al., 2016].

3.2.8 Progress in meeting global local and global milestones
Progress in meeting global milestones was evaluated at two-time points at the national
and subnational level using global targets (described in Table 1.1). These targets
included: reduce U5M by a third and/or to 70 deaths per 1000 live births between 1990
and 2000 [UNICEF, 1990] (WSC) and reduction of U5M by two-thirds between 1990 and
2015 [UN, 2000] (MDG 4). The progress made in attaining these targets was assessed in
2000 and 2015 (projected rates) both at the national and county level. All CIDPs for each
of the 47 counties were reviewed to extract locally defined county-specific targets for
U5M, which were compared with the modelled rates to assess local progress.

Finally, the percentage change in U5M between 1993 and 2014 at both the national and
county level were also computed. This period corresponds to the years when most of the
determinants of child survival were monitored. Consequently, Chapter 5, focuses on the
association and contribution of U5M determinants between 1993 and 2014.
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3.3 Results

3.3.1 National trends
The data assembled included ten household sample surveys and three population
censuses comprising 460 county-years, 1·14 million households and 1·62 million women
of childbearing age (15-49 years) since 1989 in Kenya. The demographic methods and
the Bayesian spatio-temporal models allowed for 49 years of temporal predictions from
1965 to 2013 across all 47 counties of Kenya. Projections were done to 2015 based on
2000-2013 ARR to allow for the evaluation of progress towards meeting international child
development goals (Table 1.1).

The model predictive performance showed a correlation of 0·6 with the observed values, a
bias of 4.87 deaths per 1000 live births, and a root-mean-square of 0·08 indicating a small
magnitude of error between the smoothed values and the raw estimates.

Figure 3.2: Cross-validation between empirical and predicted U5M. Estimates are standardized and
log-transformed since every method and survey has its own precision modelled on the logit scale.
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At the national level, there was a 61·6% reduction in the mean U5M rate over 49 years
from 141·7 (CI: 121·6-164·0) deaths per 1,000 live births in 1965 to 54·5 (44·6-65·5)
deaths per 1,000 live births in 2013 (Figure 3.3). There were two periods of substantial
decline over the 49 years from the early 1970s to late 1980s and early 2000 to 2013 with
U5M appearing to plateau and /or reverse during the 1990s. The highest ARR (4·5% [4·05·1]) was recorded between 2000 and 2013, 2·5 times faster relative to the rate of
reduction recorded between 1965 and 1988 (1·8% [1·5-2·0]).

At the national level, Kenya had not attained the goals (Table 1.1) set out in the WSC in
1990 by 2000; the estimated U5M in 2000 was 99·3 (CI: 88·3-111·7) per 1000 live births
versus a target rate of 70 per 1000 live births (Figure 3.3). The overall reduction between
1990 and 2000 was 3·3%, far short of the 33.3% target. Additionally, using the 2015
projected U5M rates, the two-thirds (66.67%) reduction target (MDG 4) was not achieved
nationally despite an overall reduction of 48·3% (43·6-53·1) since 1990 (Figure 3.3).

Focusing on the period between 1993 and 2014 (analysis period for the impact of
determinants- Chapter 5), at the national level, the U5M in 1993 was two times higher
compared to 2014. It reduced from 101.5 [91.3-112.7] per 1000 live births in 1993 to 52.0
[42.6-62.6] per 1000 live births in 2014, a 48.8% reduction (Figure 3.4). In this period,
U5M remained high between 1993 and 2000, a mean rate of 102 and 99 deaths per 1000
live births respectively.

A steep decline ensued between 2000 and 2008 (99 to 63.6 deaths per 1000 live births)
after which the reduction pace reduces between 2008 and 2014 (59 to 52 deaths per 100
live births) (Figure 3.4). The annual rate of reduction between 2000 and 2008 (5.4) was
2.2 times faster than the rate of reduction between 2009 and 2014 (2.5).
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Figure 3.3: National variation in all-cause U5M between 1965 and 2015 in Kenya. The graph is based on sample household surveys computed using the
direct method only. The dotted lines (2014 and 2015) are based on projections (Section 3.2.6)

Footnote: The national annual mean (black line), 2·5–97·5% (light green) interquartile credibility range (ICR) and 25-75% ICR (dark green) of U5M per 1000 live births
in Kenya between 1965 to 2015 summarized from the posterior distribution of model in Equation 3.1. The 2014 and 2015 U5M rates computed using the 2000-2013
ARR, assuming the trajectory remained unchanged is shown as a dotted line. The U5M reduction target for WSC by 2000 and the 2015 MDG 4 target are shown using
crosses. Similar graphs at the county level are presented in the appendix.
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Figure 3.4: National variation in all-cause U5M between 1993 and 2014 in Kenya- the period of focus when estimating the contributions of health
interventions and socio-demographic factors to changes in U5M.

Footnote: The national annual mean (black line), 2·5–97·5% (light green) ICR) and 25-75% ICR (dark green) of U5M per 1000 live births in Kenya between 1993 and
2014 summarized from the posterior distribution of model in Equation 3.1. The 2014 U5M estimate was computed using the 2000-2013 ARR, assuming the trajectory
remained unchanged is shown as a dotted line.
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3.3.2 Sub-national trends on U5M
National estimates masked important sub-national differences in U5M rates over time
(Figure 3.3, Figure 3.5 and Table 3.4) in Kenya. Regionally, in 1965, all the counties in the
Coast, North Eastern, Eastern, Nyanza, Western and Nairobi Provinces (Figure 1.7) had
U5M rates of over 100 while those in central (except Kirinyaga county) had U5M rates
below 100 (Figure 3.5). County U5M estimates show that historically, the highest mortality
rates were along the coastal areas (south-east of Kenya), the arid and semi-arid areas
around Lake Turkana (north-west Kenya) and area around the Lake Victoria region
(Figure 3.5 and Table 3.4 ). The mean U5M in 1965 ranged from over 200 per 1000 live
births (in 11 counties) to between 50 and 75 per 1000 live births in four counties (Figure
3.5), and by 2013 only ten counties had U5M rates > 70 deaths per 1000 live births.

Overall, using 1965 as a baseline, by 2013, 23 counties had ≥ 60% decline in U5M rates,
while another 14 had reductions ≥50% (Table 3.4). All counties, apart from Nyeri and
Nairobi, had an overall reduction greater than a third between 1965 and 2013. By 1990
U5M was ≥ 100 in 15 (32%) of the 47 counties, and by 2000 this has reduced to 17% (8
counties). By 2013, only three counties had U5M rates greater than 100 (Homabay, Migori
and Siaya), and in addition, seven counties (Busia, Kakamega, Kilifi, Kisumu, Kwale,
Lamu, Migori, Tana River and Vihiga) had ≥ 70 deaths per 1000 live births (Table 3.4).

Counties that started off with higher levels of U5M, especially those in North Eastern,
Western and Nyanza regions experienced greater percentage and absolute reductions
compared to those that started with relatively lower levels of U5M rates. In addition, North
Eastern has reduced child mortality to levels below 50 deaths per 100 live births by 2013
(Figure 3.5). However, there were unique patterns in the magnitude (Figure 3.7) and rate
of change where each county had a unique profile (Appendix 8.1). These declines were
not equal in space and over the 49 years.
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Figure 3.5: County level mean U5M per 1000 live births in Kenya. The U5M is shown every two years between 1965 and 2014 (projected) and classified into six
classes ranging from <50 (dark green) and >200 (dark brown) per 1000 live births. The names of the county are shown in Figure 1.7
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Table 3.4: County level and trends U5M between 1965 and 2013 every ten years and the average percentage over time. Dark green shows reduction ≥ 65%,
light green shows reductions between ≥ 45% and < 65% while yellow show reductions < 45%. Symbols and colours (Figure 3.6) and county map (Figure 1.7)
County
Mombasa [1, ӿ]

1965

1975

1985

1995

2005

2013

1965-2013 %

162·8 [130·9-198]

126·4 [110·6-144·0]

90·5 [81·0-100·1]

77·5 [69·3-86·6]

49·0 [42·1-57·0]

54·9 [43·6-68·1]

-66·2

Kwale [2, ӿ]

243·7 [201·8-290·3]

177·5 [156·6-200·3]

138·5 [124·6-153·1]

108·4 [96·7-121·2]

73·0 [62·7-84·4]

71·1 [56·5-88·2]

-70·8

Kilifi [3, ӿ]

223·8 [184·5-267·8]

193·6 [170·6-217·8]

158·8 [143·4-175·1]

125·2 [112·3-139·0]

77·8 [67·1-89·3]

77·2 [61·7-95·2]

-65·5

Tana River [4, ӿ]

220·1 [186·4-256·3]

186·6 [167·8-207·0]

152·4 [139·8-166·0]

115·6 [105·5-125·8]

83·9 [75·4-93·0]

78·0 [65·8-91·5]

-64·5

Lamu [5, ӿ]

202·1 [162·6-247·4]

165·3 [143-189·1]

112·0 [99·0-125·6]

84·6 [75·0-94·9]

62·2 [54·0-71·3]

72·1 [57·5-89·2]

-64·3

Taita Taveta [6, ӿ]

112·6 [95·6-131·3]

113·5 [102·9-125·1]

93·1 [85·4-101·1]

80·4 [73·4-87·6]

60·1 [53·7-67·1]

55· 4[46·2-65·7]

-50·8

Garissa [7, ♦]

180·6 [150·4-214·7]

149·6 [132·4-168·5]

124·7 [113·3-136·4]

98·4 [89·8-107·3]

67·9 [60·9-75·4]

63·0 [52·8-74·7]

-65·1

Wajir [8, ♦]

183·4 [152·8-217·7]

143·8 [126·8-162·3]

107·7 [97·8-118·2]

80·2 [73·1-88·0]

58·9 [52·9-65·4]

46·6 [38·9-55·4]

-74·5

Mandera [9, ♦]

163·4 [125·3-208·4]

126·4 [105·9-149·7]

94·2 [82·6-106·4]

77·0 [68·1-86·6]

49·6 [42·8-57·1]

32·7 [25·3-41·5]

-80·0

Marsabit [10, +]

136·8 [112·9-163·1]

116·3 [102·0-131·8]

88·6 [80·1-97·8]

60·1 [54·5-66·4]

41·5 [37·0-46·3]

36·4 [30·3-43·5]

-73·4

Isiolo [11, +]

236·1 [204·6-270]

182·6 [164·8-201·5]

125·0 [115-135·1]

80·3 [74·0-87·1]

54·4 [49·3-59·9]

49·0 [42·1-56·7]

-79·2

Meru [12, +]

130·6 [114·6-147·8]

90·2 [82·9-97·8]

57·0 [53·0-61·1]

51·5 [47·8-55·3]

45·6 [41·6-49·8]

57·1 [49·5-65·6]

-56·2

Tharaka Nithi [13, +]

136·1 [118-155·6]

98·7 [90·0-107·7]

68·3 [63·1-73·8]

66·8 [61·5-72·3]

56·5 [50·9-62·5]

59·3 [50·4-69·3]

-56·4

Embu [14, +]

101·2 [88·0-116·0]

71·6 [65·2-78·3]

50·1 [46·4-53·9]

50·0 [46·2-53·9]

48·4 [44·0-53·1]

59·1 [51-68·3]

-41·6

Kitui [15, +]

173·9 [153·7-195·3]

141·2 [130·4-152·3]

110·5 [103·3-117·9]

97·9 [91·2-104·9]

70·4 [64·4-76·8]

63·4 [55-72·5]

-63·5

Machakos [16, +]

121·4 [106·9-136·9]

101·4 [93·6-109·5]

69·6 [64·9-74·5]

58·7 [54·7-63·0]

45·0 [41·0-49·1]

45·5 [39·4-52·3]

-62·5

Makueni [17, +]

119·7 [102·9-138·3]

106·1 [96·6-116·1]

84·1 [77·7-90·7]

73·2 [67·2-79·5]

45·3 [40·7-50·0]

42·6 [36-50·1]

-64·3

Nyandarua [18, ▲]

98·1 [83·9-113·2]

76·1 [69·2-83·4]

52·7 [48·5-57·2]

42·4 [38·9-46·1]

45·4 [40·8-50·3]

59·3 [50·6-69·3]

-39·5

Nyeri [19, ▲]

53·7 [46·3-61·8]

44·5 [40·5-48·7]

31·2 [28·9-33·7]

35·3 [32·7-38·2]

35·1 [31·8-38·7]

42·4 [36·5-48·9]

-20·8

Kirinyaga [20, ▲]

132·3 [115·2-150·9]

100·5 [92·0-109·5]

62·5 [57·8-67·5]

56·9 [52·4-61·6]

54·2 [49·0-59·8]

66·0 [56·7-76·6]

-50·1

Murang’a [21, ▲]

95·1 [82·3-109·1]

71·0 [64·8-77·5]

50·3 [46·7-54·2]

48·3 [44·5-52·2]

54·0 [49·0-59·4]

59·6 [51·4-69]

-37·3

Kiambu [22, ▲]

82·6 [71·2-94·8]

68·3 [62·3-74·7]

54·0 [50·1-58·3]

50·8 [46·9-54·8]

44·3 [40·1-48·8]

48·0 [41·3-55·8]

-41·8

Turkana [23, ●]

221·7 [186·5-259·8]

193·6 [172·3-215·7]

150·3 [137·4-164·1]

108·8 [99·7-118·9]

78·6 [70·9-86·8]

65·0 [54·6-76·6]

-70·6

West Pokot [24, ●]

116·6 [98·0-136·7]

102·6 [92·5-113·4]

86·0 [78·7-93·7]

72·8 [66·5-79·5]

47·7 [42·6-53·3]

39·5 [33·1-46·9]

-66·0
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Table 3.4 continued
County

1965

1975

1985

1995

2005

2013

1965-2013 %

Samburu [25, ●]

116·0 [96·9-137·4]

101·7 [90·0-114]

79·4 [72·2-87·0]

60·2 [54·9-65·7]

38·3 [34·2-42·7]

32·6 [27·4-38·5]

-71·9

Trans Nzoia [26, ●]

129·0 [111·1-148·7]

117·1 [106·9-128·4]

92·8 [85·6-100·2]

70·9 [65·3-76·9]

51·2 [45·9-56·7]

50·5 [42·9-59]

-60·8

Uasin Gishu [27, ●]

81·8 [70·4-94·6]

78·8 [71·9-86·2]

71·7 [66·3-77·3]

62·1 [57·2-67·2]

41·8 [37·9-46·1]

37·4 [32-43·5]

-54·3

E Marakwet [28, ●]

139·1 [117·9-161·9]

124·2 [112-136·9]

81·9 [74·8-89]

58·0 [52·8-63·5]

36·0 [32·1-40·2]

32·0 [26·6-38]

-77·0

Nandi [29, ●]

101·4 [87·4-117·2]

91·2 [82·8-99·8]

88·7 [81·9-95·8]

79·1 [72·8-85·7]

57·2 [51·6-63·2]

46·3 [39·3-54·1]

-54·3

Baringo [30, ●]

90·6 [78·5-103·6]

72·8 [66·5-79·5]

71·6 [66·3-77]

71·3 [66-76·8]

52·4 [47·6-57·5]

48·3 [41·6-55·7]

-46·6

Laikipia [31, ●]

69·2 [59·3-80·0]

56·8 [51·6-62·4]

40·0 [37-43·3]

40·6 [37·4-44]

32·2 [29·1-35·6]

33·6[28·9-38·7]

-51·4

Nakuru [32, ●]

86·8 [76·0-98·7]

74·5 [68·5-80·7]

56·7 [52·8-60·8]

47·9 [44·6-51·5]

45·3 [41·3-49·5]

54·0 [47-61·8]

-37·8

Narok [33, ●]

66·6 [56·7-77·8]

59·9 [54·4-65·7]

74·0 [68·4-80·0]

60·7 [56-65·8]

39·6 [35·8-43·6]

38·7 [33·1-45]

-41·9

Kajiado [34, ●]

69·1 [59·7-79·5]

65·6 [59·9-71·8]

51·7 [47·9-55·9]

42·3 [39·1-45·8]

35·3 [32·0-38·8]

33·6 [28·8-38·8]

-51·3

Kericho [35, ●]

88·6 [77·5-100·5]

79·0 [72·6-85·8]

73·4 [68·5-78·8]

63·2 [58·8-68]

47·2 [42·8-51·8]

43·6 [37·7-50·1]

-50·7

Bomet [36, ●]

89·6 [76·9-103·3]

79·9 [72·8-87·6]

69·8 [64·5-75·3]

50·8 [46·6-55·2]

41·5 [37·3-45·9]

41·8 [35·6-48·7]

-53·3

Kakamega [37, x]

179·5 [158·5-202·5]

162·1 [149·8-175]

148·1 [138·3-158·2]

134·9 [125·4-144·5]

96·5 [88·0-105·7]

75·3 [65-86·6]

-58·0

Vihiga [38, x]

176·2 [152·4-201·3]

153·9 [140·8-167·9]

133·9 [123·7-144·5]

127·7 [117·3-138·4]

107·8 [96·7-119·2]

89·4 [75·4-104·9]

-49·2

Bungoma [39, x]

179·2 [153·0-208·4]

153·6 [139·5-168·6]

132·3 [121·6-143·4]

111·1 [101·6-121·1]

79·7 [71·2-88·9]

65·8 [54·9-77·8]

-63·3

Busia [40, x]

259·2 [225·0-295·7]

197·1 [179·5-216·1]

150·8 [138·7-163·4]

148·1 [135·7-161·4]

112·0 [100·1-124·7]

88·6 [74·3-105·1]

-65·8

Siaya [41, ■]

265·5 [234·3-298·2]

240·8 [222·6-259·6]

226·0 [211·3-241·3]

213·2 [199·4-227·3]

153·6 [140·9-166·7]

107·7 [92·9-123·9]

-59·4

Kisumu [42, ■]

216·2 [189·6-244·3]

209·0 [193·2-225·5]

199·3 [186·1-213]

177·9 [165·5-190·3]

120·6 [110·3-131·3]

86·6 [74·6-99·7]

-59·9

Homa Bay [43, ■]

268·7 [239·2-300·3]

251·0 [233·5-269·2]

233·0 [218·7-247·6]

217·4 [203·9-231·4]

155·0 [143·0-167·9]

119·6 [103·9-136·3]

-55·5

Migori [44, ■]

268·0 [234·2-304·4]

250·2 [229·6-271·5]

232·2 [215·9-249·0]

215·4 [199·9-231·6]

149·5 [135·8-164·0]

121·1 [103·1-140·7]

-54·8

Kisii [45, ■]

155·4 [135·1-178·0]

130 [119·2-141·5]

117·4 [108·9-126·2]

102·9 [95·2-110·8]

65·4 [59·5-71·6]

53·4 [45·6-61·9]

-65·6

Nyamira [46, ■]

148·0 [128·3-169·5]

108·9 [99·6-118·8]

82·2 [76·2-88·7]

62·2 [57·2-67·3]

51·5 [46·8-56·7]

47·0 [40·1-54·6]

-68·2

Nairobi [47, -]

100·4 [85·2-117·0]

74·2 [67·0-82·0]

65·2 [59·9-70·8]

67·4 [61·7-73·4]

56·1 [50·3-62·6]

67·5 [57-79·4]

-32·7
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U5M changes between 1993 and 2014 at the county level.

Unlike birth history data which are retrospective in nature (Section 1.3), which allowed for
the estimation of U5M every year between 1965 and 2013 and projected to 2015, the
determinants of U5M (Section 4.2) are not retrospective (available at the time of survey or
at most 5 years from the survey year). The determinants are available over of 22 years
while U5M estimates are available over a period of 49 years. The period between 1993
and 2014 is an important timeline as it corresponds to when determinants of U5M and
child mortality estimates are simultaneously available and forms the basis of Chapter five
for counterfactual analysis to assess the role/impact of the determinants.

In the period (1993-2014) at the county level, the percentage change in U5M was
heterogeneous with 39 (83%) and 8 (17%) of counties experiencing reductions and
upsurges in child mortality rates respectively. The percentage reductions ranged between
1.6% in Kiambu county to 58.3% in Mandera county while the absolute reductions ranged
between 1 and 110 deaths per 1000 live births (Table 3.5). The counties with huge
reductions had relatively high child mortality rate in 1993 when compared to counties with
lower reductions. For example, Siaya county had 217 [203.4-231.2] deaths per 1000 live
births in 1993 with a reduction of 50% compared to Kiambu county with a percentage
reduction of 1.6% and 49.9 [46.1-53.8] deaths per 1000 live births in 1993. The counties
with high reduction rates were mainly in Nyanza and North Eastern provinces (Table 3.5).

On the other hand, some counties witnessed an increase in U5M between 1993 and
2014. These counties included Nyandarua, Nyeri, Kirinyaga, Murang’a, Nakuru, Nairobi,
Embu and Meru all located in the Central region of Kenya. The increase ranged between
4.8% in Nairobi county to 39.5% in Nyandarua county. Counties which recorded an
increase in U5M, all had lower starting child mortality rates in 1993 compared to the
counties witnessing huge reductions (Table 3.5).
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Table 3.5 County level of U5M in 1993 and 2014 (projected), percentage and absolute changes in
U5M between the two-time points - the period in which the impact of determinants of U5M will be
evaluated. The percentage changes are binned in classes of 15% with shades of green showing
reduction and shades of yellow to red showing increase. The symbols indicate the county name
(Figure 3.6)
1993

2014

% change

Mombasa [1, ӿ]

78.4[69.9-87.8]

56.6[43.1-72.7]

-27.8

Absolute change per
1000 live births
-21.8

Kwale [2, ӿ]

114.9[103.1-128.1]

72.7[55.8-93.9]

-36.8

-42.3

County

Kilifi [3, ӿ]

130.4[116.9-145]

79.2[60.8-101.3]

-39.3

-51.3

Tana River [4, ӿ]

122.6[112.2-133.6]

78.7[65.2-93.3]

-35.8

-43.9

Lamu [5, ӿ]

91.2[81-102]

73.5[57.3-92.6]

-19.4

-17.7

Taita Taveta [6, ӿ]

82.1[75.2-89.5]

56.1[46.1-67.5]

-31.7

-26.0

Garissa [7, ♦]

103.9[94.9-113.4]

63.5[52.3-76.5]

-38.9

-40.4

Wajir [8, ♦]

83.2[75.8-91.1]

46.8[38.3-56.3]

-43.8

-36.5

Mandera [9, ♦]

78.8[69.4-88.8]

32.8[24.4-43]

-58.3

-46.0

Marsabit [10, +]

63.6[57.5-70.4]

36.7[30.1-44.6]

-42.3

-26.9

Isiolo [11, +]

86.1[79.4-93.4]

49.4[41.9-57.7]

-42.7

-36.7

Meru [12, +]

52.4[48.7-56.3]

58.5[50-68.3]

11.7

6.1

Tharaka Nithi [13, +]

67.6[62.2-73]

60.6[50.6-71.6]

-10.3

-7.0

Embu [14, +]

49.3[45.6-53.2]

60.5[51.4-70.6]

22.6

11.2

Kitui [15, +]

100.9[94.2-107.9]

64.2[54.9-74.2]

-36.4

-36.7

Machakos [16, +]

59.8[55.6-64.2]

46.5[40-54]

-22.2

-13.3

Makueni [17, +]

76.5[70.4-82.8]

43.3[35.8-51.7]

-43.4

-33.2

Nyandarua [18, ▲]

43.6[40-47.5]

60.9[51.2-72.1]

39.5

17.2

Nyeri [19, ▲]

34.9[32.3-37.7]

43.6[37.1-50.8]

24.9

8.7

Kirinyaga [20, ▲]

56.2[51.8-60.9]

67.7[57.4-79.4]

20.4

11.5

Murang’a [21, ▲]

47.8[44.1-51.6]

61.1[51.8-71.5]

27.9

13.3

Kiambu [22, ▲]

49.9[46.1-53.8]

49.1[41.7-57.4]

-1.6

-0.7

Turkana [23, ●]

115.7[105.8-126]

65.6[54.1-78.6]

-43.3

-50.1

West Pokot [24, ●]

76.9[70.4-83.7]

39.9[32.9-48]

-48.1

-37.0

Samburu [25, ●]

63.2[57.7-69.1]

32.9[27.1-39.4]

-48.0

-30.3

Trans Nzoia [26, ●]

72.7[67-78.9]

51.2[42.7-60.7]

-29.6

-21.5

Uasin Gishu [27, ●]

64.8[59.8-70]

37.8[31.7-44.6]

-41.7

-27.0

E Marakwet [28, ●]

63[57.6-68.7]

32.4[26.5-39]

-48.7

-30.7

Nandi [29, ●]

80.2[74.1-86.7]

46.8[39-55.4]

-41.7

-33.4

Baringo [30, ●]

73[67.8-78.5]

48.9[41.7-56.8]

-33.0

-24.1

Laikipia [31, ●]

40[37-43.3]

34.3[29.2-40]

-14.3

-5.7

Nakuru [32, ●]

46.5[43.2-49.9]

55.1[47.6-63.7]

18.6

8.6
-24.2

Narok [33, ●]

63.5[58.7-68.6]

39.3[33.1-46.2]

-38.2

Kajiado [34, ●]

41.5[38.3-44.9]

34.2[28.9-40.1]

-17.5

-7.2

Kericho [35, ●]

64.7[60.1-69.5]

44.2[37.9-51.4]

-31.7

-20.5

Bomet [36, ●]

52.4[48.2-56.8]

42.4[35.6-50.2]

-19.1

-10.0

Kakamega [37, x]

137.5[128.2-147]

75.8[64.6-88.4]

-44.8

-61.6

Vihiga [38, x]

129.7[119.8-140.6]

90.1[74.8-107.2]

-30.6

-39.6

Bungoma [39, x]

115[105.5-125]

66.3[54.3-79.8]

-42.4

-48.7

Busia [40, x]

149.8[137.4-162.4]

89.1[73-107.4]

-40.5

-60.7

Siaya [41, ■]

217[203.4-231.2]

107.8[91.7-126]

-50.4

-109.3

Kisumu [42, ■]

184.5[172.5-197.3]

86.9[73.3-101.7]

-53.0

-97.7

Homa Bay [43, ■]

223.1[209.6-236.7]

120.1[102.9-138.8]

-46.2

-103.0

Migori [44, ■]

222[206.2-238.3]

121.9[101.8-144.7]

-45.1

-100.1

Kisii [45, ■]

108.4[100.6-116.8]

53.9[45.3-63.6]

-50.3

-54.5

Nyamira [46, ■]

64.9[59.8-70.1]

47.6[40-56]

-26.7

-17.3

Nairobi [47, -]

66.3[60.7-72.1]

69.5[57.8-83.1]

4.8

3.2
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3.3.3 Spatio-temporal Inequities
An assessment of the temporal inequities between counties suggests substantial
reductions in geographic inequity over time (1965 and 2013) (Figure 3.6). At the start of
the study period (1965), the difference in U5M rates between counties with the highest
and lowest rates was 215.1 per 1000 live births. By 2013 the gap had reduced by 58·6%
(57·7-59·2) across the 47 counties to a difference of 89.1 deaths per 1000 live births. The
reductions were, however, uneven with epochs of decreasing and increasing inequities.

Figure 3.6: Inequality in U5M by county from 1965 to 2013. Calculated through Palma ratio (bold
dark line shows). The scatter plot shows changes in mean U5M per county between 1965 and
2013.

The provinces are differentiated by shapes; Coast (ӿ), North Eastern (♦), Eastern (+), Central (▲),
Rift valley (●), Western (x), Nyanza (■) and Nairobi (-) and counties with colors shown in Table 3.4
and their corresponding map number shown in Figure 1.7

The Palma ratio showed inequity was high in the 1960s reduced marginally in the 1970s
then increased to a peak of 3.52 in 1989. From mid-1990, the level of disparities between
counties has declined dramatically through to 2013 (Figure 3.6). By 2013 a child born in
Western Kenya was 3·8 (3·7-4·1) times more likely to die before age five compared to a
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child born in Central Kenya. Despite a reduction from 5·0 (4·9-5·2) in 1965, high levels of
inequities continue to exist notably in counties of Coast, Western and Nyanza Provinces
(Figure 3.6).

The pace of decline varied by county (Figure 3.7); between 1965 and 1985 all counties
witnessed declines ranging between 0 to over 20% every five years except Narok and
Taita Taveta. Counties around central Kenya had a slow pace of decline after 1985 and
some recorded a rise in their U5M rates between 1985 and 1995 (Laikipia, Nyeri, Nairobi)
and between 1995 and 2005 (Nyandarua and Muranga). By 2005-2013, the pace of
mortality decline had slowed compared to the previous decades since 1965. The rise had
spread and more pronounced in all counties in Central Kenya (Figure 3.7).

Figure 3.7: Percentage change in U5M every five years, between 1965 and 2013 by county.
Counties in northern, western and southern Kenya are experienced declines over time while those
in central Kenya had increasing trends between 2005 and 2013.
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3.3.4 Progress in meeting global and local targets
At the country level, Kenya did not achieve any of the targets set to reduce mortality rates
in children below five years, however, at subnational level, some counties met some of
these goals (Table 3.6). By 2000, 24 counties had an U5M rate of ≤ 70 (WSC goal 1) per
1000 live births (Mandera, Marsabit, Meru, Embu, Machakos, Makueni, Nyandarua, Nyeri,
Kirinyaga, Murang'a, Kiambu, West Pokot, Samburu, Trans Nzoia, Uasin Gishu, Elgeyo
Marakwet, Baringo, Laikipia, Nakuru, Narok, Kajiado, Kericho and Bomet). However, only
two counties (Isiolo and Elgeyo Marakwet) had at least one-third reduction in U5M rates
between 1990 and 2000 (WSC goal 2). None of these counties were in Western or Coast
provinces, however, all counties in the Central province reached the targets set during the
WSC between 1990 and 2000.

With respect to the MDG targets, no county achieved a two-thirds reduction in U5M rates
between 1990 and 2015 (MDG 4) based on projections made to 2015, however, nine
counties had reductions ≥ 50%, 34 had reductions of at least 25% while 4 counties had
reductions < 25% (Table 3.6). Despite this, 2015 projections show notable reductions in
the level of U5M rates (<50 per 1000 live births) in 21 counties (Table 3.6). No county had
an U5M rate of ≤ 25 deaths per 1000 live births (the SDG target for 2030) throughout the
entire 49 years of data (birth history) analyses.

During the MDG 4 period, U5M rates increased relative to rates observed in 1990 for
some counties. Counties in Central province (Murang’a, Kiambu, Kirinyaga and Nyeri) and
the adjacent areas (Laikipia, Nakuru, Embu, Nairobi) had small increases between 1990
to 1995. After 1995, this reversal had spread outwards to other counties in Central
province, and some counties in Coast Eastern and the southern part of Rift Valley
Province. The overall percentage increase in these eight counties ranged from 5·3% in
Nairobi to 32·7% in Nyandarua county between 1990 and 2015. Table 3.6 shows those
counties that achieved (green), missed with a small (amber) or a significant margin (red)
the reduction targets.
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Table 3.6 Progress of the 47 counties in meeting global U5M reduction targets. The goals include
reduction of U5M to 70 deaths per 1000 live births (WSC1) or 33.33% between 1990 and 2000
(WSC 2) and reduction of U5M by at least 66.67% between 1990 and 2015 (MDG 4).

Province
Coast
[ӿ]

North
Eastern
[♦]
Eastern
[ +]

Central [▲]

Rift Valley
[●]

Western [x]

Nyanza [■]

Nairobi [-]

County Name
Mombasa [1, ӿ]
Kwale [2, ӿ]
Kilifi [3, ӿ]
Tana River [4, ӿ]
Lamu [5, ӿ]
Taita Taveta [6, ӿ]
Garissa [7, ♦]
Wajir [8, ♦]
Mandera [9, ♦]
Marsabit [10, +]
Isiolo [11, +]
Meru [12, +]
Tharaka Nithi [13, +]
Embu [14, +]
Kitui [15, +]
Machakos [16, +]
Makueni [17, +]
Nyandarua [18, ▲]
Nyeri [19, ▲]
Kirinyaga [20, ▲]
Murang'a [21, ▲]
Kiambu [22, ▲]
Turkana [23, ●]
West Pokot [24, ●]
Samburu [25, ●]
Trans Nzoia [26, ●]
Uasin Gishu [27, ●]
Elgeyo Marakwet [28, ●]
Nandi [29, ●]
Baringo [30, ●]
Laikipia [31, ●]
Nakuru [32, ●]
Narok [33, ●]
Kajiado [34, ●]
Kericho [35, ●]
Bomet [36, ●]
Kakamega [37, x]
Vihiga [38, x]
Bungoma [39, x]
Busia [40, x]
Siaya [41, ■]
Kisumu [42, ■]
Homa Bay [43, ■]
Migori [44, ■]
Kisii [45, ■]
Nyamira [46, ■]
Nairobi [47, -]

WSC goal 1
67·9 [59·3-77·2]
93·3 [81·6-106·4]
107·0 [94·1-121·5]
97·6 [88·6-107·2]
68·8 [60·2-78·2]
71·1 [64·2-78·3]
82·0 [74·2-90·1]
68·3 [61·8-74·9]
58·6 [51·3-66·5]
48·8 [43·9-54·0]
65·8 [60·3-71·6]
48·8 [44·9-52·9]
64·8 [59·2-70·8]
48·6 [44·5-52·8]
85·3 [79·0-91·9]
52·6 [48·6-56·8]
57·3 [52·2-62·7]
42·8 [38·9-46·9]
36·6 [33·6-39·9]
57·3 [52·3-62·6]
52·4 [48·0-57·2]
49·0 [44·9-53·4]
88·2 [80·4-96·8]
57·1 [51·5-63·1]
47·0 [42·6-51·8]
61·7 [56·2-67·6]
51·1 [46·8-55·8]
43·3 [39·0-47·9]
70·5 [64·3-76·9]
61·1 [56·0-66·3]
37·3 [34·1-40·7]
47·6 [44·0-51·5]
49·3 [45·0-53·7]
39·9 [36·5-43·4]
56·1 [51·7-60·9]
47·0 [42·8-51·5]
119·9 [110·8-129·3]
119·9 [109·2-131·1]
94·5 [85·7-104·1]
135·6 [122·8-148·8]
190·3 [176·7-204·6]
153·7 [142·1-166·0]
194·6 [181·3-208·4]
188·0 [172·8-203·5]
86·4 [79·5-93·9]
59·3 [54·3-64·5]
62·3 [56·5-68·4]

WSC goal 2
-10·4 [8·8-12·3]
-23·3 [21·5-24·9]
-21·3 [19·4-22·9]
-26·3 [25·4-27·0]
-30·8 [29·7-32·0]
-15·9 [14·9-17·1]
-26·6 [26·0-27·3]
-25·9 [25·5-26·4]
-32·4 [31·9-32·9]
-31·0 [30·7-31·4]
-33·0 [32·7-33·4]
-7·9 [7·0-8·6]
-2·8 [1·8-3·9]
1·3 [0·2-2·0]
-16·9 [16·1-17·8]
-12·6 [12·1-13·5]
-25·8 [24·9-27·0]
-6·5 [5·5-7·7]
-12·2 [11·3-13·3]
-2·8 [1·6-3·9]
-11·5 [10·6-12·5]
-1·3 [0·2-2·3]
-30·7 [30·1-31·0]
-31·0 [29·9-32·0]
-32·4 [32·0-32·7]
-21·2 [20·0-22·2]
-24·5 [23·6-25·4]
-38·9 [38·1-39·8]
-14·5 [13·6-15·4]
-16·9 [16·2-18·0]
-1·6 [0·8-2·6]
1·1 [0·4-2·1]
-28·4 [27·7-29·3]
-6·5 [5·6-7·3]
-16·9 [16·1-17·8]
-19·7 [18·9-20·7]
-15·6 [14·8-16·3]
-10·7 [9·7-12·1]
-22·9 [21·9-23·9]
-9·0 [8·1-10·4]
-14·5 [13·8-15·4]
-20·3 [19·4-21·2]
-13·8 [13·1-14·6]
-16·5 [15·7-17·5]
-24·5 [23·6-25·2]
-15·9 [15·2-16·6]
-2·5 [1·3-3·5]

MDG 4.
-28·5 [20·6-36·3]
-42·6 [36·0-48·9]
-44·4 [38·1-50·5]
-41·9 [37·2-46·5]
-27·2 [19·5-34·8]
-35·5 [29·7-41·3]
-44·5 [39·6-49·2]
-50·6 [46·3-54·8]
-63·7 [59·1-68·2]
-49·4 [45·3-53·5]
-51·1 [47·7-54·4]
9·1 [1·8-16·7]
-11·5 [4·4-18·4]
25·0 [16·4-33·8]
-39·5 [35·1-43·8]
-25·2 [19·8-30·4]
-45·8 [41·1-50·6]
32·7 [22·8-42·7]
31·5 [22·2-40·4]
19·6 [11·2-28·5]
28·1 [19·5-37·2]
-3·2 [-10·5-4·23]
-49·9 [45·8-54·07]
-53·3 [49·2-57·3]
-54·2 [50·6-57·8]
-36·2 [31·1-41·3]
-45·9 [41·6-50·0]
-55·7 [51·8-59·7]
-45·3 [40·9-49·7]
-35·2 [30·6-39·8]
-12·0 [6·2-18·0]
15·8 [8·4-23·7]
-44·7 [40·4-48·8]
-21·9 [16·4-27·5]
-36·5 [32·1-41·0]
-29·1 [23·8-34·4]
-48·6 [44·7-52·4]
-34·6 [29·1-40·4]
-47·6 [43·0-52·4]
-42·2 [36·9-47·3]
-53·4 [49·7-57·1]
-56·8 [53·4-60·2]
-48·7 [45·0-52·6]
-47·7 [43·4-52·2]
-54·8 [51·2-58·4]
-34·3 [29·2-39·4]
6·3 [-2·1-15·3]

Footnote: Counties that achieved the targets are shown in green, amber shows those that missed
the target by a small margin (20%), while red indicates counties that missed the target with a large
margin. The numbers (Figure 1.7) and colours (Figure 3.6) indicate the counties while the shapes
(Figure 1.7) indicate the 8 provinces of Kenya
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In addition to the set international targets aimed at reducing U5M (Table 1.1), the counties
have set local targets [CoG, 2019]. Of the 47 counties, 40 (85%) had outlined their U5M
reduction targets. 32 counties defined their targets as absolute numbers (e.g. Kajiado
county aimed to have reduced U5M to 48 deaths per 1000 live births by 2017), six
counties adopted MDG 4 ( reduce U5M by two thirds between 1990 and 2015) and 2
adopted SDG 3.2 ( reduce U5M to ≤25 deaths per 1000 live births by 2030) as their
reduction targets (Table 3.7). Eleven counties (highlighted green in Table 3.7) had met
their 2017/2020 targets based on the 2015 projections (Table 3.7).

Table 3.7: Progress towards meeting county-specific targets (from CIDPs) related to the reduction
of U5M. The green indicates counties that met their target.
County
Mombasa
Kwale
Kilifi
Tana River
Lamu
Taita Taveta
Garissa
Wajir
Mandera
Marsabit
Isiolo
Tharaka Nithi
Embu
Kitui
Machakos
Makueni
Nyandarua
Nyeri
Murang'a
West Pokot
Samburu
Trans Nzoia
Uasin Gishu
E. Marakwet
Nandi
Nakuru
Narok
Kajiado
Bomet
Kakamega
Bungoma
Busia
Siaya
Kisumu
Homa Bay
Migori
Kisii
Nyamira
Nairobi

Goal (per 1000 live births)
SDG
65.6
46
115
54
66
40
55
MDG
MDG
90
45
MDG
34.2
33
77
41
35
33
MDG
55
16
15
39
26
42
MDG
48
30
33
110
115
70
65
MDG
70
MDG
72.9
MDG
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Target Year
2030
2034
2015
2012
2017
2017
2017
2017
2015
2015
2017
2015
2015
2017
2030
2017
2020
2020
2015
2015
2017
2020
2018
2020
2015
2022
2015
2017
2020
2020
2017
2020
2017
2017
2030
2015
2015
2017
2015

2015 U5M
54·2 [43·0-67·1]
69·8 [55·4-86·6]
75·6 [60·4-93·2]
76·8 [64·8-90·2]
72·4 [57·7-89·5]
54·4 [45·4-64·6]
61·9 [51·8-73·4]
45·5 [37·9-54·0]
31·4 [24·3-39·9]
35·7 [29·7-42·6]
48·0 [41·2-55·6]
59·0 [50·1-68·9]
59·9 [51·6-69·2]
62·1 [53·9-71·1]
45·0 [39·0-51·8]
41·8 [35·2-49·2]
60·6 [51·7-70·8]
42·9 [36·9-49·4]
60·2 [51·8-69·6]
38·6 [32·3-45·7]
31·8 [26·7-37·6]
49·8 [42·4-58·2]
36·6 [31·3-42·6]
31·3 [26·1-37·2]
45·0 [38·2-52·6]
54·4 [47·4-62·3]
38·0 [32·5-44·3]
33·2 [28·5-38·4]
41·5 [35·4-48·4]
73·0 [63·0-84·0]
64·2 [53·6-76·0]
86·1 [72·2-102·2]
103·6 [89·4-119·2]
83·3 [71·8-95·9]
115·8 [100·6-131·9]
117·6 [100·1-136·6]
51·7 [44·1-59·9]
46·3 [39·5-53·8]
67·9 [57·3-79·8]

3.3.5 Comparisons with other national and subnational U5M estimates
Estimates generated in the current study were compared to previous findings for Kenya,
at both the county and national level, to assess their similarities because policymaking
and donor funding rely on such evidence. At the national level, the trend generated in the
current study (purple) is sandwiched between the IHME (lower and brown) and UN IGME
(top and green) trends over time (Figure 3.8). The three trends are generally similar over
time, declines up to 1988, negative reversal between 1989 and 2000 before a decline
which seems to have stabilized after 2010 (Figure 3.8)
Figure 3.8: National U5M trends between 1965 and 2013 as estimated by UN IGME (green), IHME
(brown) and in the current study (purple). The mean U5M rate obtained in the current study
averages over the other two trends.

Of the previous studies conducted in Kenya (Table 1.6), subnational estimates from the
current study were compared to Wakefield et al. (2018) and to Golding et al. (2017).
Wakefield et al. (2018) offer a substantial and a longer comparison period (1980 to 2013)
in contrast to the rest of the studies (less than four time points). On the other hand,
despite Golding et al. (2017) having fewer comparison points, they used covariates
(Section 3.5.1) to make predictions unlike the current study, therefore providing a different
viewpoint of comparison and discussion.
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When compared with estimates by Wakefield et al. (2018) (Figure 3.9 b), 33 counties
(70%) had a correlation coefficient (  ) of ≥ 0.75, seven with a
further seven with

 (> 0.5 but <0.75) and a

 < 0.5 between 1980 and 2013 [Wakefield et al., 2018]. Among the

seven counties with

 < 0.5, four are located in Central province with two neighbouring it

(Nairobi, Meru) and one in the south coast (Lamu) (Figure 3.9). The spatial heterogeneity
pattern across the country is similar for both the analysis; western and coastal areas have
consistently higher values over time, northern parts depicting huge reductions while
central Kenya had lower values over the three decades of comparison.

Figure 3.9: Comparison of U5M estimates generated in the current study (a) and those by
Wakefield et al. (2018) (b) between 1980 and 2013 every five years ranging from <50 (green) to
≥150 (dark red) deaths per 1000 live births.
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The estimates by Golding et al. (2017) (Figure 3.10 b) when compared with those
estimated in the current study aggregated every five years (Figure 3.10 a) largely show
similar spatio-temporal patterns. In both (a and b), areas in Western, Coast provinces and
some parts of Eastern Kenya have relatively higher U5M rates compared with rest of the
country. However, the U5M estimates between 2003 and 2007 by Golding et al. (2017)
seem to be higher when compared to those generated in this study with fewer differences
between 2008 and 2012 (Figure 3.10).

Figure 3.10: Comparison of U5M estimates generated in the current study (a) and those by Golding
et al. (2017) for Kenya for three averaged time points between 1998 and 2012. U5M estimates
range from green (low) to dark red (high)
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3.4 Discussion

The work presented here extends previous attempts [Burke et al., 2016; Wang et al.,
2016; Golding et al., 2017; Wakefield et al., 2018; Achoki et al., 2018; Li et al., 2019b] to
quantify U5M subnationally in Kenya over a period of five decades. It incorporates more
birth history data, higher temporal granularity (annual), an extended analysis period (49
years), excludes covariates to remove any circularity and employs a different
methodological framework. Notably, for the first time, assessing progress towards meeting
global and local targets for reducing U5M. This was achieved through a comprehensive
data assembly and robust spatio-temporal modelling to evaluate spatial and temporal
inequities for U5M within Kenya between 1965 and 2013 and between 1993 and 2014 for
use in Chapter 5 when evaluating the role of determinants.

In 1965, one in approximately seven children born alive in Kenya, died before the age of
five, 49 years later, child mortality has declined significantly, but remains high, with one in
approximately 19 children not reaching their fifth birthday (Figure 3.3). Progress towards
improving child survival has been uneven, with faster rates of reduction in some counties
and slower progress in others (Figure 3.5 and Figure 3.6). Progress in meeting
international goals aimed at reducing U5M has been less than optimal. At the national
level, Kenya has not reached international goals set to reduce U5M rate by 2000 (WSC)
or by 2015 (MDG 4) (Figure 3.3). However, at a sub-national level, only half of the
counties (25 out of 47 which equals to 53%) met the 2000 WSC goals while by 2015 no
county achieved the MDG 4 (Table 3.6).

Declines in U5M started shortly after independence in 1965, through to 1988. These
reductions coincide with efforts set to establish policies to support economic growth,
mitigate against high fertility rates and rapid population growth rates past independence in
1963 [Hill et al., 2001] (Section 1.12.6, Figure 1.11). Between 1988 and 2000 progress
seemed to stagnate and coincided with the increasing spread of the HIV epidemic, rising
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poverty [Garenne & Gakusi, 2006b; Lupia & Chien, 2012] low immunization coverage
rates, poor quality of childcare [Keats et al., 2017], the reintroduction of user fees [Barasa
et al., 2018a], inadequate coverage of healthcare services, insufficient health workforce, a
reduced focus on RMNCH [Keats et al., 2017, 2018b] and resurgent malaria epidemics
driven by El Niño and escalating drug resistance [Snow et al., 2017] (Section 1.12.6,
Figure 1.11, Figure 1.12).

From 2000 through to 2013, influential strategic changes to support health financing and
access to healthcare, new vaccines and other preventive measures, effective medicines
for malaria control and increase in the coverage of treatment and scale-up of prevention
services for HIV all led to a dramatic change in effective health service access [Amin et
al., 2007; Noor et al., 2007; Lupia & Chien, 2012; Keats et al., 2017, 2018b; Snow et al.,
2017; Barasa et al., 2018a] (Section 1.12.6, Figure 1.11).

Building on this prior knowledge, the current analysis attempted to improve the
understanding of within-country variability in Kenya by providing county level estimates
over five decades. These findings suggest that child mortality transitions have not been
equal between counties and over time. The counties with the highest levels of U5M in
1965-1970 experienced the most substantial reductions while those with lower starting
levels had smaller changes observed over the 49 years.

County level targets (set by the semi-autonomous county governments) were not
available for all counties, and when available, the baseline information used to set the
target was not explicit. However, the generated U5M rates could be used as a baseline for
monitoring local targets. Twenty-five of the 47 counties attained WSC goals by 2000 while
projections to 2015 undertaken (Table 3.6) using the 2000-2013 ARR were used to track
progress across the MDG period. This forward projection was not extended to 2030 in line
with SDG target due to concerns regarding long-term projections using insufficient data
[Boerma et al., 2018; Okiro, 2019], but the rates will inform SDG 3.2 2015 baseline.
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Child mortality related inequities have been previously documented across different
subgroups [Quentin et al., 2014] such as inequities due to wealth disparity [Chao et al.,
2018] and across geographic units. Here the focus was on spatial and temporal inequities
between geographical units from 1965 to 2013 (Figure 3.6) because spatial inequity links
health outcomes uniquely to characteristics of a place i.e. in this context county level
[Jankowska et al., 2013; Arku et al., 2016]. By highlighting spatial (county) inequities, it
allows policy makers to further unpack the socio-demographic and socio-economic
inequities within the county and the real drivers of the geographic inequity (Chapter 5).

There were widespread regional differences in U5M which have reduced over time. For
example, a child born in the Homa Bay county (in Western Kenya on the shore of Lake
Victoria) was five times as likely to die before age five compared to a child born in the
Nyeri County (Central Kenya just north of Nairobi) in 1965 and this gap reduced
marginally to 3·8 times by 2013. Despite this reduction, children in Homa Bay county were
still at the highest risk of dying in 2013 based on these estimates. These are areas
characterized by high HIV prevalence [Lupia & Chien, 2012] and intense malaria
transmission [Macharia et al., 2018] similar to Coastal Kenya. In contrast, the northern
and eastern parts have a very low prevalence of malaria and HIV.

The widespread cross-country inequities from 1965 to early 1970s coincided with a phase
when the Kenyan government was fighting poverty and disease [Anker & Knowles, 1980].
During the 1980s, inequities exacerbated and coincided with increasing HIV prevalence
and increased levels of poverty across the country [Garenne & Gakusi, 2006b]. The
inequities decline in the early 1990s through to 2013 could be linked to considerable
improvements in health service provision (Section 1.12.6). However, inequities recorded
in 2013 are still unacceptable and focus on reducing U5M in these high burden areas will
be essential to narrow these remaining gaps.
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U5M in some of the counties of the Central province appears to have stalled, stagnated,
or reversed in most recent periods, especially after 2003 (Appendix 8.1). These counties
had low baseline U5M levels in 1965, experienced the smallest overall decline and
despite the marginal increases in the recent years, they still have lower U5M levels
relative to counties in Western areas of Kenya. Lower U5M rates might be explained by
fertile lands supporting agriculture, economic and political stability, low prevalence of HIV
and malaria. In central Kenya, the factors behind the recent rises and plateauing off of
U5M deserves special further interrogation.

The U5M observed in the Northern Kenya counties were lower than would be normally
expected, especially after 2005 given the contextual factors in the region (Section 4.6).
The region has historically witnessed droughts and harsh arid conditions leading to food
insecurity and malnutrition, is marginalized with poor access to health facilities and
infrastructure [Noor et al., 2009; Opiyo et al., 2015; Frings et al., 2018]. People in this
region largely practice nomadic and semi-nomadic pastoralists. Dadaab refugee camp is
housed in this region with about 235,000 registered refugees and asylum seekers in 2018.
The area is often affected by insecurity and conflict especially due to its proximity to
Somalia. For this combined reasons the health, and social services coverage is poor
[Keats et al., 2018a]. Often the area was not surveyed during household surveys
conducted before 2003 (DHS 1989, 1993 and 1998) due to logistics and security issues.
However, the estimates in Chapter 4 (coverage of determinants of U5M) and Chapter 5
(relating U5M and its determinants) provides further insights on child survival in this area.

The need to improve child survival and achieve development goals has given impetus to
both global [Berman et al., 2016; UNICEF, 2017b] and local initiatives to monitor and track
progress. Local initiatives include The Beyond Zero [Beyond Zero, 2018], Malezi Bora
[Clohossey et al., 2014] and The Big 4 agenda [GoK, 2018c] among others (Section
1.12.6). If Kenya is to achieve the SDGs, increased and better use of existing resources
and a better understanding of the mechanisms underlying child survival are required.
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3.5 Comparison with previous estimates and the use of covariates

The estimates generated from the current study were compared with those estimated from
similar analyses conducted in Kenya (Sections 1.12.4 and 3.3.5). The national trend was
similar and sandwiched between the estimates by UN IGME and IHME (Figure 3.8). At the
subnational level, the current estimates were more similar to Wakefield et al. (2018) and
substantially dissimilar to Golding et al (2017) findings. The observed differences could be
expected due to the differences in the input data, methods and assumptions, therefore,
any interpretation made should consider these variables.

The UN IGME adjusts for HIV biases, GBD estimates are adjusted for income per capita,
maternal education and HIV while Golding et al. (2017) used a range of environmental
covariates (Section 3.5.1) and geolocated clusters without coordinates using approximate
methods. However, in the current analysis, no covariates were used to improve the
predictions (Section 3.5.1) to avoid circularity when assessing the role of these covariates
on child survival. In the current study, analyses were conducted at county level by-passing
the need to geocode administrative data to cluster format. Finally, Wakefield et al. (2018)
use only three datasets against thirteen used in the current analysis (Section 1.11).

3.5.1 Use of covariates in modelling U5M
Studies estimating spatial and temporal variation in U5M often incorporate multiple layers
of covariates such as maternal, child, environmental, and other socio-demographic
factors. For example, Golding et al. (2017) used maternal education, wasting, stunting,
fertility, population, EVI, among others. These covariates are used as fixed effects to
explain extra variation when modelling U5M in SSA [Golding et al., 2017]. The covariates
act as a proxy given the direction and strength of the association with the outcome
especially when and where the data are sparse. Their inclusion of covariates could
potentially lead to improved predictions (i.e. lower standard errors). Where it is presumed
data-rich, covariates have been excluded [Macharia et al., 2018].
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The use of covariates to assist predictions make several assumptions about their
availability in space, time, quantity and quality. However, not all covariates used in
modelling are error-free and in some cases are model outputs with inherent biases and
uncertainties. Thus, it might be preferable to fully rely on the empirical data for the
generation of estimates rather than using an arbitrarily chosen set of covariates. In
addition, there is a risk of creating a covariate driven metric rather than a data (birth
history) driven metric for some counties, especially, where there are atypical associations
[Okiro, 2019]. Studies employing covariates to improve predictions, often do so based on
convenience and availability. The purpose of Chapter 4 in the current study, is to estimate
sub-national coverage of the risk factors of child survival in Kenya in space and time.

Notwithstanding the availability of these covariates, this type of model specification (with
covariates) has some potential problems given the aim of exploring the contribution of
determinants to U5M. This is because intrinsic circularity is introduced when covariates
are used to assists U5M predictions, and at the same time, the newly created indicator
(U5M) is used as an outcome to assess the role of these covariates on child survival
[Noor et al., 2014]. For example, using maternal education to improve prediction of U5M
and then, investigate the role of education on the reductions in U5M. Therefore, the
inclusion of these covariate precludes any further analysis of the impact of the
interventions on U5M heterogeneity [Okiro, 2019], which forms the backbone of the latter
part of the current research (Chapter 5).

In addition, the actual U5M in any given area and time is the sum of all these covariates.
For example, if a region, has better health access, high food security, has adequate, safe
water for drinking and high-quality sanitation, the U5M rates in this specific area will be
low. On the other hand, a region with inadequate coverage of the same indicators will
have high rates of childhood deaths. Consequently, using covariates, is redundant as birth
history will exclusively show U5M rates. For these combined reasons, in the current
analysis, covariates were not employed when modelling U5M.
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3.6 Limitations

The study includes several caveats. Data from CRVS was not used to estimate U5M
despite being the gold standard [Hill, 1991]. Kenya has limited coverage and
completeness of CRVS like most other SSA countries. Data from the HDSS have been
used for validation in counties where the HDSS are located in Kenya based on limited
birth histories [Deribew et al., 2016]. However, this was beyond the scope of the current
work and future work should attempt comparison as an alternative means of validating
estimates. Nevertheless, the use of birth histories from surveys and census alongside
demographic and spatio-temporal techniques allowed for reasonable and reliable
estimation of county level U5M rates in Kenya over 49 years.

Birth histories are subject to misreporting of dates, maternal age, time since birth and
omissions of the dead children, which introduce bias in the estimated rates. It was
assumed that the mortality risk of children belonging to women who were part of the
survey is equal to those who did not take part. However, some women may have migrated
or died before the interview and the survivorship of children is dependent on that of their
mothers [UN, 1990]. The displacement of cluster coordinates to preserve confidentiality
was not accounted for. Thus, it is possible that a small proportion of clusters near the
county boundaries may have been misclassified. However, the use of CAR models to
smooth the estimates across adjacent units would potentially abate this effect.

3.7 Conclusions

To better understand the trends and inequities in child survival, the current study aimed to
evaluate the subnational variation of U5M, inequities and progress towards achieving
internationally and locally defined targets at geographical units used for decentralized
health planning in Kenya (counties). A comprehensive database of 13 surveys with birth
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histories conducted between 1989 and 2014 was assembled, analysed using validated
and widely used demographic and spatio-temporal methods.

The results unmasked complex heterogeneities at county scales revealing high spatial
variation with noticeable differences between the best and worst-performing counties.
There was a remarkable reduction in inequities over time, however, progress in reducing
U5M was slower than required to achieve MDG 4, and only 25 counties met the WSC
targets by 2000. Of note is that the annual rate of decline has either slowed, stagnated or
even reversed since the 1990s in some counties. The estimates generated show that
more targeted allocation of resources and interventions will be necessary to promote
further reductions, achieve maximal impact and increase the likelihood of achieving SDG
3·2 for U5M by 2030.

The approach presented provides techniques that can be rapidly deployed in other SSA
countries to unmask subnational variation in U5M and help to guide better policies related
to child survival to geographic areas most in need. This is especially applicable where the
coverage of CRVS is inadequate to allow estimation of U5M. The approach does not need
geocoded data at cluster level which limited previous analysis where partial data were
included [Burke et al., 2016; Wakefield et al., 2018] or where approximate and course
methods were used for geocoding [Golding et al., 2017].

Estimation of U5M is pegged on the availability of quality and timely data. Improvements
of CRVS is critical to reducing over-reliance on modelling to obtain subnational
demographic properties based on census and household surveys. The WHO considers
complete and reliable CRVS in a country if the registration of births and deaths is ≥80%
for its data [MEASURE Evaluation, 2020], however, the coverage in Kenya was 64% for
births and 42% for deaths in 2016 [ECA, 2019]. Therefore, Kenya needs to commit
resources to improve reporting and documenting of births and deaths, however, such
improvements are likely to take some time. Therefore, interim measures are required to
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bridge the gap. This would entail more resources to power birth histories at subnational
units of decision making and regular surveys which would allow the computation of
precise and reliable U5M without the need for sophisticated modelling.

Having estimated the spatial and temporal differences in U5M, this further creates a need
to understand better and quantify the role of factors that underlie differences observed
across counties, especially where U5M decline seems to have stalled. This work forms
the basis of the second objective (estimating coverage of determinants at county level
between 1993 and 2014 in Kenya) and third objective (assessing the role of the
assembled determinants to the variability observed in the modelled U5M rates between
1993 and 2014). This is because homogeneous national policy intervention strategies are
unlikely to result in optimal outcomes given the widespread inequities U5M between
counties in Kenya.
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4 Chapter 4: Generating county level estimates for
determinants of U5M: 1993-2014
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4.1 Chapter Aims

In Chapter 3, the levels and trends of U5M were estimated at the county level between 1965
and 2013 and projected to 2015 which will be the dependent variable when quantifying the
contribution of determinants of child survival (Chapter 5). However, accurate estimates of the
determinants in space and time (Section 1.6) are needed as independent variables. These
estimates will facilitate an improved understanding of the gaps in coverage of health
interventions and service provision for decentralized planning (Section 1.12.3), monitoring
and tracking of the SDGs (Section 1.2) and promotion of health equity by ensuring no one is
left behind (Section 1.8). In Kenya, numerous subnational analyses have been conducted to
estimate the coverage or prevalence of the determinants of child survival (Table 4.1) using
spatial and spatio-temporal modelling techniques (Section 2.4).

Most of the modelled determinants (Table 4.1) suffer the same limitations as those dicussed
for U5M estimates (Sections 1.11 and 1.12.4). They have been augmented with covariates
which are likely to introduce circularity or result in a covariate driven determinant (Section
3.5.1). Previous analyses have only utilized a subset of all the available data limiting the
stability of the estimates across small areas and over time. In addition, there is no complete
set of the key determinants of child survival generated in a robust framework to characterize
inequities and space-time variation and also allow an evaluation of their role to U5M variation.

Therefore, the current chapter aims to improve estimates of determinants of child survival at
the subnational scale (county) over time (1993-2014) in Kenya. This entails, data assembly
(Section 4.2), the use of spatio-temporal SAE and MBG models (Section 4.4) to generate
reliable estimates at county level and mapping the spatial inequities (Section 4.6) and a
discussion (Section 4.7).
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Table 4.1: Spatial and spatio-temporal mapping of determinants of child survival using household sample survey, population census and routine data
conducted either as a standalone study covering Kenya only or regional studies where Kenya was included.
Reference
[Graetz et al.,
2020]

Determinant

Education

Spatial and temporal resolution and survey used
5×5-km grid and county level DHS: 1998, 2003,
2008, 2014; MICS: 2000, 2008, 2011; Census
1999,2009, Surveys in 2005, 2007, 2010, 2012.
Year: 2000 to 2017

[Graetz et al.,
2018]

County and 5x5 km grids.
DHS 1998 to 2014 MICS 2000. Year: 2000 to 2015

[Montana et al.,
2007]

Provincial
DHS 2003
Year 2003

HIV prevalence

[Dwyer-Lindgren
et al., 2019]
[Li et al., 2019a]
[Subaiya et al.,
2018]
[Takahashi et al.,
2017]
[Lo et al., 2019]
[Tusting et al.,
2019]
[Lessler et al.,
2018]
[Ruktanonchai et
al., 2018]
[Keats et al.,
2018a]
[Maina et al.,
2017a]

Contraceptive use

Measles vaccination

Deworming
Housing
Cholera
ANC, SBA, postnatal
care
SBA, measles
immunization
Maternal and child
health coverage
indicators

5 × 5 km grids, county level
DHS 2003, AIS 2007, DHS 2008, AIS 2012, ANC
sentinel surveillance data 2000-201
County level in 2014 and 2015
Performance monitoring and Accountability (PMA)
surveys
County level, during a measles-rubella campaign.
Year: 2016
10 km by 10 km grid cell:
DHS 2014, Year 2014
DHS 2008 and 2014. Province level
5×5-km grids. DHS 2003, 2008, 2014, MIS 2015:
Year 2000 to 2015
20 x 20 km grids, literature search Year: 2010 to
2016
County: DHS 2003, 2008 and 2014
Year: 2003, 2008, 2014:
Provincial, DHS 2003, 2008, 2014 Year: 2003, 2008
and 2014.
County
Routine data
Year 2015/2016
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Covariates
Access to roads, nighttime lights, population, growing
season, aridity, elevation, urbanicity, irrigation, and year
Aridity, temperature, LST, distance to rivers, EVI, fertility, frost,
irrigation, NTL, NDVI, population, PET, TCB, TCW, travel time to
cities, urbanicity
Age, urbanicity, education, wealth, working, ethnicity, religion,
marital status, away from home, number of births, sex
behaviours, STIs, f alcohol use, tobacco use, distance to major
road and waterbody, population density, media, circumcision,
media, perceived risk of HIV
Travel time, total population, NTL, urbanicity, malaria incidence,
male circumcision, STI symptoms, marriage status, condom use,
intercourse, multiple partners
Residence, schooling, wealth quintile, child survival, age,
cohabitation, recent sex, health worker visit, family planning
message, fertility, parity and distance to health facilities.

No socio-economic and demographic covariates
Wealth, sex, geography, age, education, residence, water,
sanitation, DPT3 and vitamin A
Aridity, urbanicity, accessibility, travel friction, NTL, irrigation
Water, sanitation, distance to waterbody
Residence, education status, wealth quintile, maternal age, and
parity
No covariates
No covariates

Table 4.1 continued
Reference

Indicator

Resolution and data

Data and covariates

[Keats et al.,
2018a]

Family planning,
wealth, literacy,
ANC1, ANC4,
immunization ORS,
healthcare-seeking

Sub-county
DHS 2014
Year 2014

[Mosser et al.,
2019]

DPT1 and DPT3
vaccination

County and 5x5 km grids.
MICS 2000, 2007, 2008, 2009, 2011, 2013,
DHS 2003, 2008/09, 2014 KIHBS 2005-06,
Year: 2000–2016

[Bosco et al.,
2017]

literacy, stunting and
contraception
methods

Pixel level
DHS 2014,
Year 2014

[Burgert-Brucker
et al., 2016]

Vaccination, ITN,
stunting, literacy,
family planning,
ANC4, place of
delivery, water and
sanitation

5 × 5 km grids

[OsgoodZimmerman et
al., 2018; Kinyoki
et al., 2020]

Stunting, Wasting
Underweight

[Dwyer-Lindgren
et al., 2019]

Exclusive
breastfeeding

No covariates

ANC4, temperature, LST, distance to water body, EVI, elevation, fertility,
protected areas, growing season, irrigation, distributed income per capita,
malaria risk, maternal education, mortality rate due to wars, NTL, NDVI,
population, PET, precipitation, TCB, TCW, travel time to cities, urbanicity
Travel time, temperature, precipitation, aridity, PET, distance to
settlements, roads, rivers, conflicts, schools and health facility, EVI, NTL,
mid-infrared index, population, births, pregnancies, ethnicity, elevation,
protected areas, urban areas, livestock density, gross cell product, land
cover, rainfed crop

Travel time to cities, aridity, NTL, EVI, population density, LST, PET,
precipitation, TCB, TCW

5 × 5 km grids, county level
DHS 1998, 2003, 2008/09, 2014
MICS 2000, 2007, 2008, 2009, 2011 and
KIHBS 2005-06
Year: 2000-2015 and later extended to 2017
5 × 5 km grids, county level
DHS 1998 to 2014 and MICS 2000, 2008,
2009, 2011-2013.

Aridity, temperature, LST, distance to rivers, EVI, fertility, frost, growing
season length, irrigation, malaria incidence, education attainment, NDVI,
nutritional yield (calcium, folate, iron, protein, zinc vitamin A, B12), PET,
population, precipitation, Shannon Diversity Index, Soil organic carbon
stock, soil PH, TCB, TCW, travel time to cities, urbanicity
Urbanicity, NTL, travel time to cities, population, human development
index, education, nutrition yield, HIV

LST- Land surface temperature, PET- Mean annual potential evapotranspiration, TCB- Tasseled−cap brightness, TCW- Tasseled−cap wetness. The rest of
the abbreviation have been defined previously in the prceeding sections.
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4.2 Data assembly

In addition to the datasets assembled for U5M estimation (Section 3.2.1), additional datasets
were assembled including AIDS Indicator Surveys (AIS), Welfare Monitoring Surveys (WMS)
and Kenya Integrated Household Budget Surveys (KIHBS) [ICF, 2016; KNBS, 2016;
UNICEF, 2016]. Table 4.2 shows a summary of the data, including survey, year and the
coverage (counties, clusters, households and women of the childbearing age).

Table 4.2: Surveys with at least one risk factor of child survival between 1989 and 2015 in Kenya.

Survey

DHS

MICS

Census
AIS
MIS
WMS
KIHBS

Year
1989
1993
1998
2003
2008/09
2014
2000
2007
2008
2011
2013/14
1989
1999
2009
2007
2012
2007
2010
2015
1994
1997
2005/06
2015/16

Number of
Counties
38
40
38
47
47
47
42
3
8
6
3
47
47
47
47
44
43
47
47
47
41
47
47

Number of
households
8,173
7,950
8,380
8,561
9,057
36,430
9,045
881
14,677
6,828
3,744
224,861
317,106
243,858
9,691
8,035
6,854
6,538
6,481
10,860
10,873
13,390
21,773

Clusters/
units
393
520
536
400
400
1,612
900
62
650
300
158
36,979
61,921
96,253
402
371
200
240
245
1,172
1,107
1,339
2,387

Women aged
15-49 years
7,150
7,540
7,881
8,195
8,444
31,079
10,537
881
13,606
5,908
3,348
238,027
345,647
934,904
5,991
7,958
6,111
5,749
5,394
13,385
2,484
16,446
23,768

Surveys were excluded for several reasons namely; 1) unreliability determined through the
inspection of data and survey reports (e.g. under-reporting), 2) indicators available for a
single time point only over the 22 years, 3) Partial sampling within a geographic unit (e.g.
surveying only urban areas, and 4) if the survey was not a community household survey.
Those excluded included both the 2010 Urban Reproductive Health Initiative and the 1993/94
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Urban Household Budget Survey (surveyed in the urban areas only). The Service Provision
Assessment (1999, 2004, 2010) and the 2013 Kenya service availability and readiness
assessment mapping were excluded as they were both facility-based surveys.

The assembled household surveys were conducted using a two-stage sampling design based
on the national sampling frame of the most recent census referred to as National Sample
Survey and Evaluation Programme (NASSEP). The first stage involved selecting clusters with
equal probability while the second stage involved a systematic selection of households from a
listing of all households in Kenya. The surveys used either NASSEP-2 (DHS 1989),
NASSEP-3 (1373 clusters; WMS 1992, DHS 1993, WMS 1994, WMS 1997, DHS 1998),
NASSEP-IV (1800 clusters; DHS 2003, DHS 2008/09, KAIS 2007, MIS 2007, MIS 2010) or
NASSEP-V (5,360 clusters; MIS 2015, KIHBS 2015/16, KAIS 2012) frames.

All district boundaries in surveys carried out before 2010 (Table 4.2) were linked to the
current county boundaries using approaches defined in Section 3.2.2.

4.3

Defining the indicators

Determinants of child survival (Section 1.6) were assembled from population census, sample
household surveys and online spatial data portals with environmental data. However, some
distal factors (societal and governmental, Figure 1.3) were not available at the desired
temporal resolution and spatial granularity to allow county-level estimates and thus were not
considered in the current analysis. The determinants were defined based on WHO
recommendations that have been used across DHS, MICS and other household surveys and
were harmonized across surveys for comparability. The estimates were limited to data for
three years preceding the survey due to errors and bias associated with a longer recall period
[Ngandu et al., 2016].
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Table 4.3: The determinants of child survival including their definition and source as used in the current analysis to estimate coverage and prevalence across
counties and over time. The ordering is based on the framework presented in Figure 1.3, the IDs are used in the subsequent tables and figures (in the
results) to signify the corresponding variable.

Group

Environmental

ID

Variable

1

Proportion rural
(rural residency)

2

The proportion of households in rural areas

Annual average precipitation by county between 1990
and 2015

Tropical Rainfall Measuring Mission Multi-Satellite and
weather station data.

A vegetation index at 250 spatial resolution averaged
to the county level

MODIS -Moderate Resolution Imaging
Spectroradiometer-

Maternal
education (less
than primary
school)

The proportion of mothers (15-49 years) who had less
than primary education at the time of the survey

Census 1989,1999; DHS 1989, 1993, 1998, 2003, 2008,
2014; MICS 2000, 2007, 2008, 2011, 2013; WMS 1997,
AIS 2007, MIS 2007, 2010, 2015; KIHBS 2005, 2015

Maternal
literacy

The proportion of mothers (15-49 years) who are able
to read all, or parts of a sentence provided at the time
of the survey

Precipitation
Foornote6, pg.
EVI
Foornote6, pg.
137

4

5

6

Female headed
Households

Maternal
7

Short birth
spacing

8
Use of modern
contraceptives
9

Data
Census 1989,1999, 2009; DHS 1989, 1993, 1998, 2003,
2008, 2014; WMS 1994, 1997; MICS 2000, 2007, 2008,
2011, 2013; AIS 2007, 2012; KIHBS 2005, 2015; MIS
2007, 2010, 2015
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Definition
Distal Variables

High parity

DHS 1989, 1993, 1998, 2003, 2008, 2014; WMS 1997,
KIHBS 2005, 2015; MIS 2007, 2010, 2015; MICS 2007,
2008, 2011, 2013
Census 1989,1999, 2009; DHS 1989, 1993, 1998, 2003,
The proportion of households headed by a female at
2008, 2014; WMS 1994, 1997; MICS 2000, 2007, 2008,
the time of survey
2011, 2013; AIS 2007, 2012; KIHBS 2005, 2015
Proximate and intermediate variables
The proportion of children with a preceding or
DHS 1989, 1993, 1998, 2003, 2008, 2014;
succeeding birth interval <24 months
The proportion of women aged 15 to 49 years using
any form of modern contraceptive (sterilization, pill,
DHS 1989, 1993, 1998, 2003, 2008, 2014; MICS 2007,
intrauterine device, injectables, implants, condom and
2008, 2011, 2013; WMS 1994
lactational amenorrhea) at the time of the survey
The proportion of women aged, <30 years with 3 or
Census 1989,1999 and 2009, DHS 1989, 1993, 1998,
more children or aged >29 years with 5 or more
2003, 2008, 2014; MICS 2000, 2007, 2008, 2011, 2013;
children
MIS 2015, AIS 2007
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Table 4.3 continued
Group

ID
10
11
12
13

Child
14
15

Variable
Underweight
Wasted
Stunted
Breastfed within
the first hour of
birth
Exclusive
breastfeeding
Continued
breastfeeding

16
Low Birthweight
17
Poor household
18
19
Household
20
21

Improved
Sanitation
Access to any
form of a toilet
(improved and
intermediate)
Improved water
Access to wells
borehole and
piped water
(Improved and
intermediate)

Definition
Proximate and intermediate variables
The proportion of children whose weight for age was
<=-2 standard deviations at the time of the survey
The proportion of children whose weight for height was
<=-2 standard deviations at the time of the survey
The proportion of children whose height for age was
<=-2 standard deviations at the time of the survey
The proportion of last born <5 years who were
breastfed within the first hour after birth
The proportion of lastborn living with the mother and
breastfed up to six months at the time of the survey
The proportion of children 6-18 months old who were
still being breastfed at the time of the survey.
The proportion of children weighing < 2500g at birth at
the time of the survey among those whose weight was
taken
The proportion of households classified as poor or
poorer by wealth index constructed using principal
component analysis [Rutstein & Johnson, 2004]
The proportion of households who have access to flush
toilet facilities
The proportion of households who have access to any
form of a toilet facility (improved and intermediate)

The proportion of households who have access to
piped water for drinking
The proportion of households who have access to
either piped (improved water) or boreholes/wells water
for drinking (Intermediate)
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Data
DHS 1993, 1998, 2003, 2014; MICS 2007,2011;
WMS 1994, 1997; KIHBS 2015.
The estimates were computed based on the WHO 2006
reference for a well-nourished population [De Onis et al.,
2006].
DHS 1993, 1998, 2003 2008, 2014; MICS 2007, 2013;
KIBHS 2015
DHS 1993, 1998, 2003, 2008, 2014; MICS 2007, 2008,
2011, 2013; KIBHS 2005, 2015
DHS 1993, 1998, 2003, 2008, 2014; WMS 1994, 1997,
MICS 2000, 2007, 2008, 2011, 2013; KIBHS 2005, 2015
DHS 1993, 1998, 2003, 2008, 2014
MICS 2000, 2011, 2008, 2013: WMS 1994, 1997
DHS 1993, 1998, 2003, 2008, 2014; Census 1999,2009;
MICS 2000, 2007, 2008, 2011, 2013; MIS 2007, 2010,
2015; AIS 2007, 2012
Census 1989,1999, 2009; DHS 1989, 1993, 1998, 2003,
2008, 2014; WMS 1994, 1997; MICS 2000, 2007, 2008,
2011, 2013; AIS 2007, 2012; KIHBS 2005, 2015; MIS
2007, 2010, 2015

Census 1989,1999, 2009; DHS 1989, 1993, 1998, 2003,
2008, 2014; WMS 1994, 1997; MICS 2000, 2007, 2008,
2011, 2013; AIS 2007, 2012; KIHBS 2005, 2015; MIS
2007, 2010, 2015

Table 4.3 continued
Group

ID

Variable

22

HIV Foornote5,
pg. 137

Infections

23

Malaria
Foornote4

24
ANC1
25
ANC4
26
Healthcare
utilization

27

28

29

30

Skilled birth
attendance
Health facility
births
Diarrhoea
treatmentseeking
Fever/cough
treatmentseeking
BCG

31
Child health
interventions

DPT3
32
Polio3

Definition
Proximate and intermediate variables
The proportion of adults aged 15-49 who were HIV positive
during the time of the survey
The proportion of children aged 2-10 years with
Plasmodium falciparum parasite in their blood. See
Appendix 8.2.
The proportion of women (15-49) who attended at least
one ANC visit by a skilled provider (doctor nurse or
midwife) during their last pregnancy in the last three years
from the survey time
The proportion of women (15-49) who attended four or
more ANC visit during their last pregnancy in the last three
years from survey time
Proportion of mothers who were attended by a doctor,
nurse, midwife or a community health worker during
delivery
Proportion of mothers who delivered at a health facility
(private or public)
The proportion of children <5 years who had diarrhoea
within the past two weeks before the survey whose
treatment was sought from a medical facility
The proportion of children <5 years who had fever/cough
within the past two weeks before the survey whose
treatment was sought from a health provider
Proportion of children alive at the time of the survey aged
12-23 months who received BCG vaccine
The proportion of children alive at the time of the survey
aged 12-23 months who received up to the third dose of
DPT vaccine
The proportion of children alive at the time of the survey
aged 12-23 months who received up to the third dose of
Polio vaccine
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Data
DHS 2003, 2008, AIS 2007 and reports
See Appendix 8.2 for a full review of all datasets.
DHS 1993, 1998, 2003, 2008, 2014; MICS 2007,
2008, 2011, 2013, AIS 2007, 2012 MIS 2007, 2010,
2015
DHS 1993, 1998, 2003, 2008, 2014; MICS 2008,
2011, 2013 AIS 2012; MIS 2015
DHS 1989, 1993,1998, 2003, 2008, 2014; WMS
1994, 1997; KIBHS 2015; MICS 2000, 2007, 2008,
2011,2013; AIS 2012;
DHS 1989, 1993,1998, 2003, 2008, 2014; WMS
1994, 1997; KIBHS 2005, 2015; MICS 2000, 2007,
2008, 2011,2013; AIS 2012;
DHS 1989, 1993, 1998, 2003, 2008, 2014; MICS
2007, 2008, 2011,2013
DHS 1989, 1993,1998, 2003, 2008, 2014
MICS 2000, 2007,2008 2011, 2013 MIS 2015
DHS 1989, 1993, 1998, 2003, 2008/09, 2014; WMS
1994, 1997; MICS 2000, 2007, 2008, 2011, 2013;
KIHBS 2015.
The vaccination status was determined by either a
mark on the vaccination card or via a mothers recall

Table 4.3 continued
Group

ID
33

Variable
Measles

34
Fully immunized
35
ORS use
36
Child health
interventions
37

Vitamin Achildren
ITN use by
children

38
Antimalarial use
39
Tetanus toxoid
injection
40
Maternal
health
interventions

IPTp 1
41
IPTp 2

42

Iron supplement

Definition
Data
Proximate and intermediate variables
Proportion of children alive at the time of the survey
DHS 1989, 1993, 1998, 2003, 2008/09, 2014; WMS 1994,
aged 12-23 months who received measles vaccine
1997; MICS 2000, 2007, 2008, 2011, 2013; KIHBS 2015.
The proportion of children aged 12-23 months, alive
The vaccination status was determined by either a mark on
at the time of the survey who received Polio 3,
the vaccination card or via a mothers recall
DPT3, BCG and measles vaccines
Proportion of children <5 years old who had
DHS 1989, 1993, 1998, 2003, 2008, 2014; MICS 2000,
diarrhoea within the past two weeks before the
2007, 2008, 2011,2013; KIHBS 2005, 2015
survey who received ORS treatment
The proportion of children 6-59 months old who
DHS 2003, 2008, 2014; MICS 2000, 2007, 2008, 2011,
received Vitamin A supplement within six months
2013
before the survey
The proportion of children <5 years who slept under
DHS 2003, 2008, 2014, KIHBS 2005, MIS 2007, 2010, 2015
an ITN in the previous night before the survey
Proportion of children <5 old who had fever within
the past two weeks before the survey who received
DHS 2003, 2008, 2014; MIS 2007, 2010, 2015; MICS 2000,
the recommended antimalarial drugs among those
2007,2008 2011, 2013
given any drug for fever
Proportion of women who received the
recommended doses (2) of tetanus toxoid injection
DHS 1993, 1998, 2003, 2008, 2014
during their last pregnancy up to three years since
data collection.
Percentage of women (15-49 years) with live birth,
three years preceding a survey who during the last
pregnancy received at least one dose of
SP/Fansidar
DHS 2003, 2008, 2014; MIS 2007, 2010, 2015
Percentage of women (15-49 years) with a live birth
in three years preceding the survey who, during the
last pregnancy, received two doses of SP/Fansidar
at least one of which was received during an ANC
visit
The proportion of mothers who took iron
DHS 2003, 2008, 2014
tablets/syrup during their last pregnancy
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43

Vitamin Amothers

Proportion of mothers who received vitamin A
supplement within 2 months after delivery
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4.4 Bayesian spatio-temporal smoothing of determinants

All the determinants (Table 4.3), except malaria risk4 (Appendix 8.2), HIV5 and
environmental6 factors were smoothed using SAE models. Similar to raw U5M rates from
demographic techniques (Section 3.2.3), a proportion showing the coverage of each
determinant was first computed. It was computed by accounting for the sampling design
and survey weights in StataCorp. 2014 [Stata Statistical Software: Release 14. College
Station, TX: StataCorp LP] at both the national and county level. At the national level, the
proportions were representative, however; at the county level, they were not robust due to
inadequate sample size. In addition, in years when no survey was conducted, there was
no estimate, on the other hand, there were at least two instances where more than one
survey was conducted in a single year (Table 4.3).

To produce reliable estimates at the county level and predict in years and counties without
data, a similar modelling framework to that used to smooth U5M was used (Section 3.2.4).
A Bayesian spatio-temporal GPR with a heteroscedastic error component was developed
to account for the large sampling variance and heterogeneity between surveys while
exploiting spatio-temporal relatedness (Equation 4.1).

Equation 4.1: Spatio-temporal smoothing of individual determinant using SAE

 Q 
log  ikt  =  + Skt + Zikt
1 − Qikt 

Q ikt is the weighted proportion for each determinant (Table 4.3); i is the survey (Table
4.3); k is the county (n=47); t is the year (Table 4.3); Skt a spatio-temporal Gaussian

4

Details about geostatistical modelling of malaria prevalence as part of the assembly of determinants of child
survival in Kenya are presented in Macharia et al., (2018) (Appendix 8.2)
5
HIV estimates were obtained from NACC because the available household survey data were limited.
6
Environmental factors were available as gridded surfaces and were aggregated to county level. Precipitation
between 2000 and 2014 (variable 2 in Table 4.3) a product of satellite, elevation and rainfall station data was
used [Funk et al., 2015]. EVI (Variable 3 in Table 4.3) between 2000 and 2014 was available at the AfSIS
(http://africasoils.net/) [Matsushita et al., 2007].
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process predicted by borrowing strength of information across surveys, counties and
years. It was modelled as a spatio-temporal Gaussian process with mean 0 and
covariance function  = 

2

R

S

 RT  ;

Zkt a Gaussian noise modelled with the variance

taken to be the product of the log-transformed sample size from a given survey, county
and year. The definition of Skt covariance function and Zkt are previously outlined in
Section 3.2.4.

The model for each determinant was fitted using a bespoke MCMC algorithm in the R
(Version 3·4·1) based on 10,000 posterior samples of smoothed estimates by county and
year. The algorithm was iterated for 110,000 times and retained every 10th sample after a
burn-in of 10,000 samples. Cross-validation was undertaken to assess the predictive
performance of the model through a 10% random hold-out of the observed values.
Correlation, MAE and RSME statistics were then computed. The U5M posterior
distribution was summarized by the mean and 95% CI for each year from 1993 and 2014.
The outputs were exported and mapped in ArcMap 10.5 (ESRI Inc., Redlands, CA, USA).

4.5 Post-processing of the modelled estimates

The estimated coverage and prevalence of the determinants were used to compute
changes between 1993 and 2014 (Section 4.5.1). The determinants were ranked ( a
hierarchy indicating worse-off to better-off) to allow a harmonized comparison between
counties (Section 4.5.2) and a composite indicator created to summarize overall coverage
and health system strength by year and county (Section 4.5.3). Finally, the progress
towards achieving international goals was assessed at the national level (Section 4.5.4).
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4.5.1 Changes in the coverage/prevalence of the determinants
The national mean for each determinant was used to compute percentage and absolute
change between 1993 (or from 2003 for determinants first monitored from 2003) and
2014. The percentage change was re-scaled to a common measurement unit ranging
from one (small change) to five (large change) using Equation 4.2 to facilitate unbiased
comparisons. The changes across the variables were heterogeneous, and thus sensitive
to outliers [van den Berg et al., 2006]. Therefore, the outliers in the national estimates
were not rescaled. Instead, outliers were identified using the interquartile range (IQR)
technique and were coded either as one if they were on the lower extreme or five if they
were on the upper extreme. IQR [Zhou et al., 2006] sets a Tukey fence - [Q1 −1.5*IQR] to
[Q3+1.5*IQR] and considering all values outside it as outliers [Zhou et al., 2006]. Q1 is the
lower quartile while Q3 is the upper quartile.

Equation 4.2: Rescaling of percentage changes in the coverage/prevalence for the determinants of
U5M to a common scale ranging from 1 (small percentage change) to 5 (high percentage change)

 m − rmin 

 * ( tmax − tmin ) + tmin
 rmax − rmin 
M - the value to be scaled (percentage change); r min- the minimum value in the original
range; r max- the minimum value in the original range; t min - the minimum value in the
new scale==1 and t max - the maximum value in the new scale==5

Similarly, the percentage change (between 1993 and 2014) for each determinant by
county was computed. The values were rescaled from 1 (small change) to 5 (large
change) (Equation 4.2) to aid visualization of the differences and heterogeneity in the
magnitude of change for each determinant across the 47 counties. The scaling was
specific (applicable to a single determinant) and not comparable across determinants
because the percentage change between the determinants was highly variable.
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4.5.2 Ranking of determinants of U5M in 1993 and 2014
The determinants were ranked at the county level to facilitate a high-level summary and
comparison across the study period. The ranking was done at baseline (1993) and the
end line (2014) using the posterior mean. An Octile ranking (Table 4.4) was used to divide
each determinant into eight equal classes from <12.5% to ≥87.5% for all the interventions
whose coverage varied between 0 and 100%, such as vaccinations. For determinants
whose coverage was not expected to range between 0-100% (such as nutrition status)
they were first rescaled to 0-100% (Equation 4.2) and then divided into octiles. The eight
classes were color-coded as shown in Table 4.4

Table 4.4: Ranking cut-off values and the corresponding colour coding for the estimated
determinants of child survival in 1993 and 2014. It’s based on an octile scale ranging from <12.5%
to ≥87.5%
Percentage
<12.5% and >0%
≥12.5% and <25%
≥25% and <37.5%
≥37.5% and <50%
≥50% and <62.5%
≥62.5% and <75%
≥75% and <87.5%
≥87.5% and <100%

Colour coding
Increasing
disadvantage

Rank
1
2
3
4
5
6
7
8

4.5.3 Composite coverage index
Reporting determinants independently for many indicators is useful for tracking progress,
evaluating programs and planning. This, however, does not provide a summary of the
progress in scaling up essential health interventions [Wehrmeister et al., 2016]. There is a
need to focus on a smaller group of indicators to report the overall trends in intervention
coverage and in describing within-country and temporal differences [Bryce et al., 2006;
Boerma et al., 2008]. Two indices have been developed, the co-coverage (CoCI) and the
composite coverage index (CC1). The CoCI (ranging from 0 to 8) developed in 2005 is a
count of the number of preventative interventions that are received by individual motherchild pair out of a set of eight interventions [Victora et al., 2005]. The index is calculated at
the individual/family level based on ANC, SBA, vitamin A for mothers, water supply and
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vaccinations (BCG, DPT, measles and tetanus toxoid). It has found application across
SSA [Barros & Victora, 2013; Akseer et al., 2016; Keats et al., 2018a].

The CCI developed in 2008, is a weighted average of eight preventive and curative
interventions along the continuum of care (Figure 4.1 and Equation 4.3). It includes
indicators for family planning (FP) (use of modern contraceptives), maternal and newborn
care (SBA, ANC), immunization (measles (MSL), DPT3, BCG) and treatment for sick
children (ORS, treatment for acute respiratory infection) [Boerma et al., 2008]. These
interventions draw on different health system delivery strategies which measure the
overall coverage and health system strength. It is calculated at group levels, for example,
country, geographical regions and wealth quintiles [Wehrmeister et al., 2016]. It is largely
intended for multi-context analysis and temporal studies and has been used widely
[Barros & Victora, 2013; Akseer et al., 2016; Awasthi et al., 2016; Keats et al., 2018a;
Thapa et al., 2019; Zhang et al., 2019; Barros et al., 2020; Faye et al., 2020; Wagstaff &
Neelsen, 2020].
Equation 4.3: Computation of CCI to assess the overall health coverage and health system
strength [Boerma et al., 2008]. All abbreviations are defined in Table 1.3 and Table 4.3

SBA + ANC 4 MSL + 2 * DPT 3 + BCG 
 ORS + fever
+ FP +
+


2
2
4
CCI = 

4





Variables used to create the CCI can be weighted through epidemiological (heath gains
that are attributable to an intervention), subjective (from experts) and statistical
approaches, however, there is neither a gold standard approach nor a predefined way of
implementing the weights [Lozano et al., 2006; Boerma et al., 2008; Wagstaff & Neelsen,
2020]. Boerma et al., (2008), used equal weights for all determinants for each domain and
sub-domains (Figure 4.1). DPT3 was weighted higher because it needs multiple contacts
with health systems and correlates highly with other vaccinations [Boerma et al., 2008].
Such weights (simple averages) do not make a substantial difference in the outcome and
is comparable to total health gain [Lozano et al., 2006; Wehrmeister et al., 2016].
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Figure 4.1: The distribution of the eight variables used to compute the CCI to summarize the overall
coverage and the strength of the health system [Boerma et al., 2008].

Here, I first adopted the CCI framework by Boerma et al., 2008, since, it i) encompasses a
range of interventions covering different health system delivery strategies, ii) strongly
correlates with child mortality and malnutrition, and iii) can be computed for aggregated
data [Boerma et al., 2008; Wehrmeister et al., 2016] which corresponds to the generated
county level data in the current analysis. The CCI was computed at the national and subnational level between 1993 and 2014. Equal weights were applied; however, Chapter 5,
employed statistical approaches to estimate the health gains associated with key
determinants and could inform future weights in the Kenyan context.

Countries have been advised to select indicators that are most relevant to their context
when computing a CCI [Boerma et al., 2014], therefore, a modified CCI was computed to
account for Kenya’s epidemiological and health context. Three sub-domain CCIs were first
computed. They included i) maternal interventions (MI-CCI), ii) child interventions (CI-CCI)
and iii) socio-economic and maternal autonomy (SES-CCI). Disease (malaria, HIV and
malnutrition), two fertility factors (parity and birth spacing) and environmental factors were
not included as the CCI are specific to intervention coverage and health resilience.
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The MI-CCI (Equation 4.4 and Figure 4.2) included two indicators for maternal and
newborn health (SBA and institutional deliveries), four indicators for care during
pregnancy (two doses of tetanus toxoid vaccine, at least four antenatal care visits, iron
and vitamin A supplements) and one indicator for family planning (use of modern
contraceptives). Iron and vitamin A supplements were available from 2003, thus, two CCIs
were computed, one capturing all the seven indicators (2003-2014) and a second one
without the two interventions (1993-2014) capturing five indicators.

Equation 4.4: The computation of maternal health interventions composite coverage indicator



  ANC 4 + TT 2 + Iron + Vit.A 

+ FP  





4
 SBA + HFD   

 * 0.5 

MI − CCI =  
+

 

2
2

 









Eight interventions were included in the CI-CCI (Equation 4.5 and Figure 4.2), four
indicators for treatment of childhood illness (treatment-seeking for diarrhoea and fever,
use of recommended antimalarials and use of ORS after diarrhoea), two for nutrition
(vitamin A and exclusive breastfeeding) and three for vaccinations (BCG, DPT3 and
polio3). Similarly, vitamin A supplements were available from 2003 and antimalarials were
monitored from 2003, two indices were calculated, with (2003 and 2014) and without
(1993-2014) these two interventions for child health.

Equation 4.5: The computation of child health interventions composite coverage indicator



  Vit .A + EBF   BCG + DPT 3 + Meas   
+








2
3
 ORS + Dir + fev + a.mal   
 
   * 0.5 
CI − CCI =  
+

 

4
2

 









While IPTp-2 and ITN use among children are important intervention for prevention
against malaria, they are only targeted in 16 counties of Kenya since 2010, therefore, they
were not included in the computation of maternal and child health interventions CCI.
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Figure 4.2: 21 Variables used to compute a modified CCI for summarizing the overall intervention coverage and health resilience in Kenya, 1993-2014
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SES-CCI (Equation 4.6 and Figure 4.2) included three household and two maternal
autonomy factors. The household factors included the proportion of households in the
middle, richer or richest wealth quantiles, households with at least a toilet facility and
whose source for drinking water was either piped or boreholes/wells. Women with at least
primary school education and those heading a household defined women autonomy.

Equation 4.6: Computation of socio-economic status (SES) and maternal autonomy composite
indicator

  Rich + sani + water
SES − CCI =  
3
 


  Edu + Head 
* 0.5  
+

2
 



All three sub-domains (MI-CCI, MI-CCI and SES-CCI) were combined to obtain the
modified CCI (Figure 4.2) using equal weights. The use of equal weights has been to
shown to result in similar results when weights were based on attributable impact [Lozano
et al., 2006; Boerma et al., 2008; Wehrmeister et al., 2016].

4.5.4 Progress towards meeting national and international targets
An evaluation was conducted to assess whether Kenya has met (in the period between
2015 and 2019) or is on course to meet progress milestones beyond 2019. These
milestones goals are set by the international community and the government of Kenya
and are used as yardsticks to monitor progress in the coverage and/or prevalence of
determinants and were reviewed from the existing literature (Table 4.5).

To achieve this, the baseline (1993 to 2014) ARR and the ARR that would be required to
meet the defined target were computed (2014 - target year) that’s end line ARR (Equation
3.4 -Section 3.2.6). The baseline and the end line ARR were then compared to determine
if Kenya is likely to have met (by 2019) or is likely to meet the target beyond 2019. If the
target was likely to be met or has already been achieved it was coded green, otherwise, it
was coded red. Where coded red, the ratio between the two ARRs was used to estimate
the acceleration needed to achieve the target.
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Table 4.5: International and national yardsticks used to monitor progress in reducing disease
burden and increasing the coverage of child and maternal health interventions

ID
1

2
3
4
5
6

Source
Kenya health sector strategic and
investment plan
[GoK MoH, 2014c, 2018b]
Global Vaccine Action Plan (20112020)
[WHO, 2013c]
Summit on family planning
[UK Aid, 2013]
Nutrition targets and indicators for
the SDGs
[UNSCN, 2015]
Global Breastfeeding Collective
[WHO & UNICEF, 2019]
Kenya malaria programme review
2018
[GoK MoH, 2019]

Indicators monitored and estimated in the
current study
Fully immunized, LBW, SBA, family planning,
ANC4, stunting, underweight, breastfeeding,
water and sanitation, health facility delivery,
DPT3, polio3, BCG, measles and fully
immunized
Contraceptive prevalence rate
Stunting, wasting, LBW and exclusive
breastfeeding
Breastfeeding practices
Malaria preventive interventions**.

** The targets related to malaria risk and control interventions were defined for malaria
risk areas only. These are counties in coastal/lake epidemic and high epidemic-prone
areas. The estimates are shown for both national and the subset of counties for which
target is defined.

4.6 Results

The data assembled for mapping the determinants of child survival included 20 household
sample surveys and three population censuses conducted between 1989 and 2015 in
Kenya. They covered approximately 870 county-years, one million households, 0.21
million clusters and 1.7 million women of childbearing age (Table 4.2). The data was used
within a Bayesian spatio-temporal framework (Section 4.4) to produce reliable county level
estimates for 39 determinants across 47 counties between 1993 and 2014. In addition to
malaria risk, HIV EVI and rainfall, the total mapped indicators were 43 (Table 4.3).

The model validation results are shown in Table 4.6. Twenty-three (56%) indicators had a
high correlation (≥0.7) between the smoothed and observed values (blue-coloured cells in
Table 4.4). All other determinants had a moderate correlation (≥0.5 but < 0.7) between the
observed and the smoothed estimates except LBW and ORS which had low correlation
(≥0.4 but <0.5) possibly due to lower sample sizes. The MAE ranged between 2.1% and
14.1% while the RMSE ranged between 2.9% and 20.2% (Table 4.6)
146

Table 4.6: The correlation, mean absolute error and root mean square from the cross-validation
exercise in the spatio-temporal modelling framework. The blue-coloured cells show high correlation
(≥0.7), grey -moderate correlation (≥0.5 but < 0.7) and white low correlation (≥0.4 but <0.5).

Environmental

Maternal

Child

Household

Infections

Healthcare
Utilization

Child health
interventions

Maternal health
interventions

ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

Factor
Proportion rural
Precipitation6 , see page 137
EVI6 , see page 137
Less than primary school (maternal)
Maternal literacy
Female household head
Short Birth interval
Modern contraceptives use
High parity
Underweight
Wasted
Stunted
Breastfed within 1st hour of birth
Exclusive breastfeeding
Continued breastfeeding
Low Birthweight
Poor household
Improved Sanitation
Improved and intermediate sanitation
Improved water
Improved and intermediate water
HIV prevalence 5, see page 137

Correlation
MAE
RMSE
0.86
8.52
14.73
No modelling required
No modelling required
0.95
6.32
9.05
0.69
12.2
16.6
0.56
6.04
9.05
0.65
5.32
7.06
0.66
5.94
12.12
0.74
5.8
8.9
0.72
5.51
6.90
0.67
2.88
4.05
0.55
6.4
8.9
0.70
10.41
12.63
0.99
3.78
5.17
0.87
4.02
4.91
0.42
3.91
4.82
0.61
14.21
20.18
0.89
3.41
6.41
0.87
7.6
12.6
0.85
8.88
13.27
0.76
12.0
16.3
Estimates obtained from NACC

23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43

Malaria prevalence4, , see page 137
ANC1
ANC4
Skilled birth attendance
Health facility births
Diarrhoea treatment-seeking
Fever treatment-seeking
BCG
DPT3
Polio3
Measles
Fully immunized
ORS use
Vitamin A- children
Child ITN use
recommended antimalarials
Two doses of tetanus toxoid
IPTp1
IPTp2
Iron supplement mothers
Vitamin A mothers

0.86
0.64
0.64
0.76
0.90
0.61
0.52
0.65
0.75
0.82
0.66
0.64
0.44
0.89
0.82
0.55
0.67
0.62
0.51
0.79
0.83

7.7
8.46
8.66
9.76
7.10
9.48
12.13
6.60
6.36
8.88
8.76
10.29
12.38
9.80
10.81
10.60
10.61
13.29
10.80
10.41
9.44

4.0
13.76
11.79
12.56
10.02
12.39
15.29
12.11
8.64
11.13
13.12
13.61
15.81
11.54
14.42
14.02
13.02
15.88
16.56
11.87
11.59

4.6.1 Overall health coverage in Kenya, 1993-2014
Nationally, the overall coverage of maternal-child health interventions and socioeconomic
status showed a general improvement (Figure 4.3) between 1993 and 2014. The overall
coverage was 45% in 1993 and 58% by 2014, a relative increase of 26% (Figure 4.3).
However, the increase had periods of increasing and decreasing overall coverage.
Between 1993 and 1997, the coverage increased slightly (from 45% to 47%) before a
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reduction through to 2003 (from 47% to 43%) followed by an increase to 2014 (58%). The
minimum overall coverage over the 22 years was recorded in 2003 while the highest was
recorded in 2014 (Figure 4.3). Despite the improvement in the overall coverage between
1993 and 2014, at least 42% of children and women were not covered by the essential
maternal and child interventions by 2014 (Figure 4.3).

There were variations across the three subdomains, albeit with similar temporal trends.
Maternal interventions had the least coverage across time ranging between 36% and
51%. Child health interventions had higher coverage (ranging between 41% and 66%)
compared to maternal health interventions but were more erratic over time (especially
between 2003 and 2014). The coverage of household wealth, water, sanitation and
maternal autonomy realized a relative increase of 19% from 47% in 1993 to 56% in 2014
and was the highest in coverage when compared against maternal and child health
interventions.

Finally, the CCI by Boerma et al., (2008), computed using eight indicators (Figure 4.1) had
the same trajectory over time as the modified CCI (Figure 4.2) defined with an additional
nine indicators (Figure 4.3) to localize the CCI to Kenya. However, Boerma’s CCI was
higher throughout the 22 years. The difference between the two was high between 1993
and 2000 then narrowed through to 2010 before increasing marginally (Figure 4.3).
Inclusion and non-inclusion of the determinants that were first available/monitored
beginning 2003 (Iron and vitamin A supplements, ITNs and IPTp) did not make any
substantial difference to the trajectory of the modified CCI.

The prevalence of diseases decreased over the same period, for example, malaria risk
(Appendix 8.2), wasting among children reduced by 38% while HIV prevalence reduced
by 83% (Table 4.7). However, malnutrition still exists among children as does localized
high risk of HIV and malaria.
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Figure 4.3: Boerma et al., (2008) composite coverage indicator-CCI (Equation 4.3), maternal health CCI (Equation 4.4), child health CCI (Equation 4.5), SES and
autonomy CCI (Equation 4.6) and the average of maternal interventions and the later ( Modified CCI) between 1993 and 2014
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4.6.2 National trends in the coverage of determinants
To unmask the overall health coverage trajectories (Figure 4.3), the national coverage
and/or prevalence of all the 43 determinants of child survival are presented in Table 4.7
for 1993 (baseline) and 2014 (end line). The estimates generally show improvement over
time and were highly heterogeneous over the 22 years of analysis. The coverage ranged
between 4.8% (IPTp 2) and 96.2% (BCG vaccine) in 1993 while in 2014 it ranged
between 17.8% and 96.7% for these two same indicators (respectively) (Table 4.7).

In 1993, only nine determinants covered at least two-thirds (≥67%) of the population in
need. They included continued breastfeeding, access to any toilet facility, attendance of
antenatal care provided by skilled health personnel at least once, maternal literacy and
vaccinations (BCG, DPT3, Polio3, measles and fully immunized). By 2014, there were
only three additions to this class (≥67%) including fever treatment-seeking for children,
vitamin A and iron supplementation for children and mothers respectively (Table 4.7).

The coverage of nine determinants was very low - covering <33.3% of the intended
population in 1993. These included households with improved access to water (piped
water) and sanitation (flush toilets), use of modern contraceptives among women of
childbearing age, use of ORS in children with a diarrheal episode and five factors (ITN use
for children, vitamin A supplementation for mothers, antimalarial use, IPTp 1 and 2) which
were first monitored in 2003 after initial implementation in early 2000s (Table 4.7). With
the exception of IPTp 2 and access to improved sanitation, all these determinants covered
at least one-third (but less than two-thirds) of the population in need by 2014 (Table 4.7).

Five indicators had moderate coverage (>33.3% but <67.7%) in both 1993 and 2014.
These included women who had attained at least primary school education, infants who
had been breastfed within the first hour of birth, households with access to piped water or
water from either wells or boreholes, ANC4, SBA, health facility deliveries and treatmentseeking rates for diarrhoea (Table 4.7).
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The prevalence of disease (HIV, malaria, malnutrition) was high in 1993 compared to
2014 (Table 4.7). Malaria risk was under mesoendemic (>10% to 50% PfPR2–10) in 1993
and transitioned to hypoendemic-1 (1% to <5% PfPR2–10) by 2014 (Table 4.7). The
prevalence of HIV peaked around 1993 (>9%) before reducing to 5% by 2014. The
proportion of children who were underweight, wasted or stunted was 19%, 6.8% and 40%
respectively in 1993 with percentage reductions ranging between 36% and 44% (Table
4.7).

Overall, 25%- 35% of women had a high parity, 7-8% of births were LBW while
prevalence of pregnancies with a short birth interval ranged between 15 and 17%
between 1993 and 2014. About 8 in 10 households were in rural areas in 1993 and
reduced to about 6 in ten households by 2014 (Table 4.7). Finally, about a third of the
households were from the poorest and poorer wealth quantiles in 1993 (38.4%) and 2014
(34.7%) (Table 4.7).

The magnitude of change (percentage change) in the coverage of determinants and
disease prevalence between 1993 and 2014 was highly variable ranging between 1%(tetanus toxoid vaccination) to 898% (ITN use for children in malarious counties). All the
determinants changed in a direction that would impact child survival positively except for a
reduction in the attendance of antenatal care provided by skilled health personnel at least
four times, continued breastfeeding and tetanus toxoid vaccination (Table 4.7). Most of
the interventions that were rolled out or first monitored through household surveys after
2003 had high (>100%) percentage change. For example, ITN use, IPTp, vitamin A and
antimalarial use. In addition, the determinants that had high coverage in 1993 (>80%) had
a small magnitude of percentage change, for example, immunization coverage, ANC1 and
maternal literacy (Table 4.7).
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Table 4.7: The national coverage/prevalence of the determinants of U5M in 1993 and 2014, the percentage and absolute change between the two-time points. Red
designates a small change while green a big change (Section 4.5.1). The reduction target, current ARR and the ARR required to meet the target are shown. Where the
target was met or is likely to be met the cell is coded green, otherwise red and with the acceleration needed to achieve the target. Grey denotes determinants without a
target. * 2003 is the base year since the determinants were either not monitored or had not been rolled out. Blank means there was no target described in literature
ID

Indicator

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

Proportion rural
Precipitation
EVI
< primary school (maternal)
Maternal literacy
Female household head
Short Birth interval
Modern contraceptives use
High parity
Underweight
Wasted
Stunted
Breastfed within 1st hour of birth
Exclusive breastfeeding
Continued breastfeeding
Low Birthweight
Poor household
Improved Sanitation
Improved and intermediate
sanitation
Improved water
Improved and intermediate water
HIV prevalence
Malaria prevalence
ANC1
ANC4
Skilled birth attendance
Health facility births
Diarrhoea treatment-seeking
Fever treatment-seeking
BCG

20
21
22
23
24
25
26
27
28
29
30

1993

2014

% Change

Absolute change

84.2 [83.5 -84.9]
35455.97 mm
0.33
57.7 [56.4-59.0]
76.7 [75.5-77.8]
33.6 [32.7-34.5]
25.2 [24.1-26.2]
20.8 [20.0-21.5
35.9 [35.0-36.8]
18.9 [18.0-19.9]
6.8 [6.2-7.4]
40.0 [38.8-41.2]
55.5 [54.1-56.8]
17.6 [ 14.8-20.4]
91.6 [90.2-92.9]
8.7 [7.7-9.6]
38.4 [37.4 -39.3]
8.4 [8.0-8.5]
83.2 [82.5-83.9]

58.0 [57.7-58.8]
43866.85 mm
0.31
36.38 [35.6-37.2]
84.1 [83.5-84.7]
32.2 [31.7-32.7]
16.9 [16.4-17.5]
39.5 [38.7-40.3]
25.3 [20.8-21.17]
10.6 [10.2-11.1]
4.1 [3.8-4.4]
25.8 [25.2-26.5]
62.8 [61.8-64.1]
60.9 [57.5 -64.3]
87.9 [85.2-90.1]
7.6 [6.9-8.2]
34.7 [34.2-35.2]
17.6 [17.2-18.0]
90.1 [ 89.8-90.4]

-31.3
19.2
-5.5
-36.9
9.6
-4.2
-49.1
90.8
-30.1
-43.9
-39.7
-35.5
13.2
246.0
-4.0
-12.6
-9.6
109.5
8.3

-26.4
8410.9
0.02
-21.3
7.4
-1.4
-8.3
18.8
-10.8
-8.3
-2.7
-14.2
7.3
43.3
-3.7
-1.1
-3.7
9.2
6.9

29.9 [28.1-30.5]
51.4 [ 50.5 -52.4]
9.16
23.9 [16.1-34.8]
91.4 [90.8-92.1]
62.4 [61.1-63.6]
42.1 [ 42.0-44.3]
41.6 [40.3 -42.9]
39.2 [36.3-42.0]
46.0 [44.4-47.6]
96.2 [95.2-97.1]

43.6 [43.1-44.1]
63.4 [62.9-63.8]
5.01
4.7 [3.6-8.4]
95.6 [95.3-95.9]
56.3 [55.4-57.2]
63.5 [62.8-64.3]
63.0 [62.2 -63.8]
57.8 [ 56.0-59.6]
72.8 [71.7-73.9
96.7 [96.1-97.2]

45.8
23.3
-82.8
-80.3
4.6
-9.8
50.8
51.4
47.4
58.3
0.5

13.7
12.0
-4.2
-19.2
4.2
-6.1
21.4
21.4
18.6
26.8
0.5
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Target
(%) - year

current ARR

Required
ARR

Accelerati
on needed

0.0605

1.19

67 - 2023

0.0310

5 - 2017
≤5 - 2025
17 - 2023
70 - 2030
70 - 2030
60 - 2030
2 - 2023

0.0272 0.2216
Goal achieved by 2014
0.0207 0.0453
0.0059 0.0068
0.0609 0.0087
Goal achieved by 2014
0.0064 0.1379

8.2

70 - 2023

0.0358

0.1658

4.6

80 - 2023

0.0181

0.0698

3.8

70 - 2023
80 - 2023
80 - 2023

0.0049
0.0198
0.0200

0.0245
0.0260
0.0269

5.0
1.3
1.3

90 - 2020

Goal achieved by 2014

2.1
1.2

21.5

Table 4.7 continued
31
32
33
34
35
36
37

38
39
40

41
42
43

DPT3
Polio3
Measles
Fully immunized
ORS use
Vitamin A- children*
National
ITN use by
Malarious
children*
areas
National
Antimalarial
Malarious
use*
areas
Tetanus toxoid injection
National
IPTp 1*
Malarious
areas
IPTp 2*
National
Malarious
areas
Iron supplement*
Vitamin A-mothers*

86.7 [85.0-88.4]
85.5 [83.7-87.2]
83.6 [81.8-85.8]
78.1 [76.0-80.2]
30.8 [28.0-33.5]
34.1 [ 32.8-35.5]
5.5 [4.9 -6.0]
6.2 [5.4-7.0]

90.1 [89.1-91.1]
90.9 [90.0-91.8]
87.1 [86.0-88.1]
78.5 [77.5-80.1]
54.7 [ 52.8-56.5]
67.8 [57.1-68.5]
54.3 [53.6-55.0
61.9 [61-62.8]

3.9
6.3
4.2
0.5
77.6
98.8
887.3
898.4

3.4
5.4
3.5
0.4
23.9
33.7
48.8
55.7

95 - 2023
90 - 2020
90 - 2020
90 - 2020
75 - 2023

0.0018
0.059
Goal achieved by 2014
0.0020 0.0055
0.0002 0.0230
0.0536 0.0357

11.0 [9.7-12.3]
13.9 [12.0-15.9]

25.0 [23.8-26.3]
33.5 [31.9-15.2]

127.3
141

51.8 [50.2-53.3]
9.9 [8.8-11.0]
13.3 [11.6-15.1]

51.5 [49.3-52.0]
31.7 [30.9- 32.6]
41.2 [39.9-42.4]

4.8 [4.0-5.5]
5.6 [4.4-6.8]
46.1 [44.5-47.6]
14.3 [13.2-15.3]

80 - 2017

0.2327

0.0893

14.0
19.6

80 - 2017

0.0833

1.3366

4

-0.6
220.2
210.5

-0.3
21.8
27.9

80 - 2017

0.1083

0.2476

2.3

17.8 [16.7-18.1]
25.7 [24.6-26.8]

270.8
358.9

13.0
20.1

80 - 2017

0.1486

0.4601

3.1

69.8 [68.7-70.9]
54.5 [53.3-55.6]

51.4
281.1

23.7
40.2
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3.2
2.8
94.7

4.6.3 Progress towards meeting national and international targets
The targets/milestones set over time to monitor the progress in health service provision
and reduction of disease burden were available for 23 determinants based on a review of
national and international guidelines (Table 4.5 and Table 4.7). Five milestones were
defined for a period that had already elapsed – between 2015 and 2019 (Table 4.7),
consequently, the evaluation sought to establish whether Kenya “had likely” achieved the
target (Section 4.5.4). On the other hand, 18 milestones/goals had been defined for the
period between 2020 and 2030 (Table 4.7) and the evaluation sought to investigate
whether Kenya “is likely” to meet the target by the specified year (Section 4.5.4).

A total of four goals had been achieved by 2014. The reduction of wasting to ≤5% by 2025
[UNSCN, 2015] compared to an estimated prevalence of 4.1% [3.8-4.4] in 2014; a
coverage of continued breastfeeding of 87.9% [85.2-90.1] against a target of 60% by 2030
[WHO & UNICEF, 2019] and a coverage of 90.9% [90.0-91.8] for BCG and 96.7% [96.1-

97.2] for Polio3 against a target of 90% by 2020 [WHO, 2013c] (Table 4.7). Likewise, if the
current rate of annual reduction was to either remain in the same trajectory or increase,
the target for exclusive breastfeeding would be achieved by 2030. In addition, the target
for ITN use by children is likely to have been achieved by 2017 if the 1993-2014 trajectory
was sustained or improved (Table 4.7).

On the hand, where the milestones had not been met or unlikely to be met by the target
year (given their current rates of reduction-ARR), the acceleration that would be needed to
achieve the targets was computed. The acceleration required to realize the targets ranged
between times 1.2 to times 94.7 (Table 4.7). Most of the determinants (13 out of 16)
require speeding up by ≤5 times the current pace. The targets for underweight (by 2017),
low birth weight (by 2023) and fully immunization status (by 2020) demands the highest
acceleration rates of times 8.2, 21.5 and 95.7 respectively.
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4.6.4 Subnational coverage of determinants of U5M over time
Maps of the coverage/prevalence of all 43 determinants of child survival are presented in
Appendix 8.3 from Figure 8.1 through to Figure 8.11. The maps are presented in years
when most surveys were conducted 1993, 1998, 2003, 2008 and 2014 where available.
Otherwise, the base year for the presented maps corresponds to the particular year when
the determinant was first monitored through household sample surveys. The maps are
presented according to the subgroups presented in Table 4.3.

In addition to the 12 maps in Appendix 8.3, all the determinants are summarized for the
base year (1993) (Table 4.8) and end line year (2014) (Table 4.9). Across the continuum
of all the determinants of U5M that were considered in the current analysis, the coverage
was lower and prevalence of disease was higher in 1993 when compared with 2014 at
county level (Table 4.8 and Table 4.9). The red color-coding is more prominent and
almost ubiquitous in 1993 (meaning poor coverage and high disease burden) and gets
greener (high coverage of interventions and lower disease burden) in 2014. However, the
coverage between determinants was highly variable, for example, there was a huge
difference between the coverage of DPT3-almost entirely over 75% (item 31) compared to
improved access to water- almost entirely <50% (item 20). On the other hand, there was
little variation between counties for a particular determinant, e.g. improved sanitation (item
18) and vitamin A supplementation for children (item 36)

In 1993, maternal literacy (item 5), continued breastfeeding (item 15), households with at
least a toilet facility (item 19), ANC1 (item 24) and immunizations (item 30 to 34) had a
rank score of ≥6, equivalent to coverage of ≥62.5% in most of the counties (Table 4.4 and
Table 4.8). The maternal interventions, some child health interventions (ORS use, ITN
use, and antimalarial use), household factors (improved sanitation), maternal factors
(except literacy), exclusive breastfeeding had very low coverage (rank score <5, coverage
of <50%). These determinants exhibited low heterogeneity across the counties.
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Table 4.8: Ranked determinants of U5M in 1993 from low coverage (red) to high coverage (green) as indicated. ID1 is the province, ID2 the county (Table 1.5) while the
second row is the determinants of U5M (Table 4.3). The actual values are in Appendix 8.3. Disease risk – red is high, and green is low risk

Coast
NE
Eastern
Central
Rift Valley
Weste
rn
Nyanza
Nrb
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43

42

41

39

38

32

31

30

29

28

27

26

25

24

23

22

21

20

19

18

17

16

15

14

13

12

11

9

10

8

7

6

5

4

3

2

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

Maternal
Interventions

37

Child
Interventions

40

Healthcare
utilization

36

Infect
ions

35

Household
factors

34

Child
factors

ID2

1

ID1

Maternal
factors

33

Environme
ntal

Nyanza

Western

Rift Valley

Central

Eastern

NE

Coast
N

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
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45
46
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43

42

41

40

39

38

37

Maternal
Interventions

36

35

34

33

32

31

30

29

Child
Interventions

28

27

26

25

Healthcare
utilization

24

23

22

Infecti
ons

21

20

19

18

17

16

15

Household
factors

14

13

12

11

9

10

Child
factors

8

7

6

5

Maternal
factors

4

3

2

Environme
ntal

1

ID2

ID1

Table 4.9: Ranked determinants of U5M in 2014 from low coverage (red) to high coverage (green) as indicated. ID1 is the province, ID2 the county (Table 1.5) while the
second row is the determinants of U5M (Table 4.3). The actual values are in Appendix 8.3. For disease– red is high, and green is low risk

There were a group of counties (Table 4.8 and Table 4.9) which had concurrent elements
of disadvantage. For example, the counties in Nyanza and Western Kenya have a dual
burden of HIV and malaria while counties in North Eastern province have lower coverage
for child/maternal interventions and healthcare utilization. In Rift valley province, counties
23, 24 and 25 (Turkana, West Pokot and Samburu respectively) bear a huge burden
across all determinants relative to other counties. This is further explored in Section 4.6.5
through composite coverage indicators.

By 2014, substantial improvements had been recorded across most of the determinants
where the coverage of interventions increased, and the prevalence of disease reduced
across counties. For example, HIV and malaria (item 21 and 23) were high in many
counties in 1993 and by 2014 these were restricted mostly to counties in Nyanza and
Western Kenya. Notable exceptions that still had a low coverage in 2014 included the use
of modern contraceptives (item 8), availability of a flush toilet facility (item 18), use of
antimalarial (item 38) and IPTp 2 (item 41) (Table 4.8 and Table 4.9).

The percentage change for all determinants by county are presented in Appendix 8.4,
Table 8.1. The direction of change in most of the determinants and in most of the counties
improved (increase in coverage and reduction in disease) and highly heterogeneous.
However, there were notable exceptions. Cases, where coverage decreased by ≥5% in
several counties include; an increase in the proportion of poor households (item 17),
reduction in access to safe water (item 21), reduction in the attendance of ≥4 ANC (item
25), reduction in the use of recommended antimalarials (item 38) and reduction in the
coverage of tetanus toxoid vaccination (item 39). The most disadvantaged counties where
there was an increase in the risk of disease or reduction in intervention coverage were
Lamu, Garissa, Wajir, Mandera, Marsabit, Turkana, West Pokot, Samburu, Trans Nzoia
and Vihiga. Seven counties, each had two determinants with negative change and a
further 19 counties each with 3 determinants changing in a direction that would negatively
influence U5M (Table 4.10).
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Table 4.10: The determinants of child survival where either the coverage reduced, or the disease burden increased by at least 5% between 1993 and 2014 by county.
The first row specifies the determinant as listed in Table 4.3. The complete set of percentage changes is presented in Appendix 8.4 Table 8.1.
Name
Mombasa
Kwale
Kilifi
Tana River
Lamu
Taita Taveta
Garissa
Wajir
Mandera
Marsabit
Isiolo
Meru
Tharaka Nithi
Embu
Kitui
Machakos
Makueni
Nyandarua
Nyeri
Kirinyaga
Murang'a
Kiambu
Turkana
West Pokot
Samburu
Trans Nzoia
Uasin Gishu
E. Marakwet
Nandi
Baringo
Laikipia
Nakuru
Narok
Kajiado
Kericho
Bomet
Kakamega
Vihiga
Bungoma
Busia
Siaya
Kisumu
Homa Bay
Migori
Kisii
Nyamira
Nairobi

7

11

12

13

16

13.3
8.8
8.2
24.8
10.1

47.1

-5.6

-12.1
-8.0
7.3

16.6
12.4

10.2

17

18

20

19.9
33.3
21.9
56.7
21.5
25.8
12.3
42.4
19.8
20.8
22.7
16.1
21.0
21.7
27.2
23.1
15.2
21.9
33.8
8.7

21
-22.3
-27.6
-23.4

23

24

25

-7.9
-8.2
-12.5

-5.9
4.8
-10.7
-6.1
-6.2
-18.7
-26.7
-39.2
-18.7
-14.3
-17.4
-13.9
-14.1
-9.7
-5.6

-19.4

-10.8

31

32

33

34

-7.8
-5.1

-7.8
-24.7

-7.5

-7.9

-5.3
-6.7
-5.6

-21.0
-12.1
-7.7
-5.1
-39.1

6.8
5.3
20.3
14.4
13.0

-26.8
-26.8
-42.2

-21.2

-8.0
-31.5
-7.7
-16.8
-33.3
-36.6
-67.4
-36.5
-31.0
-30.3
-25.1
-30.4
-39.6
-52.1
-43.5

6.4

-20.9
-42.2
-7.7
-27.6
-11.9
-22.5
-9.3
-19.8
-18.5
-15.9
-10.7
-10.8
-11.9
-22.4
-20.0
-6.7
-27.8
-15.0

-13.1

-39.7
-21.9
-54.8
-7.4
-8.0

-5.1

-15.7

-15.6

40

41

-39.2

-29.1

-12.2
-26.6
-21.1
-24.0
-27.4
-22.8

-6.2

-41.9

-7.3
-37.9
-43.2
-9.4
-10.4
-24.2
-23.9

-26.1
-24.7
-10.5
-31.6
-12.4
-17.1

-6.0
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39

-19.7
-21.3
-7.0
-31.4
-17.8
-19.9

-5.1
-11.5

17.8

38
-22.1
-10.0
-66.1
-23.0
-70.9
-44.1
-40.9
-50.1

-5.0

-12.6
-8.6
-11.0
-6.8

-28.1

5.1

28
-10

-8.9

9.2

5.3

27

-22.3
-17.0
-13.2
-7.3
-24.4
-21.0
9.8

-19.4

4.6.5 Composite indicator
The overall modified annual CCI for the period 1993-2014 is shown in Figure 4.4 and in
Figure 8.15 (Appendix 8.5) for the period between 2003 and 2014. Boerma’s CCI and
three sub-domain CCIs including maternal health interventions, child interventions and
SES/maternal autonomy for 1993-2014 and 2003-2014 (to account for determinants rolled
out or monitored from the early 2000s) are presented in Appendix 8.5 from Figure 8.12 to
Figure 8.17.
Figure 4.4: Modified annual CCI (Figure 4.2) that proxy the overall health coverage and resilience
through indicators for family planning, maternal, pregnancy and newborn care, treatment for sick
children, nutrition, immunization, access to safe water and improved sanitation, household wealth,
maternal education and autonomy between 1993 and 2014 in Kenya. The coverage map for each
determinant are in Appendix 8.3.
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The modified annual CCI (Figure 4.4) signifies the overall coverage and health system
resilience between 1993 and 2014. The index was constructed using multiple indicators
cutting across domains of family planning, maternal, pregnancy and newborn care,
treatment for sick children, immunization, access to safe water and improved sanitation,
household wealth, maternal education and autonomy (Section 4.5.3). It indicated low
and/or suboptimal overall coverage over the study period.

Only eight counties had at least 67% coverage of key health interventions at least once
during the 22 years of data analysis. They include Embu, Kiambu, Kirinyaga, Nyeri,
Mombasa, Nairobi, Murang’a and Nyandarua (Figure 4.4). Coincidentally, these were the
only counties with a coverage of ≥60% for at least a third (7 times) over the twenty-two
years of data analysis. In 1993, two counties, Nyeri and Nairobi which had an overall
coverage of ≥60% and this had increased by 15 counties in 2014. They included Tharaka
Nithi, Embu, Meru, Kajiado, Kisumu, Machakos, Makueni, Mombasa, Nakuru, Kiambu,
Nyandarua, Kirinyaga, Murang'a, Taita Taveta and Uasin Gishu (Figure 4.4).

There were major geospatial differences and inequities across counties ranging between
<23% (Wajir and Mandera counties) in 2003 to >72% (Kiambu, Nyeri and Nairobi
counties) in 2014 (Figure 4.4). Overall, there were four distinct geographical patterns
within the country discernible from the modified CCI. These include central and Western
Kenya with coverage of >55%, counties surrounding central Kenya mainly towards the
southern parts with coverage ranging between 45% and 55%, northern Kenya with
coverage ranging between 35 and 45% and North Eastern Kenya with less than 35% in
overall coverage. The counties in the northern and north-eastern Kenya were
systematically worse off over time while those in Central were better off at any given year
(Figure 4.4).

The level of overall coverage across almost all counties remained unchanged between
1993 and 1998, however, the coverage reduced/ deteriorated from 1999 through to 2005.
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This was mainly driven by counties in the North-eastern region of Kenya getting worse off.
Increasing coverage started in 2006 where counties around Lake Victoria region and
southern Kenya caught up with values recorded around Central Kenya (Appendix, Figure
8.12). The overall percentage for the modified CCI between 1993 and 2014 was moderate
to low values ranging between 46% in Migori county to 14% in Lamu county. Lamu,
Mombasa, Nairobi, Nyandarua and Nyeri counties had least percentage change (<21%)
were while Kitui, Kwale, Homa Bay, Migori and Narok counties had highest percentage
change (>36%).

When compared across the computed CCIs, in the most recent five years of data analysis
(2010-2014), the ten best (63 % to 70% coverage) performing counties were the same
across maternal, Boerma’s and the modified CCI (Table 4.11). SES-CCI had seven
counties similar to those identified by the modified CCI while child CCI identified only four
counties simultaneously with the modified CCI as best performing (Table 4.11). The top
ten counties were Nairobi, Nyeri, Kiambu, Mombasa, Kirinyaga, Nyandarua, Embu, Meru
Murang'a and Tharaka Nithi all in the central parts of Kenya (Figure 4.5, Table 4.11).
Kwale, Kilifi, Taita Taveta, Bomet, Elgeyo Marakwet and Machakos counties were
identified as performing well in terms of child health interventions (Table 4.11).

Similarly, across all the CCIs except the child health interventions, simultaneously
identified nine counties as the worst/bottom (35% to 48%) performing including Wajir,
Mandera, Turkana, West Pokot, Tana River, Samburu, Marsabit, Narok and Garissa
(Figure 4.5, Table 4.11). The bottom ten counties are geographically located in the
northern parts of Kenya. The additional counties identified as worst performing by either of
the CCIs included Baringo, Isiolo, Bungoma, Lamu, Kakamega, Siaya and Homa Bay
(Figure 4.5, Table 4.11). The rest of the counties had a moderate coverage between 2010
and 2014 ranging between 49% and 62% (Figure 4.5).
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Table 4.11: The best and worst-performing counties as an average of the last five years (2010-2014) across all computed CCIs between 1993 and 2014. The braces
indicate the order from the top to the tenth in terms of overall health coverage. The county ID corresponds to Table 1.5 and Figure 1.7
Interventions CCI
County ID
47
19
22
1
20
18
14
21
13
12
2
3
6
36
28
16
County ID
8
9
23
24
4
25
10
33
7
30
11
39
5
37
41
43
2

Child

Mombasa [1]
Kirinyaga [4]
Embu [5]
Tharaka N [9]

Nairobi [3]
Nyeri [2]
Kiambu [4]
Mombasa [9]
Kirinyaga [1]
Nyandarua [10]
Embu [5]
Murang'a [7]
Tharaka Nithi [6]
Meru [8]

Kwale [2]
Kilifi [3]
Taita Taveta [6]
Bomet [7]
Elgeyo Marakwet [8]
Machakos [10]

Overall CCI

SES and autonomy CCI

Maternal

[Boerma et al., 2008]
Best Performing
Nairobi [1]
Nyeri [3]
Kiambu [2]
Mombasa [5]
Kirinyaga [7]
Nyandarua [4]
Murang'a [6]

Nairobi [4]
Nyeri [2]
Kiambu [3]
Mombasa [8]
Kirinyaga [1]
Nyandarua [10]
Embu [6]
Murang'a [7]
Tharaka Nithi [5]
Meru [9]

Modified
Nairobi [1]
Nyeri [2]
Kiambu [3]
Mombasa [4]
Kirinyaga [5]
Nyandarua [6]
Embu [7]
Murang'a [8]
Tharaka Nithi [9]
Meru [10]

Nakuru [8]
Taita Taveta [10]

Machakos [9]
Worst Performing

Interventions CCI
Child
Maternal
Wajir [2]
Wajir [1]
Mandera [1]
Mandera [3]
Turkana [2]
West Pokot [9]
West Pokot [4]
Tana River [9]
Samburu [7]
Marsabit [5]
Marsabit [5]
Narok [10]
Garissa [3]
Garissa [6]

SES and autonomy CCI
Wajir [1]
Mandera [5]
Turkana [3]
West Pokot [2]
Tana River [4]
Samburu [6]
Marsabit [8]
Narok [7]
Garissa [10]

Isiolo [8]
Bungoma [4]
Lamu [6]
Kakamega [7]
Siaya [8]
Homa Bay [10]
Kwale [9]
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Overall CCI
[Boerma et al., 2008]
Modified
Wajir [2]
Wajir [1]
Mandera [1]
Mandera [2]
Turkana [4]
Turkana [3]
West Pokot [5]
West Pokot [4]
Tana River [8]
Tana River [5]
Samburu [7]
Samburu [6]
Marsabit [6]
Marsabit [7]
Narok [10]
Narok [8]
Garissa [3]
Garissa [9]
Baringo [10]
Isiolo [9]

Figure 4.5: The overall health performance, coverage and resilience as proxied by the coverage of
family planning, maternal, pregnancy and newborn care, treatment for sick children, immunization,
access to safe water and improved sanitation, household wealth, maternal education and
autonomy (Section 4.5.3). The red is the bottom ten counties, green the top ten counties and
orange those with a fair performance for the period 2010-2014. The names of counties are shown
in Figure 1.7
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4.7 Discussion

Chapter 4 describes the estimation of annual coverage and prevalence of determinants of
child survival at county and national levels from 1993 to 2014 in Kenya (Sections 1.6, 4.4
and 4.5). This is the first effort to provide estimates for a wide range of determinants at a
subnational level over a period of more than two decades in Kenya including exploring
different composite coverage indicators to summarize overall health coverage in Kenya
over time. This was achieved via a comprehensive assembly of secondary data (Section
4.2) and the application of spatio-temporal models to deal with inadequate sample size
and harness spatio-temporal relatedness for reliable subnational estimates (Section 4.4).

Nationally, Kenya has made substantial, but heterogeneous gains, in the provision of
interventions, reduction of infection prevalence related to maternal and child health and in
improving the living conditions between 1993 and 2014 (Figure 4.5 and Table 4.7). All
interventions (except ANC4 and tetanus toxoid vaccination) increased in coverage and
infection (malaria and HIV) prevalence reduced. Immunization, malnutrition risk and
fertility indicators had a small improvement while most of the maternal and child health
interventions showed substantial progress. For example, ITN use among children
increased by ten-folds while Vitamin A supplementation in postpartum women increased
four-fold (Table 4.7).

By 2014, the national coverage oscillated between suboptimal (less than a third),
moderate (33-67%) to moderately high (>67%). For example, maternal education and
immunization coverage were relatively high while others such as the use of
contraceptives, access to improved water and sanitation had moderate levels of coverage.
Of concern are the determinants whose coverage remain sub-optimal and that are still
lagging including coverage with at least two doses for IPTp and use of recommended
antimalarials (Table 4.7).
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The progress towards achieving global targets was unsatisfactory. Of the 23 monitored
goals, Kenya had only achieved four goals by 2014 including reducing wasting to ≤5%
[UNSCN, 2015], increasing continued breastfeeding up to 60% [WHO & UNICEF, 2019]
and reaching coverage of 90% for BCG and Polio 3 vaccines [WHO, 2013c]. The current
(1993-2014) trajectory for exclusive breastfeeding and ITN use indicate that their targets
would be achieved. However, there is a need to double the current efforts in the reduction
of disease risk and an increase in intervention coverage for more than 15 determinants if
set targets are to be achieved (Table 4.7).

Despite the improvements on a national scale, across the counties; coverage of
interventions and risk of diseases was disproportionately distributed (Table 4.8, Table 4.9,
Figure 4.4 and Figure 8.1 to Figure 8.17 in Appendix 8.3 to Appendix 8.5). There were
massive spatial and temporal differences ranging between very high coverage to areas
with acute disadvantage and counties that are marginalized. Geographically, Kenya
depicted four distinct zones (Figure 4.4) due to inequities in the overall coverage of
interventions and health system strength and resilience [Boerma et al., 2008]. Counties in
central and western Kenya had the best overall coverage, followed by the surrounding
counties towards the southern parts of Kenya. The counties in northern Kenya were
moderately disadvantaged while the counties in north-eastern were most marginalized
(Figure 4.4 and Appendix 8.5). Despite these variances, the maximum coverage
estimates from the modified CCI did not exceed 75% across all counties (Figure 4.4).

The geographic inequities persisted over time. Counties in the northern and north-eastern
were systematically worse off while those in central and southern parts being better off at
any given year during the 22 years (Figure 4.4). The coverage in each of the four zones of
inequities increased moderately over time. In addition, there was an increase in the
number of counties where coverage improved, or disease risk reduced (Figure 4.4). For
example, in 1993, the well-off counties were in the central province and expanded
outwards to the western and south-east Kenya (Figure 4.4).
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The most marginalized counties in the recent 5 years (2010- 2014) were Wajir, Mandera,
Turkana, West Pokot, Tana River, Samburu, Marsabit, Narok, Isiolo and Garissa (Figure
4.5, Table 4.11). Between 52% and 65% of the population in need in these counties were
not covered by maternal child and household level interventions. They provide priority
areas where the government needs to intervene first in the spirit of SDGs-reaching the
farthest behind, first. These counties are arid and semi-arid areas characterized by a low
amount of rainfall and vegetation (Figure 8.1) hence reduced yields from rain-fed
agriculture and persistent food insecurity [Opiyo et al., 2015]. For example, in Marsabit
county, an increase in vegetation resulted in a decreased probability of child
malnourishment [Bauer & Mburu, 2017].

These worse off counties have challenges with access to clean water [Opiyo et al., 2015]
and quality sanitation (Figure 8.6), consequently, wasting is high (Figure 8.4) coupled with
low uptake of ORS following diarrhoea (Figure 8.10). The poor sanitation practices may
be due to poverty (Figure 8.6), low educational attainment (Figure 8.2) and living in rural
areas (Figure 8.1) [Njuguna, 2019]. The health utilization rates (Figure 8.8) for ANC
services, SBA, health facility deliveries and fever treatment are also lower which might be
due to poor infrastructure leading to challenges faced in accessing healthcare [Noor et al.,
2009; Malderen et al., 2013; Alegana et al., 2018; Ouma et al., 2018], conflict and human
security issues [Kumssa et al., 2009] higher percentage of non-educated women (Figure
8.2) and a larger proportion of households that are poor (Figure 8.6). These combined
factors may explain why these counties have lower immunization rates [Abuya et al.,
2011] (Figure 8.9) and low use of modern contraceptives [Lunani et al., 2018] resulting in
high parity and short birth intervals (Figure 8.3). However, in most of the counties in the
northern parts of Kenya, religious beliefs might be a stronger determinant of contraception
use (thus fertility) in comparison to poverty and lack of access to contraceptive
alternatives [Bauni, 2003; Magadi & Curtis, 2003; Anguko, 2014].

167

Homa Bay, Kakamega, Siaya and Bungoma counties had low coverage of maternal
health interventions (Appendix, Figure 8.13). While other determinants have may have
had a role in child survival, in this region, the infection of HIV and malaria remains high
despite significant reduction over time relative to other parts of Kenya (Figure 8.7)
[Macharia et al., 2018] due to suboptimal coverage with control interventions (Figure 8.10)
[Opiyo & Sawhney, 2014; GoK MoH, 2016a; Starnes et al., 2018].

Conversely, the best performing counties over the analysis period were Nairobi, Nyeri,
Kiambu, Mombasa, Kirinyaga, Nyandarua, Embu, Murang’a, Tharaka Nithi and Meru.
However, despite being the best performing counties, about 30 to 40% of the population in
need was not adequately covered by interventions, their overall score ranged between
62% and 70%. Historically, these regions have higher agricultural productivity, lower rates
of disease, better access to education, clean water and quality sanitation (Figure 8.1,
Figure 8.4, Figure 8.2). The higher proportion of educated and literate mothers and well
off households (Figure 8.6) may positively impact the access to modern contraceptive,
thus lower parity and longer birth intervals (Figure 8.3). Spatial access to health care
facilities is better in most parts of these counties [Noor et al., 2009; Alegana et al., 2018;
Ouma et al., 2018], hence better healthcare utilization rates (Figure 8.8), access to
vaccinations and iron supplementations (Figure 8.9, Figure 8.11). Finally, these areas,
have historically benefitted from very low malaria prevalence (Appendix 8.2)

Most of the improvements occurred between 2008 and 2014, a period that was marked
with efforts to improve child and maternal health. The health context (Section 1.12.6,
Figure 1.11) provides the timeline of activities that might explain the changes in the
coverage of interventions and the prevalence of disease over time. For example, maternal
education might be linked to the roll-out of free primary education (1974) [Abuya et al.,
2015]. Improved health service use coincided with the abolishment of delivery fees (2007),
the introduction of HSSF (2010) and free services at government outpatient facilities and
maternity services (2013) [Chuma & Okungu, 2011; Barasa et al., 2018a].
168

CCI [Boerma et al., 2008] has been used to assess overall health coverage in Kenya
using the 2014 KDHS at county level [Keats et al., 2018a; Faye et al., 2020]. Keats et al.,
2018 found similar spatial patterns as those in the current analysis ( Figure 8.12),
however, the coverage values were slightly higher around central Kenya. This could be
explained by the fact that in the current study, the methodology applied involves borrowing
strength of information across space and time from surveys conducted in the
neighbourhood of KDHS 2014, unlike Keats and colleagues who used KDHS 2014 only.
The current analysis has an added value in considering more input data, additional
indicators and covering a temporal dimension in addition to the spatial level (Figure 4.4).

Finally, the drivers of child survival vary considerably by county. U5M changes in the
Western part of Kenya are likely due to reduction in malaria risk and HIV [Amek et al.,
2014; Pathania, 2014; Starnes et al., 2018; Barnhart et al., 2019] while the drivers of
change in the northern part are likely to be poor healthcare utilization/access, malnutrition,
poor sanitation and low maternal education [Opiyo et al., 2015; Njuguna, 2019; Macharia
et al., 2019]. Therefore, it’s important to assess how the changes in healthcare service
provision, risk factors and socio-economic factors have contributed to changes in U5M
across space and time. This is considered in Chapter 5.

4.8 Limitations

There are several caveats to this analysis. First, the analysis period was limited between
1993 and 2014 and could not be matched with that of U5M (1965-2015) because the
determinants are not retrospective in nature as was the case for birth histories (Section
1.3). The surveys were not available annually during the analysis period (Table 4.2) which
necessitated interpolation of estimates between the survey and in addition, the surveys
were not powered to provide county estimates but rather borrowed statistical strength
using the SAE methods between counties. While, improving our capacity to provide
county-level estimates, SAE does not replace survey data powered to the county levels.
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Furthermore, the smoothed estimates were not a perfect spatio-temporal cube because
some indicators were monitored from the early 2000s and some interventions had not
been rolled out at baseline (1993).
The analysis did not encapsulate all variables such as health access, healthcare spending
and governance because these data were not available over time at the county level. The
supply-side factors such as human resources for health that would affect U5M were not
accounted for because of lack of temporal data. However, with the introduction (2011) and
expansion of District Health Information System in Kenya [Manya et al., 2012; Maina et
al., 2017b], it will be possible to account for some of these variables in future analyses.

There are likely recall and self-report biases for indicators such as ORS and vaccination
where a vaccination card was not available. These represent inherent problems with
household survey data [Ngandu et al., 2016]. However, the estimates were limited to data
for three years preceding the survey due to errors and bias associated with a longer recall
period [Gareaballah & Loevinsohn, 1989; Valadez & Weld, 1992; Ngandu et al., 2016].
Similarly, reported antimalarial use and healthcare-seeking behaviour were based on selfreported fever/ cough as opposed to diagnosis e.g. confirmed malaria. In addition, it
should be emphasized that the survey estimates generated are indicative only of the
coverage and do not reflect the quality of interventions received, for example type of
treatments used or adherence.

Finally, there is a bias due to the modifiable areal unit problem, where results obtained
might have been different if data had been aggregated into differently sized special units.
Despite the limitations, the combination of multiple datasets and the use of spatiotemporal models resulted in the best available estimates of levels and trends of the key
determinants of child survival in Kenya between 1993 and 2014. This further presents a
chance to investigate their contributions to child survival in Chapter 5.
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4.9 Conclusion

The study harnessed all available data in Kenya within a spatio-temporal modelling
framework to generate comparable trends of the key determinants of U5M between 1993
and 2014 in Kenya. At the national level, Kenya has made significant progress for a
subset of determinants of child survival 1993 and 2014. However, some indicators
recorded a small improvement. By 2014, the absolute coverage across indicators ranged
between less than 20% to over 90%. The geospatial analysis at a finer spatial granularity
unmasked heterogeneity across counties. There were huge differences between the
regions, where counties in the northern parts have been left behind for most of the
indicators. These marginalized and vulnerable population groups areas should be given
priority to address inequities in line with the SDGs.

While the inadequate sample size was accounted for through areal level models leading
to reliable estimates at the county level, resources should be further committed for
household sample surveys to be powered at lower levels used for decentralized health
planning. The generated estimates are crucial for the county and other local managers in
the current decentralized system of governance in Kenya. They form an evidence-based
priority setting, a key baseline for temporal monitoring and tracking of interventions.

171

5 Chapter 5: Estimating the contribution of determinants to
child survival: 1993-2014
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5.1 Chapter aims

Understanding the relative importance of the determinants of child survival within a
country and over-time is an essential tool for policymakers to tailor interventions and
resources where needed most [Sartorius & Sartorius, 2014]. The effectiveness of these
interventions has often been demonstrated through experimental controlled trial evidence,
however, there exist gaps on their contribution relative to other interventions in operational
settings against other contextual factors [Akachi et al., 2018].

Kenya experienced an increase in the coverage of interventions and a decline in infection
prevalence of diseases (Chapter 4) likely associated with the observed reduction of U5M
between 1993 and 2014 (Chapter 3). However, little is known about the relative impact of
the key determinants of U5M between counties across time in Kenya. Previous studies
have been conducted at the national level, use a limited set of determinants and based on
a single or limited time epoch; and none have considered the impact of a full range of
determinants of U5M at the units of decision making over several decades (Table 5.1).
Table 5.1: Studies quantifying the effects of determinants of U5M on child survival in Kenya.
Reference
[Hategeka et al.,
2019]

[Achoki et al.,
2018].

Scale and data
NationalDHS 2014
World population
prospects
National and
county
1990 to 2016.
Census, surveys,
registries,
literature review

[Keats et al.,
2018b]

National
DHS 1993-2014

[Keats et al.,
2017]

National
DHS 2003-2014

[Demombynes &
Trommlerová,
2016].

National
DHS 2003-2008

Technique
LiST -Effect of
community
interventions
on U5M

Findings
Antibiotics for pneumonia, ORS,
handwashing with soap and
treatment for malnutrition accounted
for 76% of deaths averted

Subnational
decomposition
of 2016 GBD
using GPR
and covariates

Probable causes of U5M decline:
expansion of HIV/AIDS treatment,
malaria control, childhood
immunisation, free maternity
services, safe water and sanitation

Hierarchical
multivariable
on changes in
U5M
LiST - the
effect of
interventions
on U5M
Decomposition
role of ITNs on
IMR reduction
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maternal literacy, fertility household
income, population shifts, LBW,
breastfeeding, contraceptive and
parity accounted for a 28% reduction
PMTCT, vaccinations, improved
sanitation/water access, ORS, ITNs,
antibiotic, diarrhoea treatment had
the highest effect on reducing U5M
ITN ownership in malaria-endemic
areas explained 79% of the decline
while sanitation had a mild role

To gain a better understanding of the role of determinants at the national and county level,
Chapter 5’s main objective is to estimate how much reductions in U5M were associated
with the scale-up of interventions and reduction in infection prevalence relative to 1993 in
a counterfactual framework (Section 2.5) in Kenya across two decades (1993 to 2014).

The counterfactual analysis is broken down into three parts (Section 2.5). First, a set of
parsimonious determinants are selected from the 43 modelled in Chapter 4 (Section 5.4).
Second, a Bayesian ecological space-time mixed-effects regression model is used to
quantify the relationship between the selected determinants and U5M, and to account for
inherent space-time correlation in the data (Section 5.5). Finally, counterfactual U5M is
estimated by using regression coefficients from step two and assuming the coverage
and/or prevalence of the key determinants (from step one) remained constant (a 1993
baseline) (Section 5.5). The difference between observed and counterfactual U5M is then
combined with the number of under-fives to estimate deaths that would have occurred if
there were no changes in coverage and/or prevalence relative to 1993 values.

5.2 Overview of changes in U5M and its determinants: 1993-2014

Between 1993 and 2014 U5M reduced by 48.8% from 101.5 [91.3-112.7] to 52.0 [42.662.6] per 1000 live births (Section 3.3.2). U5M remained high between 1993 and 2000,
followed by a steep decline from 2006 through to 2014 (Section 3.3.2). At the county level
changes in U5M between 1993 and 2014 were heterogeneous. Thirty-nine counties
experienced reductions in U5M ranging between 2% and 58% while eight counties
experienced an increase ranging between 5% and 40%. The absolute reduction ranged
between 1 and 109 death per 1000 live births while the absolute increase ranged between
3 and 17 deaths per 1000 live births. Overall the counties with the highest reductions were
in Kakamega, Kisumu, Migori, Homa Bay and Siaya (all located in western Kenya) while
the bottom five were Nyandarua, Murang’a, Kirinyaga, Embu, and Nyeri counties, all
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located in the central region. Detailed results are presented and discussed in Chapter 3
(Section 3.3.2 and Table 3.5).

At the national level, the percentage change in the coverage of determinants and infection
prevalence between 1993 and 2014 was highly variable (Table 5.2). Eighteen of the 43
determinates had a percentage change of less than 25% between 1993 and 2014 while
twelve determinants had a percentage change of over 75% (Table 5.2). Detailed accounts
of these changes are presented in Chapter 4, Section 4.6.2, Table 4.7. In addition, the
changes at the county level were heterogeneous as described in Section 4.6.4. The
direction of change in most of the determinants and most of the counties improved.
However, in Lamu, Garissa, Wajir, Mandera, Marsabit, Turkana, West Pokot, Samburu,
Trans Nzoia and Vihiga there was an increase in the infection prevalence and a reduction
in intervention coverage for some determinants (Table 4.10).

Table 5.2. National level summary of the percentage change in the coverage or prevalence of
determinants of U5M between 1993 and 2014 in Kenya. Detailed results in Section 4.6.2
% change
1993 - 2014
≥100%
75% - <100%
50% - <75%
25% - <50%
10% - <25%
<10%

Determinants
ITN use, Vitamin A (mothers), IPTp1, IPTp 2, antimalarial use,
exclusive breastfeeding and access to improved sanitation
Vitamin A (children), modern contraceptives use, ORS use,
malaria and HIV prevalence
Fever treatment-seeking, health facility births, iron supplements
and skilled birth attendance
Diarrhoea treatment-seeking, access to improved water, high
parity, rural residence, maternal education, wasting, underweight,
stunting, short birth interval
Breastfed within the first hour of birth, access to better water, low
birth weight and precipitation
Maternal literacy, access to better water, ANC1, ANC4, Polio3,
Measles, DPT3, BCG, fully immunized, Tetanus toxoid, continued
breastfeeding, female household head, poor household and EVI

# of determinants
[%]
7 [16.3%]
5 [11.6%]
4 [9.3%]
9 [20.9%]
4 [9.3%]
14 [32.6%]

Figure 5.1 shows decreasing infection prevalence, increasing coverage (modified CCI),
with decreasing U5M (Section 4.6.1 and 4.6.4). Overall, in terms of CCI, the best counties
were Nairobi, Nyeri, Kiambu, Mombasa, Kirinyaga, Nyandarua, Embu, Murang'a, Meru
and Tharaka Nithi largely in central Kenya while the worst performing were Wajir,
Mandera, Turkana, West Pokot, Tana River, Narok, Samburu, Marsabit, Garissa and
Baringo largely in Northern Kenya (Chapter 4, Table 4.11).
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Figure 5.1: The national trends of U5M (green), modified CCI (blue), malaria infection prevalence (orange) and HIV infection prevalence (purple) between 1993 and
2014. The trends show increasing coverage of maternal and child health interventions, decreasing infection prevalence of HIV and malaria risk with reducing U5M
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5.3

Data assembly

The analysis is based on estimates of U5M (Chapter 3) and determinants of child survival
(Chapter 4) briefly summarized below.

The outcome variable is U5M for the 47 counties of Kenya from 1993 to 2014. The U5M
was generated using birth history data from ten household surveys and three population
censuses through demographic and Bayesian spatio-temporal GPR techniques (Chapter
3, Section 3.3.2 and Appendix 8.1.).

Despite generating CCIs (Section 4.5.3 and 4.6.5), all the 43 determinants of U5M (Table
4.3) at county level (n=47) over 22 years were part of the predictor variables. This is
because the current analysis aims to evaluate the association of the individual
determinants with U5M to allow targeting and prioritization as opposed to the association
of the combined determinants (CCIs). Thirty-nine determinants were estimated from 20
household surveys and three censuses using spatio-temporal areal models (Chapter 4,
Section 4.4). Rainfall and vegetation index gridded surfaces were available from online
portals, provincial-level HIV risk was available from NACC (Table 4.3) while malaria risk
was predicted via MBG (and Appendix 8.2 [Macharia et al., 2018]).

Modelled determinants from other sources were neither included nor compared with
determinants from the current analysis mainly due to methodological differences that
would have negative consequences during the counterfactual analysis. A major source of
U5M determinants is the local burden of disease (LBD) project by IHME; malaria risk
[Weiss et al., 2019], HIV risk [Dwyer-Lindgren et al., 2019], DPT3 [Mosser et al., 2019],
diarrhoea [Reiner et al., 2018], malnutrition [Kinyoki et al., 2020], respiratory infections
[Reiner et al., 2019], education attainment [Graetz et al., 2020] and breastfeeding
[Bhattacharjee et al., 2019]. These determinants have included covariates that would
induce circularity and have a baseline of 2000, unlike the current analysis 1993 baseline.
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5.4

Variable selection and model development

The inclusion of many variables increases model complexity and may result in over-fitting
leading to fluctuating regression coefficients [Babyak, 2004; Murtaugh, 2009]. Therefore,
the variable selection exercise was aimed at building a parsimonious model containing
determinants strongly associated with U5M in the Kenyan context during the period under
study (Figure 5.2).

Figure 5.2: Steps adopted in selecting a parsimonious set of determinants of U5M from a list of 43
determinants. The selection was broadly grouped into pre-processing and processing. Selected
determinants were used within a Bayesian ecological space-time mixed-effects regression model to
generate regression coefficients that were used to estimate counterfactual U5M assuming
coverage levels of interventions and infection prevalence of diseases remained the same as those
of 1993 throughout the period 1993 and 2014 (Section 5.5).
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5.4.1 Pre-processing
Before conducting formal statistical model development to select a set of parsimonious
determinants, several determinants were excluded from the list of 43 determinants (Table
4.3) based on predefined inclusion criteria. Pre-processing involved three steps.

First, the analysis aims to compute the U5-lives lost or saved associated with changes in
coverage or prevalence of the determinants from 1993 to 2014 relative to 1993 and
compare the variation between counties. Therefore, only determinants varying in either
space or time were included. If invariant in both domains, there would be no differences
observed between counties over the years; both the counterfactual and observed U5M
would overlap. Determinants were included if their percentage change (relative to 1993) in
at least one of the years (1993-2014) was ≥10% at the national level since national-level
variances suggest temporal variations in some of the counties. The spatial variation
between counties was explored at three time-points (1993, 2004 and 2014). Determinants
were included if the percentage change between the 25th and 75th percentiles of ≥10%.

Second, determinants whose impact is captured by other determinants were excluded to
reduce circularity in the counterfactual model [Okiro, 2019]. The effect of antimalarials and
ITNs use is captured by PfPR2-10 [Noor et al., 2014; Snow et al., 2015; Macharia et al.,
2018]. IPTp is recommended only in 13 malaria-endemic counties [GoK MoH, 2010a] and
administered to prevent malaria in pregnancy [Brabin, 1983, 1991] which results in LBW
among other adverse effects [Guyatt & Snow, 2001b, 2004]. The coverage of different
childhood immunization antigens was modelled including DPT3, Polio3, measles and
BCG including their composite called fully immunized status (Table 4.3). Consequently,
indicators on the use of ITNs, antimalarials (effect captured PfPR2-10), IPTp (partial
availability and effect partially captured by LBW), DPT3, Polio3, measles and BCG (effect
captured by fully immunized) were excluded from the subsequent analysis to reduce
circularity in the counterfactual model.
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Third, some determinants which assess similar effects (overlapping roles) due to their
fundamental definition and data used to model them e.g. ANC1 and ANC4 (Table 5.3). If
such determinants were both included they would result to collinearity and confounding
effects [Moraga et al., 2015]. Following previous approaches [Moraga et al., 2015; Deribe
et al., 2020], such determinants were grouped (Table 5.3) and the relationship between
U5M and each determinant explored by fitting a simple linear regression (Equation 5.1).
U5M was normalized using the natural log as modelled in Chapter 3. The models in each
group were compared via the Akaike Information Criterion (AIC) where the determinant
with the lowest AIC per group was included. The analysis was performed in StataCorp.
2014 [Stata Statistical Software: Release 14. College Station, TX: StataCorp LP].

Table 5.3: Grouping of similar determinants. Determinants with the lowest AIC value per group was
selected following a univariate model (Equation 5.1)) [Moraga et al., 2015; Deribe et al., 2020].
ID
1
2
3
4

Group

Determinant
Rainfall
Environment
EVI
Education
Health
education
Literacy
Improved sanitation
Sanitation
Better sanitation
Improved water
Water
Better water

5

Antenatal
care

6

Institutional
care

ANC1
ANC4
SBA
HFD
Parity

7

Fertility
Birth interval

Description
Rainfall constraints vegetation growth and has been used
to predict greenness [Nightingale & Phinn, 2003]
Educated mothers will be almost entirely literate [LeVine &
Rowe, 2009].
Better sanitation (access to any toilet facility) encapsulates
improved sanitation (access to a flush toilet)
Access to better water (piped, boreholes and wells)
encapsulates access to improved water (piped water) for
drinking
Both include access to ANC, differentiated by the number
of times, a pregnant woman attended the ANC clinics
Health facility deliveries are attended by SBA with a small
fraction of home deliveries are attended by SBA
Women having a large birth interval are unlikely to have
high parity and vice versa. For example, in Bangladesh, a
parity of at least four was associated with 72% decrease in
the odds of a short birth interval compared to parity of one
[De Jonge et al., 2014]

Equation 5.1: Assessing the bivariate relationship between U5M and determinants of child survival

ln ( 5q0 )i ,t = 0 + 1 +  i .t
Where ln ( 5q 0 ) is the natural logarithm of U5M in county i and year t,  0 a constant, 
i ,t

are the determinants outlined in Table 5.3, 1 is the statistical association between the
U5M and each determinant and  i .t is the error term.
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5.4.2 Building a parsimonious model via statistical approaches
Previous findings have shown all the determinants considered in the current analysis to be
associated with U5M (Section1.6, Table 1.3). To validate the findings against Kenyan data
and context, a simple ecological regression model (Equation 5.1) was applied to explore
the association between U5M and each determinant included from Section 5.4.1. Only
determinants with a p-value of < 0.2 were included in the subsequent steps.

In the presence of high dimensional data, it’s important to reduce overfitting (high variance
and low bias). Rigorous penalisation regression approaches have been used in child
survival studies to select a subset of determinants that contribute most in explaining the
variation of U5M. In Ghana [Dwomoh et al., 2019] and Sierra Leone [Tagoe et al., 2020],
Least absolute shrinkage and selection operator (lasso) was used to select the predictors
most strongly associated with U5M. Penalized regressions or shrinking techniques are
machine learning techniques and include Lasso, ridge and elastic net (ENR) regressions.
Shrinking (adding a penalty in the model) some of the regression coefficients may result in
biased estimates, however, the variance reduces, resulting in a smaller MSE hence
increased accuracy [Hastie et al., 2005]. In addition to minimizing the sums of the squares
of the residuals (OLS objective), lasso adds L1 penalty, ridge adds L2 penalty while ENR
combines both L1 and L2 penalties due to the drawbacks of using the lasso and ridge
regression independently [Zou & Hastie, 2005]. L1 adds a “squared magnitude” of
coefficient as a penalty to the loss function and shrinks the regression coefficients. L2
adds the “absolute value of magnitude” as a penalty to the loss function and shrinks some
regression coefficients to zero hence variable selection.

The determinants with non-zero regression coefficients will be more strongly associated
with U5M while those with zero regression coefficients are excluded [Tibshirani, 1996;
Waldmann et al., 2013]. The amount of shrinking is controlled by a tuning parameter λ
(lambda), when it is zero the model is an OLS and as it increases, more regression
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coefficients are set to zero. The bias increases with the increasing λ and the variance
increase with decreasing λ. Therefore, an optimum point where the decrease in bias is
equal to the increase invariance avoids under or overfitting.

Because ridge regression does not shrink regression coefficients to zero (thus cannot be
used for variable selection) and lasso regression does not rigorously handle correlated
determinants, the ENR was used in the current exercise [Zou & Hastie, 2005; Waldmann
et al., 2013]. ENR combines both the lasso and ridge regression and can select groups of
correlated variables if they are more important than other variables under consideration
[Friedman et al., 2010; Waldmann et al., 2013].

ENR implemented in the glmnet package was employed. It is controlled by α, where α =
1= lasso, α = 0=ridge and α near 1 is lasso but deals with high correlations [Friedman et
al., 2010; Waldmann et al., 2013]. The optimal value of λ (lambda.1se) that balance
between variance/bias and simplicity/accuracy was determined through the cv.glmnet()
function of the glmnet package via k-fold cross-validation [Friedman et al., 2010]. An α
ranging between ≥0.5 and <1 was explored while implementing ENR. In R, the model was
specified with the natural log of U5M as the outcome via a Gaussian Family.

The determinants with non-zero coefficients from ENR formed the base model and its
Deviance Information Criteria (DIC) computed. Further simplification of the base model
was explored by assessing if there was a more parsimonious (lower DIC) model relative to
the DIC of the base model [Babyak, 2004; Murtaugh, 2009]. The presence of
multicollinearity was assessed using the variance inflation factor (VIF) [O’Brien, 2007].
Collinearity was considered high for determinants with a VIF greater than 4 [Pezzulo et al.,
2016]. While maintaining interpretability highly collinear determinants were combined
through principal component analysis (PCA) [Vyas & Kumaranayake, 2006; Ng et al.,
2017].
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5.5 Counterfactual analysis

The determinants of U5M that met the inclusion criteria (Sections 5.4) were included in the
final Bayesian ecological space-time mixed-effects regression model (Equation 5.2).
Equation 5.2: Bayesian ecological space-time mixed-effects regression for assessing the
association between U5M and its determinants.
n

ln ( 5q0 )i ,t =  o +  j  x j + i +  t +  i ,t
j =1

ln ( 5q0 )i ,t the natural logarithm of U5M in county i and year t with a normal distribution,  o n

the intercept (overall baseline U5M),  j -regression coefficients for the fixed effects,  x j ,
j =1

determinants from Section 5.4.2, (  i ) the main spatial random effect, (  t ) the main
temporal random effect, and  i ,t space-time interaction term.

Type 1 space-time interaction was specified for parsimony and identifiability concerns with
highly structured interactions (Section 2.4.2). The random variables were assigned prior
distributions that borrowed the strength of information across space and time respectively
to better capture the underlying structure of the U5M. They also captured changes in timevarying factors that affect all counties (e.g. in technology) and unchanging determinants of
U5M within each country respectively [Gakidou et al., 2010; Ng et al., 2017; Viner et al.,
2017].

The spatial dependence was defined by neighbourhood matrix through the queen
adjacency with the value of a parameter in one county influenced by the average value of
its neighbouring counties with some additional variability. The convolution BYM model
CAR was used to express spatial dependence [Besag et al., 1991]. Similarly, temporal
neighbours were defined by the adjacent period points (preceding and post). The spacetime interaction parameter  i ,t accounted for any departure from predictable patterns
based on the overall temporal and spatial effects [Abellan et al., 2008] (Section 2.4.2).
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The variance parameters for the random effects were assigned non-informative priors
(treated as unknown) due to and lack of prior corresponding data to inform the choice of
such as a specification and allow the data to drive the model results [Ruktanonchai et al.,
2018]. The hyper prior distributions followed inverse gamma distributions with parameter
values of 0.5 and 0.0005 [Abellan et al., 2008]. The model was fitted using MCMC
simulation. Posterior distributions of parameters were summarized by the mean and the
95% credible intervals (CI) via WinBUGS Package (Version 1.4.3) [Lunn et al., 2000]

To evaluate the model convergence two approaches were used. First, a two-chain MCMC
simulation was used for parameter estimation and model convergence assessed by visual
inspection of the series plot of each parameter and using Gelman-Rubin statistics
[Gelman & Rubin, 1992]. Second, the ratio between MC error and SD had to be <5 to
suggest model convergence and stabilization [Spiegelhalter et al., 2003].

The estimated regression coefficients were used to compute counterfactual U5M for every
county between 1993 and 2014 by replacing the values of determinants with the values
estimated in 1993 in each county and year [Murray & Lopez, 1999; Maldonado &
Greenland, 2002; Murray et al., 2003; Ezzati et al., 2004]. The differences between the
observed and counterfactual U5M were then computed. The model was fitted using
MCMC simulation with posterior distribution summarized by the mean and the 95% CI via
WinBUGS Package (Version 1.4.3) [Lunn et al., 2000].

5.5.1 Computing under-five lives saved and lives lost
The differences obtained above (between the observed and counterfactual U5M) were
multiplied by the annual number of under-fives to compute the annual number of underfives lives saved (U5-LS) or lives lost (U5-LL) between 1993 and 2014 based on census
data. The inter-censual growth rate was used to obtain the number of under-fives by
county for each period between the three censuses in Kenya (1989, 1999 and 2009).
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5.6 Results
The results are divided into two sections, 1) variable selection and model building; and 2)
U5-LS and U5-LL associated with the key determinants of U5M between 1993 and 2014.

5.6.1 Variable selection and model building
All the determinants except three (continued breastfeeding, household wealth and tetanus
toxoid vaccination) were variable across time. Their annual percentage between 1993 and
2014 relative to 1993 was <10% for all the 22 years under consideration. Among the three
determinants, household wealth was heterogeneous across the counties and was retained
while the rest two were excluded. To reduce circularity, 15 determinants were excluded;
the effect of eight determinants namely, ITNs use, antimalarials, DPT3, Polio3, measles,
BCG and IPTp was assumed to be adequately captured by other determinants under
consideration (Section 5.4.1) while the remaining seven determinants were excluded from
bespoke groups (Table 5.4) based on AIC values from univariate models (Section 5.4.1).

Table 5.4: Regression coefficients and AIC from the simple linear regression models (Equation
5.1). Green indicates selected determinants while orange represents the determinants that were
dropped. The correlation coefficient (r) is shown in the last column.
ID

Group

1

Environment

2
3
4
5

Health
education
Fertility
Access to
sanitation
Access to clean
water

6

Antenatal care

7

Institutional care

Determinant
Rainfall
Enhanced Vegetation Index
Maternal education
Maternal literacy
Short birth spacing
High Parity
Improved sanitation
Better sanitation
Improved water
Better water
ANC1
ANC4
Skilled Birth attendance
Health facility births

coefficient and 95% CI
0.00028 [0.0002-0.0003]
0.87071 [0.5763-1.1651]
0.49469 [0.369-0.6204]
-0.02359 [-0.1197-0.0725]
2.45362 [2.0407-2.8666]
1.81663 [1.5494-2.0839]
-0.22875 [-0.5157-0.0582]
-0.23623 [-0.3352--0.1373]
-0.52163 [-0.6487--0.3946]
-0.37742 [-0.5117--0.2431]
-0.15096 [-0.4137-0.1118]
0.66412 [0.4167-0.9116]
-0.601 [-0.7301--0.4719]
-0.64412 [0.7799--0.5083]

AIC
1003.6
1129.6
1104.7
1162.6
1034.9
998.3
1160.4
1141.1
1099.7
1132.8
1161.5
1135.4
1082.4
1079.5

r
0.80
0.88
0.66
0.25
0.79
0.70
0.96

Four determinants (ORS, LBW, exclusive breastfeeding and wasting) were not statistically
significant from simple linear regression model (Equation 5.1) and were therefore
excluded from further analysis as shown in Table 5.5.
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Table 5.5: Regression coefficients from univariate models (Equation 5.1) assessing the association
between 26 determinants and U5M. Previously excluded determinants are shown using as a dash,
while those which were not statistically significant are coloured orange.
Group
Environmental

Maternal

Child

Household

Infections
Healthcare
utilization

Child health
interventions

Maternal
health
interventions

ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43

Variable
Rural residence
Precipitation
EVI
Maternal education
Maternal literacy
Female-headed Households
Short birth spacing
Use of modern contraceptives
High parity
Underweight
Wasted
Stunted
Breastfed within first hour of birth
Exclusive breastfeeding
Continued breastfeeding
Low Birthweight
Poor household
Improved Sanitation
Better sanitation
Improved water
Access better water
HIV
Malaria
ANC1
ANC4
Skilled birth attendance
Health facility births
Diarrhoea treatment-seeking
Fever/cough treatment-seeking
BCG
DPT3
Polio3
Measles
Fully immunized
ORS use
Vitamin A- children
ITN use by children
Antimalarial use
Tetanus toxoid injection
IPTp 1
IPTp 2
Iron supplement
Vitamin A-mothers

Estimate [95% CI]
0.1534 [0.0238-0.283]
0.0003 [0.0002-0.0003]
0.4947 [0.369-0.6204]
0.8596 [0.4827-1.2364]
-1.0063 [-1.2013--0.8113]
1.81663 [1.5494-2.0839]
0.52262 [0.1235-0.9218]
-0.32379 [-0.8976-0.25]
2.30384 [1.8417-2.766]
-1.9575 [-2.1256--1.7894]
0.0357 [-0.2124-0.2838]
0.4821 [-2.2758-3.24]
0.74312 [0.6122-0.874]
-0.2362 [-0.3352--0.1373]
-0.5217 [-0.6487--0.3946]
2.0026 [1.883-2.1222]
6.0134 [5.5712-6.4556]
0.6641 [0.4167-0.9116]
-0.64412[0.7799--0.5083]
-0.6909 [-1.0585--0.3231]
-2.94264 [-3.2902--2.595]
-0.8220 [-0.9825--0.6615]
0.01009 [-0.4586-0.4787]
-0.5900 [-0.7078--0.472]
-0.2846 [-0.3657--0.2034]
-0.5417 [-0.6642--0.4192]

P value
0.0200
<0.0001
<0.0001

AIC
1157.4
1003.6
1104.7

R2
0.4
11.5
5.4

<0.0001
<0.0001
<0.0001
<0.0001
0.2680
<0.0001
<0.0001
0.7780

1142.9
1064.9
998.3
1156.2
1161.6
1071.1
739.5
1162.7

1.8
9.0
14.6
0.5
0.0
8.4
33.5
-0.1

0.7320
<0.0001
<0.0001
<0.0001

1162.7
1045.3
1141.1
1099.7

-0.1
10.7
2.0
5.8

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
0.9660
<0.0001
<0.0001
<0.0001

422.7
620.2
1135.4
1079.5
1149.3
917.8
1066.3
1162.8
1070.5
1116.4
1090.0

51.1
40.8
2.5
7.7
1.2
21.0
8.8
-0.1
8.5
4.3
6.7

Therefore, 22 determinants were candidate variables in the ENR. Alpha (α) values
between 0.52 and 0.99 yielded the same results (Section 5.4.2). The optimal λ
(lambda.1se) balancing between simplicity (least number of predictors) and accuracy was
0.0128479 and was therefore adopted. Seven determinants had a regression coefficient
of zero, meaning they had a minimal role to the overall U5M variation relative to the rest.
They included precipitation, use of contraceptives, maternal education, access to
improved water, residing in a rural area, underweight and household wealth and were
therefore excluded.
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Based on VIFs of the remaining 15 determinants (Table 5.6), three supplements (iron and
vitamin A for mother and child ) were multicollinear based on a cut-off of 4 [Pezzulo et al.,
2016]. They were combined into a single index using PCA because they were introduced
and scaled up around the same time and when combined, their effect on U5M would be
interpretable.

Table 5.6: Variance inflation Fractions summary of 15 determinants meeting inclusion criteria.
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
-

Variable
Vitamin A-Mother
Iron mother
Vitamin A- Child
Health facility delivery
High parity
ANC4
Fully immunized
Malaria
Better sanitation
Fever/cough treatment seeking
Diarrhoea treatment-seeking
HIV
Breastfed within one hour
Stunted
Female-headed households
Mean VIF

VIF
23.76
15.7
4.33
3.88
3.83
3.49
3.21
2.81
2.71
2.68
2.62
2.09
2.07
2.07
1.32
5.11

1/VIF
0.04208
0.06368
0.23069
0.25751
0.26099
0.28656
0.31131
0.35624
0.36915
0.37329
0.38133
0.47786
0.48251
0.48423
0.75995
0.34249

Remarks
Multicollinear [Pezzulo et al., 2016]
were combined into a single index
(supplements index) using PCA

The default model with 13 variables (Table 5.6) had a DIC of -2452.83. However, the
model excluding ANC4, diarrhoea treatment-seeking and the supplements index had the
lowest DIC (-2457.43) relative to any other possible combination of the 13 determinants.
Consequently, the model with ten determinants was used in the counterfactual analysis.
The ten determinants included the proportion of health facility delivery, mothers with a
high parity, proportion of fully immunized children, malaria infection prevalence,
households with an access to better sanitation, proportion of children seeking treatment
fever/cough, HIV infection prevalence, infants breast within the first hour of birth,
proportion of stunted and the proportion of female-headed households. Table 5.7 shows
all the 43 determinants, determinants included in the final model and the stage at which
the rest were excluded.
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Table 5.7: Variable selection results. Determinants selected for the counterfactual framework are
coded green while reasons for exclusion for the rest of the determinants is outlined
Group

ID

Variable

Criteria not met

1

Proportion rural

Contributed little to variation in U5M (lasso regression)

Precipitation

Contributed little to variation in U5M (lasso regression)

3

EVI

Precipitation (1) had a lower AIC value

4

Maternal education

Contributed little to variation in U5M (lasso regression)

5

Maternal literacy

Maternal education (4) had a lower AIC value

6

Female-headed Households

Included

7

Short birth spacing

Parity (9) had a lower AIC value

8

Use of modern contraceptives

Contributed little to variation in U5M (lasso regression)

9

High parity

Included

10

Underweight

Contributed little to variation in U5M (lasso regression)

11

Wasted

Not statistically significant at p-value <0.2

12

Stunted

Included

13

Breastfed within the first hour of birth Included

14

Exclusive breastfeeding

Not statistically significant at p-value <0.2

15

Continued breastfeeding

Invariable both in space and in time

16

Low Birthweight

Not statistically significant at p-value <0.2

17

Poor household

Contributed little to variation in U5M (lasso regression)

18

Improved Sanitation

Better sanitation had a lower AIC value

19

Better sanitation

Included

20

Improved water

Contributed little to variation in U5M (lasso regression)

21

Access better water

Improved water (20) had a lower AIC value

22

HIV

Included

23

Malaria

Included

24

ANC1

Effect captured by ANC4 (25)

25

ANC4

Inclusion degraded parsimonious model fit (DIC)

Healthcare

26

Skilled birth attendance

Effect captured by HFD (26)

utilization

27

Health facility births

Included

28

Diarrhoea treatment-seeking

Inclusion degraded parsimonious model fit (DIC)

29

Fever/cough treatment-seeking

Included

30

BCG

31

DPT3

Effect captured by proportion of children who were fully

32

Polio3

immunized (34)

33

Measles

34

Fully immunized

Included

35

ORS use

Not statistically significant at p-value <0.2

36

Vitamin A- children

Combined with supplements (42-43) due to VIF > 4 Inclusion
degraded parsimonious model fit (DIC)

37

ITN use by children

38

Antimalarial use

39

Tetanus toxoid injection

Maternal

40

IPTp 1

health

41

IPTp 2

interventions

42

Iron supplement

43

Vitamin A-mothers

Environmental 2

Maternal

Child

Household

Infections

Child health
interventions

Effect captured by malaria risk (23)
Invariable both in space and in time
Available only in 13 malaria-endemic counties and effect
partly captured by LBW
Combine with supplements (36) due to VIF > 4 and Inclusion
degraded parsimonious model fit (DIC)
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5.6.2 Counterfactual estimates

5.6.2.1 Model convergence and accuracy assessment

The stabilization and convergences of the final model was explored using trace plot and
Gelman-Rubin statistics while the accuracy was assessed via Monte Carlo error and
standard deviation (SD) [Gelman & Rubin, 1992; Spiegelhalter et al., 2003]. The trace
plots history after running two chains simultaneously are shown in Figure 5.3 for several
randomly picked parameters in blue (chain 1) and red (chain 2). The two chains appear to
be overlapping, consequently, there is some reasonable confidence that convergence and
or stabilization was achieved (Figure 5.3).

Figure 5.3: Trace plots history of monitored parameters for exploring convergence. The red and
blue colours represent chain 1 and 2 respectively run simultaneously.

The Gelman-Rubin convergence statistics assessment of model convergence is shown in
Figure 5.4 for 12 randomly picked parameters. Green shows the width of the central 80%
interval of the pooled runs, blue shows the average width of the 80% intervals within the
individual runs. The ratio between them R (= pooled / within) is indicated by red [Gelman
& Rubin, 1992; Spiegelhalter et al., 2003]. The R converges to 1 while the width of both
the pooled and within interval widths are seen to converge to a stability (Figure 5.4)
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Figure 5.4: Plots of Gelman -Rubin statistics monitored parameters. Green is the width of the
central 80% interval of the pooled runs, blue the average width of the 80% intervals within the
individual runs and their ratio indicated by red.

The accuracy of the posterior estimates was assessed using the MC error, the difference
between the mean of the sampled values and the true posterior mean. The rule of thumb
states that the simulation should be run until the MC error for each parameter is less than
about 5% of the SD [Spiegelhalter et al., 2003]. The ratio of MC error and SD from the
summary statistics are shown in Table 5.8 and were all less than 5%.

5.6.2.2 Adjusted regression model

Early initiation of breastfeeding, access to better sanitation, seeking for treatment for
children with fever, fully immunized, maternal autonomy, facility deliveries and high parity
were associated with a decrease in U5M while increasing HIV, malaria and stunting were
associated with an increase in U5M (Table 5.8). Similar results (direction of change) in the
adjusted model were recorded in the un-adjusted analysis except for maternal autonomy
and high parity which were associated with an increase in U5M in the (Table 5.5).
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Table 5.8: The mean regression coefficients, 2.5%-97.5% quantiles, spatial and temporal effects
from the ecological Bayesian spatio-temporal mixed effect regression model. The SD, MC error
and their a ratio from a total of 130,000 iterations and a burn of 20,000 are shown.
Determinant
Breastfed within one hour
Better Sanitation
Female headed household
Fever treatment seeking
HIV risk
Health Facility Delivery
High Parity
Malaria risk
Stunted
Fully immunized
Intercept
sigma.nu[1]
sigma.nu[2]
sigma.t
sigma.w

Mean [2.5%- 97.5%]
-0.39450 [-0.52450 - -0.26490]
-0.61430 [-0.73030 - -0.49770]
-1.05600 [-1.24800 - -0.86360]
-0.56290 [-0.78010 - -0.34570]
2.87300 [2.02500 - 3.72300]
-0.19650 [-0.35470 - -0.03879]
-2.05400 [-2.31500 - -1.79200]
0.12810 [0.05127 - 0.20550]
0.22580 [-0.11780 - 0.57120]
-0.11800 [-0.25840 - 0.02259]
-0.83470 [-1.10600 - -0.57020]
0.00544 [0.00027 - 0.01604]
0.10210 [0.07864 - 0.12870]
0.05245 [0.03791 - 0.07311]
0.57350 [0.46660 - 0.71040]

SD
0.06628
0.05935
0.09821
0.11080
0.43160
0.08057
0.13310
0.03936
0.17660
0.07179
0.13650
0.00434
0.01267
0.00903
0.06225

MC error
0.00085
0.00112
0.00124
0.00127
0.00894
0.00138
0.00186
0.00039
0.00279
0.00087
0.00234
0.00015
0.00025
0.00004
0.00028

Ratio
1.3%
1.9%
1.3%
1.2%
2.1 %
1.7%
1.4%
1.0%
1.6%
1.2%
1.7%
3.4%
2.0%
0.4%
0.5%

The change observed in the natural log of U5M for every 1% change in a determinant was
uneven across the ten determinants. Both the HIV infection prevalence 2.873 [2.025 3.723] and high parity -2.054 [-2.315 - -1.792] were associated with the largest changes in
U5M for determinants associated with an increase and a decrease in U5M respectively
(Table 5.8). The absolute magnitude of the changes was above one for maternal
autonomy, HIV risk and high parity, while the rest were less than one (Table 5.8).

The intercept represents the overall baseline natural log of U5M. Sigma.w and sigma.t are
the variances for spatial and temporal random effects respectively. Spatial heterogeneity
0.5735 [0.4666-0.7104] was more dominant compared to temporal heterogeneity 0.0525
[0.0379 - 0.0731]. Sigma.nu[1] and [2], are the space-time interaction effects for the stable
(structured) and unstable (unstructured) risk patterns. The stable departures were smaller
and negligible 0.0054 [0.0003 - 0.0160] than the unstable departures 0.10210 [0.07864 0.12870]. The unstable departures were two times those of space, further in space-time,
the unstable departures were higher than explained by the spatial and temporal
components.
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5.6.2.3 National counterfactual U5M

To contextualize the counterfactual U5M at the national and how it compares with the
observed U5M (Chapter 3), the changes in the coverage/prevalence of the ten key
determinants of U5M relative to 1993 values (the baseline) are presented in Table 5.9.
The absolute percentages across the determinants ranged between 0% to 85%. Malaria
infection prevalence had the highest changes of up to 85% relative to 1993. Conversely,
initiation of early breastfeeding and access to better sanitation had the lowest changes
ranging between 0 and 10% relative to 1993 (Table 5.9). Majority of the determinants had
a maximum annual percentage change below 32% (Table 5.9). Coverage and prevalence
of determinants and their changes over time are detailed in Chapter 4.

The changes (Table 5.9) were combined with the regression coefficients (Table 5.8) in the
counterfactual framework (Section 5.5) to generate counterfactual U5M. Table 5.10 shows
annual U5-LS and U5-LL assuming there were no changes in each determinant relative to
1993. The tabulated results (Table 5.10) are visualized in two different ways. First, for
each determinant, the counterfactual and observed U5M are overlaid in a line graph
(Figure 5.5); malaria (a), HIV (b), stunting (c), immunization (d), health facility deliveries
(e), early breastfeeding (f), sanitation (g), maternal autonomy (h), fever treatment-seeking
(j) and parity (k). Secondly, the tabulated differences (Table 5.10) for all determinants are
overlaid on a single bar graph to facilitate a simultaneous comparison of the U5-LS and
U5-LL in both the magnitude and direction of change (Figure 5.6).

The roles of the ten key determinants were heterogeneous over the entire period of 22
years (1993-2014). Declining high parity and fully immunized children were associated
with U5-LL, while the other eight determinants were associated with U5-LS (Table 5.10).
Prevalence of malaria and HIV, high parity, better sanitation fever treatment-seeking had
a huge role compared to other determinants. The total count of U5-LS or U5-LL over the
22 years is also shown in Table 5.10.
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Table 5.9: Percentage change in the coverage/prevalence of determinants of child survival relative to 1993 values for a period of 22 years (1993 to 2014). Colours
represents changes of <5% (red), 5% - <10% (orange), 10% - <20% (light green), 20% - <50% (dark green) and ≥50% (light blue). The negative sign [-] imply decline
while positive sign [+] implies an increase in prevalence/coverage of the determinants of child survival. The declines and increases should be interpreted alongside the
magnitude of the regression coefficients and direction as shown in Table 5.8.
Year
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014

Malaria
Prevalence
0.00
-16.80
-4.14
-0.04
-2.45
-4.02
-23.99
-22.48
-9.99
-12.80
-4.12
-19.24
-53.31
-68.82
-84.66
-81.10
-81.67
-79.26
-84.92
-80.40
-74.29
-66.76

HIV
prevalence
0.00
8.75
13.77
15.49
14.52
11.76
7.63
2.76
-2.67
-8.33
-14.02
-19.39
-24.04
-28.03
-31.11
-33.79
-36.14
-38.39
-40.43
-42.15
-43.75
-45.35

Stunting
Prevalence
0.00
-0.36
0.62
1.65
2.82
0.03
-1.31
-2.70
-3.90
-5.03
-6.33
-7.26
-8.19
-9.13
-10.08
-11.45
-13.32
-15.31
-17.19
-19.45
-21.67
-23.87

Fully
immunized
0.00
5.50
2.75
0.13
-2.24
-9.38
-14.41
-19.45
-21.59
-23.79
-25.61
-24.70
-23.36
-18.47
-13.54
-4.85
-5.64
-6.28
-6.90
-3.58
-0.08
3.94

Health facility
delivery
0.00
-0.80
-1.58
-2.34
-3.25
-4.04
-7.52
-11.18
-12.03
-12.73
-14.02
-12.37
-10.41
-8.86
-7.33
-3.31
3.28
9.77
16.25
23.86
31.60
35.70

Breastfed
within 1st -hour
0.00
1.76
3.35
4.95
6.49
8.08
5.01
1.91
-1.27
-4.50
-7.91
-5.55
-3.48
-1.58
0.18
2.24
4.69
7.14
9.24
11.50
13.93
15.14
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Better
sanitation
0.00
-0.23
0.22
0.61
1.00
0.81
1.19
1.61
1.39
1.11
0.88
1.70
2.58
2.83
3.05
6.40
8.48
10.56
11.54
12.81
13.09
13.02

Maternal
autonomy
0.00
-20.29
-12.48
-4.67
3.22
2.62
-3.73
-10.66
-5.42
-0.48
4.18
1.71
-1.26
13.84
28.72
11.50
11.45
11.12
10.89
20.07
14.94
12.07

Fever
treatment-seeking
0.00
5.13
8.84
12.32
15.03
18.30
16.86
15.41
14.02
12.45
10.44
13.12
15.09
16.85
18.83
24.62
24.84
25.38
26.04
27.16
28.64
30.26

High
Parity
0.00
-2.23
-4.31
-6.92
-9.35
-11.73
-8.40
-5.85
-9.11
-12.06
-15.65
-15.14
-15.02
-15.10
-15.36
-20.72
-15.33
-10.08
-4.80
-17.36
-29.04
-31.85

Table 5.10. Annual under-five lives saved [+positive sign] or lives lost [-negative sign] per 1000 live births at the national level if the coverage/prevalence of
determinants of U5M had remained unchanged between 1993 to 2014. They have been classified into <1.0 (yellow), 1-2 (light green), 2-3 (dark green), 3-5 (light blue)
and >5 (dark blue). Red shows non-significant changes (the credible interval cross zero line). Total counts and average of lives saved or lives-lost for 1993-2000 [A],
2006-2014 [B] and 1993-2014 [C] are also presented.

1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014

Malaria
prevalence
0.00[0.00-0.00]
0.46[0.36-0.57]
0.15[0.02-0.28]
0.16[-0.08-0.4]
0.22[-0.05-0.5]
0.23[-0.09-0.54]
0.74[0.46-1.01]
0.78[0.41-1.14]
0.31[0.03-0.59]
0.29[-0.04-0.63]
0.02[-0.4-0.44]
0.45[0.1-0.81]
1.33[0.91-1.75]
1.61[1.26-1.97]
2.03[1.57-2.5]
1.86[1.47-2.25]
1.85[1.44-2.26]
1.71[1.41-2.01]
1.89[1.50-2.29]
1.74[1.39-2.09]
1.53[1.28-1.78]
1.30[1.09-1.51]

HIV
prevalence
0.00[0.00-0.00]
-2.22[-2.95--1.48]
-3.44[-4.66--2.22]
-3.84[-5.34--2.34]
-3.67[-5.3--2.05]
-3.09[-4.76--1.42]
-2.07[-3.59--0.55]
-0.95[-2.27-0.37]
0.24[-0.87-1.35]
1.44[0.46-2.42]
2.67[1.7-3.64]
3.62[2.62-4.62]
4.4[3.33-5.47]
5.14[3.96-6.32]
5.65[4.41-6.9]
6.09[4.76-7.43]
6.45[5.08-7.81]
6.73[5.35-8.11]
6.98[5.6-8.37]
7.23[5.82-8.64]
7.45[6.02-8.87]
7.81[6.33-9.29]

A
B
C

0.39[0.29-0.49]
1.73[1.61-1.84]
0.99[.90-1.07]

-2.75[-3.28—2.23]
6.61[6.17-7.06]
2.51[2.13-2.89]

16,219
[11,799-20,640]
105,403
[94,385-116,422]
136,550
[122092-151006]

-100,354
[-121,411–79,296]
398,206
[357,899-438,512]
365,158
[305,501-424,813]

Year

A
B
C

Fully immunized
Health facility
Breastfeeding
Better
status
delivery
within one hour
Sanitation
0.00[0.00-0.00]
0.00[0.00-0.00]
0.00[0.00-0.00]
0.00[0.00-0.00]
0.00[0.00-0.00]
0.02[-0.04-0.08]
0.47[0.36-0.58]
-0.08[-0.12--0.03]
0.27[0.14-0.40]
-0.08[-0.2-0.05]
-0.04[-0.06--0.01]
0.20[0.15-0.26]
-0.16[-0.25--0.06]
0.49[0.24-0.75]
0.12[-0.11-0.35]
-0.10[-0.14--0.06]
-0.05[-0.15-0.05]
-0.23[-0.36--0.10]
0.71[0.35-1.08]
0.28[-0.08-0.64]
-0.17[-0.24--0.1]
-0.27[-0.46--0.08]
-0.32[-0.49--0.15]
0.92[0.44-1.40]
0.45[-0.06-0.96]
0.02[-0.06-0.09]
-0.85[-1.16--0.54]
-0.41[-0.62--0.20]
1.10[0.51-1.70]
0.38[-0.24-1.00]
0.10[0.03-0.18]
-1.16[-1.50--0.82]
-0.61[-0.84--0.38]
0.48[-0.02-0.99]
0.52[-0.1-1.14]
0.19[0.1-0.27]
-1.43[-1.79--1.07]
-0.81[-1.05--0.57]
-0.06[-0.54-0.42]
0.66[-0.01-1.33]
0.25[0.16-0.34]
-1.49[-1.85--1.14]
-0.79[-1.00--0.58]
-0.57[-1.05--0.09]
0.63[-0.13-1.39]
0.31[0.21-0.4]
-1.57[-1.92--1.21]
-0.77[-0.97--0.57]
-1.05[-1.55--0.55]
0.56[-0.31-1.43]
0.38[0.28-0.49]
-1.65[-2.01--1.29]
-0.81[-1.03--0.59]
-1.58[-2.16—1.00]
0.50[-0.52-1.51]
0.42[0.31-0.53]
-1.50[-1.81--1.18]
-0.65[-0.87--0.44]
-1.08[-1.55--0.62]
0.77[-0.24-1.78]
0.46[0.34-0.58]
-1.36[-1.64--1.07]
-0.50[-0.74--0.27]
-0.68[-1.08--0.29]
1.03[-0.03-2.09]
0.51[0.38-0.65]
-1.05[-1.28--0.82]
-0.40[-0.65--0.14]
-0.36[-0.75-0.03]
1.17[0.00-2.34]
0.56[0.42-0.71]
-0.74[-0.92--0.57]
-0.29[-0.58-0.00]
-0.07[-0.48-0.34]
1.28[0.00-2.56]
0.64[0.48-0.79]
-0.23[-0.36--0.10]
-0.04[-0.34-0.26]
0.25[-0.2-0.69]
2.22[0.92-3.52]
0.74[0.57-0.91]
-0.28[-0.40--0.16]
0.33[0.00-0.67]
0.64[0.22-1.06]
2.76[1.43-4.08]
0.84[0.65-1.03]
-0.31[-0.43--0.19]
0.69[0.33-1.06]
1.03[0.59-1.46]
3.25[1.87-4.64]
0.93[0.73-1.14]
-0.34[-0.46--0.22]
1.04[0.64-1.43]
1.35[0.86-1.84]
3.44[2.07-4.82]
1.05[0.83-1.26]
-0.15[-0.26--0.03]
1.44[1.00-1.88]
1.69[1.15-2.24]
3.81[2.36-5.26]
1.16[0.92-1.4]
0.05[-0.08-0.18]
1.85[1.35-2.34]
2.05[1.44-2.65]
3.93[2.47-5.39]
1.29[1.03-1.56]
0.28[0.12-0.45]
2.11[1.56-2.65]
2.26[1.57-2.96]
3.99[2.51-5.47]
Average lives saved / lives lost per 1000 live births for aggregate periods [95% CI]
0.00[-0.02-0.03]
-0.44[ -0.56--0.33]
-0.37[-0.44--0.30]
0.56[0.40-0.72]
0.33[0.15-0.51]
0.86[0.79-0.93]
-0.31[-0.37—0.25]
0.75[0.60-0.90]
0.98[0.80-1.16]
2.87[2.42-3.32]
0.46[0.42-0.50]
-0.64[-0.70--0.57]
0.03[-0.05-0.11]
0.37[0.25-0.49]
1.51[1.27-1.74]
Total count of lives saved, or lives lost Mean [95% CI]
-138
-17,401
-13,394
12,981
13,229
[-1,113-838]
[-22,155—12,648]
[-16,269—10,520]
[6,565-9,397]
[5,549-20,910]
52,575
-17,847
59,509
51,363
173,601
[46,808-58,343]
[-21,841--13,852]
[49,182-69,836]
[38,756-63,970]
[141096-206106]
61,913
-76,918
31,223
33,865
213,812
[54,938 – 68,888]
[-86,126- -67,710]
[18,745- 43,701]
[16,994-50,736]
[175954-251670]
Stunting

A, B and C represent periods: A-1993 to 2000, B -2006 to 2014, C-1993 to 2014.
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Maternal
Autonomy
0.00[0.00-0.00]
-5.54[-6.35--4.74]
-3.38[-3.87--2.89]
-1.22[-1.53--0.92]
0.92[0.39-1.46]
0.44[-0.17-1.06]
-1.48[-2.52--0.44]
-3.30[-4.74--1.85]
-1.91[-3.17--0.65]
-0.68[-1.76-0.39]
0.42[-0.56-1.39]
-0.14[-1.14-0.86]
-0.75[-1.79-0.29]
2.52[1.64-3.4]
5.83[4.91-6.74]
1.95[0.93-2.96]
1.88[0.76-2.99]
1.75[0.55-2.95]
1.67[0.42-2.92]
3.49[2.33-4.65]
2.46[1.31-3.62]
1.91[0.77-3.05]

Fever treatment
seek
0.00[0.00-0.00]
1.29[1.01-1.57]
2.2[1.78-2.63]
2.98[2.46-3.5]
3.58[3.02-4.14]
4.27[3.65-4.88]
3.83[3.17-4.48]
3.36[2.71-4.01]
2.93[2.3-3.57]
2.48[1.9-3.07]
2.00[1.45-2.55]
2.49[1.91-3.08]
2.83[2.18-3.49]
3.16[2.45-3.88]
3.50[2.74-4.26]
4.48[3.65-5.32]
4.56[3.69-5.43]
4.62[3.74-5.5]
4.7[3.81-5.6]
4.94[3.97-5.9]
5.24[4.19-6.29]
5.64[4.49-6.79]

High
parity
0.00[0.00-0.00]
-1.28[-1.48--1.08]
-2.43[-2.8--2.07]
-3.87[-4.31--3.43]
-5.2[-5.73--4.66]
-6.43[-7.04--5.81]
-4.04[-4.92--3.16]
-2.2[-3.74--0.66]
-3.96[-5.19--2.73]
-5.35[-6.47--4.24]
-7.09[-8.2--5.99]
-6.52[-7.69--5.36]
-6.27[-7.47--5.06]
-6.24[-7.46--5.02]
-6.28[-7.49--5.06]
-8.50[-9.55--7.44]
-5.99[-6.99--4.99]
-3.50[-4.9--2.11]
-1.00[-3.02-1.01]
-6.57[-7.86--5.28]
-11.26[-12.6--9.96]
-12.5[-13.9--11.07]

-1.94[-2.32—1.56]
2.61[2.23-2.98]
0.33[0.06-0.59]

3.07[2.85-3.30]
4.54[ 4.24-4.84]
3.58[3.41-3.75]

-3.63[-3.97-3.30]
-6.87[-7.41--6.33]
-5.55[-5.85—5.25]

-67,213
[-82,116—52,309]
129,003
[105204-152803]
32,393
[-1,976-66,760]

100,364
[89,606-111,122]
267,743
[241,083-294,402]
435,968
[403,866-468,070]

-108,823
[-123,337--94,310]
-392,738
[-435243--350233]
-655,647
[-707631--603664]

There are two important time epochs to consider; 1993-2000, U5M stagnated/reversed
and 2006-2014 where U5M witnessed a steep and steady decline. Focusing on the first
phase (1993 to 2000 ), the model suggests that U5M stagnation or instances where a
reversal is observed were largely associated with increasing HIV infection prevalence,
reduction in the number of households headed by a female and decreasing number of
women with a high parity (Table 5.10).

To note, women’s autonomy is multi-dimensional taking various constructs (place of
delivery, the decision to cook, education, control over finances, decision-making or
freedom of movement) based on different cultures and societies [Castle, 1993; Bloom et
al., 2001; Brunson et al., 2009; Fotso et al., 2009; Gupta, 2010; Adhikari & Sawangdee,
2011; Carlson et al., 2015]. In this thesis, maternal autonomy was defined by households
headed by a female due to its ubiquitous availability across the surveys and a harmonized
data collection approach over the years.

Across the stagnation epoch, 100,354 [121,411–79,296] U5-lives would have been saved
if HIV prevalence had remained the same as the level in1993 through to 2000 (Figure
5.5B). Similarly, the decline in maternal autonomy (Figure 5.5H) was associated with
67,213 [52,309-82,116] U5-LL while decline in high parity was associated with over
108,000 U5-LL. The increase in the number of stunted children (Figure 5.5C), decline in
fully immunized children (Figure 5.5D) and health facility deliveries (Figure 5.5E) was
associated with the stagnation, however, these had a smaller share of U5-LL relative to
HIV infection prevalence and maternal autonomy (Table 5.10). However, when child
survival was worsening (1993-2000), some determinants had an improved coverage
which cushioned against further deterioration. Relative to 1993, there was an increase in
the rates of treatment-seeking for fever, early initiation of breastfeeding for infants and a
reduction in malaria infection prevalence (Figure 5.5 and Figure 5.6). They were
associated with 100,364 [89,606-111,122], 12,981[6,565-9,397] and 16,219 [11,79920,640] U5-LS respectively (Table 5.10, Figure 5.5 and Figure 5.6A ).
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Figure 5.5: The counterfactual and modelled U5M for malaria (A), HIV (B), stunting (C), fully
immunized status (D), health facility deliveries (E), breastfeeding within one hour (F), access to
better sanitation (G), households headed by a female (H), fever treatment-seeking (J) and high
parity (K) at the national level relative to 1993 baseline. See footnote (after K) on graphs
interpretation.
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Footnote: The modelled national U5M [Chapter 3, Figure 3.4] is shown in orange. The national
counterfactual U5M (U5M if each determinant had remained at its 1993 [baseline]) level is shown in
purple. The difference between the modelled and counterfactual U5M is shown in Figure 5.6

Overall, the period 2001- 2005 saw small improvements in child survival relative to 1993
(Table 5.10, Figure 5.5 and Figure 5.6). The coverage of determinants that deteriorated
between 1993-2000 started to reverse and gradually levelled back to their 1993 levels
followed by improvements (Section 4.6.4 and Table 5.9). Therefore, the counterfactual
U5M trend for most of the determinants overlapped with the observed U5M. For example,
until around 2006, the counterfactual and observed U5M for access to better sanitation,
facility delivery, early breastfeeding, stunting and malaria risk are indistinguishable.

The period between 2006 and 2014 had a steady and steep decline of U5M (Figure 3.4)
and corresponds to increased magnitude of the U5-LS. This was primarily associated with
declining HIV risk 398,206 [357,899-438,512], malaria risk 105,403 [94,385-116,422] and
stunting 52,575 [46,808-58,343], increasing rates of fever treatment-seeking 267,743
[241,083-294,402], access to better sanitation 173,601 [141,096-206,106], maternal
autonomy 129,003 [105,204-152,803], initiation of early breastfeeding for infants 51,363
[38,756-63,970] and health facility deliveries 59,509 [49,182-69,836] (Table 5.10, Figure
5.5 and Figure 5.6).

However, during this period (2006-2014), reductions in the proportion of fully immunized
children and proportion of high parity women relative to 1993 were associated with 17,847
[3,852-21,841] and 392,738 [350,233-435,243] U5-LL
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Figure 5.6: The U5-LL and U5-LS at the national level relative to 1993. The magnitude of each colour represents the U5-LS (above zero-line) or U5-LL (below zero-line)
per 1000 live births if the coverage/prevalence of the determinant relative to 1993 had remained unchanged. For example, lives were lost since HIV prevalence in 19942000 was higher relative to 1993 (below zero-line) while lives were saved since HIV prevalence in 2002-2014 was lower relative to 1993 (above-zero line). Fever
treatment-seeking (FTS) was associated with U5-LS throughout since FTS rates were always higher relative to 1993 while high parity was associated with U5-LL
throughout since high parity was always lower relative to 1993. Note, high parity was associated with decreasing U5M (Table 5.8) and high parity declined relative to
1993 over the 22 years (Appendix 8.3, Figure 8.3).
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5.6.2.4 County level counterfactual U5M

The U5-LS or U5-LL presented at the national level (Section 5.6.2.3) masks county-level
variation. Consequently, Table 5.11 and Figure 5.7 shows U5-LL or U5-LL aggregated
over the 22 years (1993-2014) at county level for the ten key determinants.
Table 5.11: Total number of lives saved (not bold) or lives lost (-bold [1993-2014] per county (ID Figure 1.7). 1993 and 2014 is U5M per1000 live births for the corresponding year. Determinants of
U5M; malaria (1), HIV (2), stunting (3), fully immunized (4), health facility delivery (5), breastfeeding
within one hour of birth (6) access to better sanitation (7), maternal autonomy (8), fever treatmentseeking (9) and high parity (10). The map in Figure 5.7 graphically represents the tabular data.
ID
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

1993
78.4
114.9
130.4
122.6
91.2
82.1
103.9
83.2
78.8
63.6
86.1
52.4
67.6
49.3
100.9
59.8
76.5
43.6
34.9
56.2
47.8
49.9
115.7
76.9
63.2
72.7
64.8
63.0
80.2
73.0
40.0
46.5
63.5
41.5
64.7
52.4
137.5
129.7
115.0
149.8
217.0
184.5
223.1
222.0
108.4

2014
56.6
72.7
79.2
78.7
73.5
56.1
63.5
46.8
32.8
36.7
49.4
58.5
60.6
60.5
64.2
46.5
43.3
60.9
43.6
67.7
61.1
49.1
65.6
39.9
32.9
51.2
37.8
32.4
46.8
48.9
34.3
55.1
39.3
34.2
44.2
42.4
75.8
90.1
66.3
89.1
107.8
86.9
120.1
121.9
53.9

64.9
66.3

47.6
69.5

1
2666
4411
5030
1049
192
1267
1013
618
483
446
356
194
142
940
5652
3808
3587
153
-158
143
129
1801
1935
1691
452
3710
1796
682
1750
796
129
1193
3031
2329
1166
1976
13543
3545
10522
956
5519
4944
13381
10980
5244
1467
9891

2
12330
15324
27753
6859
1812
4175
2270
1872
2046
-245
-237
-1393
-528
-548
-2806
-1380
-1796
1960
1121
1399
2499
4087
10864
6147
2241
10609
8364
3181
9655
6978
2913
17470
9650
5510
7337
7972
54973
18750
38497
28278
2749
2731
3206
5385
2464
1116
21545

3
1698
2855
4193
618
110
436
725
78
-680
320
221
2028
544
860
2620
1632
1754
262
410
884
1406
1779
1048
438
230
493
158
199
-56
560
189
791
540
9
528
296
2402
985
3587
2117
2783
2298
5527
5340
1695
430
4573

4
-1780
-1435
-4426
-363
-41
-237
333
-842
-901
-384
-262
-1366
-499
-449
-3112
-830
-947
-692
-429
-158
-759
-1354
-1944
-1493
-372
-588
-406
-358
-422
-742
-369
-2158
-1362
-774
-509
-892
-3749
-180
-3036
-1778
-5029
-3392
-8377
-7468
-3575
-923
-6088

5
2044
3084
6819
-565
-191
469
-885
-823
-1925
-518
-422
486
69
629
589
1750
654
-76
234
894
337
1389
-441
-817
-468
-225
-255
-267
436
-782
-329
622
605
784
715
951
-26
-537
-21
3685
2176
-1165
2123
2552
3400
1610
2856
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6
-719
5764
12519
1331
345
425
1975
1250
2860
697
453
3715
1250
607
-471
98
354
28
1059
-757
2037
-1930
-406
820
744
-3123
-885
635
2415
1641
716
-1585
-405
896
219
465
-2131
465
-1407
-1938
-6737
1381
-2047
-3607
3219
2464
9170

7
955
2451
-24710
378
-72
1110
2350
2693
2945
1022
322
4303
653
1784
16579
5600
2085
98
133
460
1436
667
-486
-1141
44
3550
3774
2826
7219
-2051
-232
2238
7223
4648
2364
6427
13807
7472
9202
5119
12451
18810
31073
50231
1120
361
4516

8
3077
985
22539
-959
844
-1255
1176
2929
9061
3284
1478
3883
3271
-1249
7217
-1860
2249
2066
578
-1042
1065
442
17827
2688
2237
6795
998
1423
31
3295
1301
3513
-1175
133
-812
-112
-11186
-5512
7480
-3255
-13887
-9284
-10441
-26883
-2234
-1731
11403

9
2474
4854
4281
3138
813
2394
2258
913
758
1395
1388
12390
3779
4115
12090
6147
6739
4716
3427
4738
6856
8503
5818
5778
1595
9007
8931
3589
9265
6878
2762
15478
9836
2883
7866
11506
30701
12655
18903
9980
23527
22570
37600
36574
22371
8483
13247

10
-5512
-1433
-4507
-5260
-2031
-6248
-3910
-1784
-1820
-2207
-1174
-33923
-11332
-14782
-28194
-24656
-15165
-11828
-10517
-12715
-26448
-34348
-8150
-330
-2426
-12751
-9390
-4264
-12564
-7476
-5689
-26674
-13839
-11049
-10344
-11288
-29779
-10540
-29165
-16289
-15162
-16480
-25268
-30968
-25666
-10244
-50056

Figure 5.7: Total number of under-five lives saved (green shades) and lives lost (yellow to brown)
aggregated over 22 years [1993-2014] per county (Table 5.11) if the coverage/prevalence of
determinants relative to 1993 values (baseline) had remained unchanged .
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Across the 22 years (1993-2014), all determinants across all counties were associated
with U5-LS except for a decline in high parity and proportion of children who were fully
immunized which were linked to U5-LL. Additionally, some regions recorded U5-LS or U5LL; northern counties (associated with a reduction in institutional deliveries), eastern
province (the lives lost were more than lives saved associated with changes in HIV
prevalence), north-west counties (decline in access to better sanitation) and western
counties (decline in maternal autonomy and early breastfeeding) (Table 5.11 and Figure
5.7).

There was high spatial heterogeneity in both the U5-LS or U5-LL across the counties.
Counties in northern Kenya had a lower number of U5-LS associated with declining
infection prevalence of malaria and HIV, reduction in stunting among children, increase in
access to better sanitation and fever treatment-seeking rates relative to other parts of
Kenya. Further in these counties, U5-LL were associated with a decline in health facility
deliveries and a decline in access to better sanitation in the north-west. On the other
hand, this region had a higher number of U5-LS relative to other parts of Kenya
associated with an increase in maternal autonomy and early initiation of breastfeeding for
infants (Table 5.11 and Figure 5.7).

The counties across western Kenya witnessed a larger proportion of U5-LS associated
with increasing fever-treatment seeking rates, health facility deliveries, access to better
sanitation and reduction in infection prevalence of malaria and HIV. Conversely, this
region also witnessed U5-LL associated with a reduction in maternal autonomy and a
decline in the proportion of infants whose breastfeeding was initiated within the first hour
of birth (Table 5.11 and Figure 5.7).

Relative to the western region, the counties in south-east Kenya adjacent to the Indian
ocean had almost a similar number of U5-LS associated with a decline in malaria and HIV
prevalence, reduction in stunting prevalence, increase in institutional deliveries and fever
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treatment-seeking rates. However, the region had counties with U5-LS and others with
U5-LL associated with changes in maternal autonomy and initiation of early breastfeeding
for infants (Table 5.11 and Figure 5.7). The counties in central parts of Kenya were almost
entirely associated with moderate values of U5-LS when compared to western/south-east
and northern parts of the country (Table 5.11 and Figure 5.7).

Declining high parity and the reduction of the proportion of children who were fully
immunized were associated with lives lost in all counties with considerable spatial
variation (except in Garissa county). Counties in the western, central and southern parts
of Kenya experienced more U5-LL associated with declining high parity compared to
northern counties. The counties in the western and north-west part of Kenya had slightly
more U5-LL compared to other counties associated with the declining proportion of
children who were fully immunized (Table 5.11 and Figure 5.7).

The aggregated values across the study period (1993-2014) presented in Table 5.11 and
Figure 5.7 are important for describing the overall role of each determinant in each county.
However, they mask the temporal variations and spatial variations across the 22 years
because U5M and the determinants of child survival were not only variable across space
but also over time.

Consequently, the number of U5-LS or the U5-LL are further disaggregated by presenting
values for each determinant for each of the 47 counties year between 1993 and 2014. To
demonstrate and highlight the variability among counties over the years, three
determinants are presented in the current section while the others are presented in
Appendix 8.6. The presentation for three determinants shows U5-LS and U5-LL
associated with changes in the HIV infection prevalence (Figure 5.8), access to better
sanitation (Figure 5.9) and fever treatment-seeking (Figure 5.10). The other eight
determinants are presented in Appendix 8.6 from Figure 8.18 through to Figure 8.25.
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Figure 5.8: Total number of lives saved (green shades) and lives lost (yellow to brown) per year
[1994-2014] per county (Table 5.12) associated with changes in HIV infection prevalence relative to
1993 values (baseline)
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Between 1994 and 1997, all counties recorded U5-LL ranging between 0 to ≥15,000 per
county per year associated with an increase in HIV infection prevalence relative to 1993
(Figure 5.8). Western and parts of central regions recorded most of the U5-LL. By 2006,
there was a reversal in the trends and HIV prevalence recorded lower values compared to
the baseline values (1993) hence U5-LS. Overall, each year after 2006, the counties in
western and south-east Kenya had the highest number of U5-LS while counties in
southern and north-west Kenya had moderate U5-LS. The counties in north-east and
central parts of Kenya had the least number of U5-LS (Figure 5.8).

Between 1994 and 2006, almost every county in northern and south-east Kenya recorded
U5-LL ranging between 0 and 350 while those in western, central and southern each had
at least 800 U5-DA associated with changes in access to better sanitation relative to 1993
(Figure 5.9). After 2008, all counties recorded U5-LS except Kilifi, Laikipia and Baringo
with U5-LL. Majority of the counties recorded ≤800 U5-LS annually except western Kenya
that recorded between 800 and over 4000 U5-LS (Figure 5.9).All counties except
Mandera, Wajir, Kwale and Kilifi witnessed U5-LS associated with increasing fever
treatment-seeking rates relative to 1993. The U5-LS ranged between ≤400 to ≥4000 each
year with the 1994-2004 period recording a lower number of U5-LS compared to post
2004. U5-LS in the western and north-west counties were always higher than U5-LS in the
rest of the country (Figure 5.10).

Overall, the U5-LS or U5-LL associated with the changes in coverage and/or prevalence
of the rest determinants relative to 1993 were highly variable in time and space (Appendix
8.6). Largely, before 2004, U5-LL were observed ubiquitously while after 2006 there were
increasing U5-LS. After 2006, western and south-east parts recorded more U5-LS
compared to other counties which were associated with a reduction in malaria risk,
increase in facility deliveries and a reduction in stunting. Reduction in high parity and fully
immunized children was associated with increasing U5-LL over the 22 years with western
and partly central Kenya more disadvantaged except for a few random counties.
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Figure 5.9: Total number of lives saved (green shades) and lives lost (yellow to brown) per year
[1994-2014] per county (Table 5.12) associated with changes in access to better sanitation relative
to 1993 values (baseline)

205

Figure 5.10: Total number of lives saved (green shades) and lives lost (yellow to brown) per year
[1994-2014] per county (Table 5.12) associated with changes in fever treatment-seeking behaviour
relative to 1993 values (baseline)
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Appendix 8.7 facilitates a comparison of the annual U5-LS and U5-LL across 22 years for
the ten determinants in each county by layering them in a bar graph. To demonstrate the
comparison, four counties are presented in the current section (Figure 5.13). The four
counties represent historically diverse regions with variable U5M (Figure 5.11 and Figure
5.12), socio-economic, demographic, ecological and epidemiological characteristics
(Chapter 3 and Chapter 4). The counties include Homa Bay (western, adjacent to Lake
Victoria), Kilifi (south-east along Indian ocean), Wajir (Northern) and Kirinyaga (Central).

Figure 5.11 shows, U5M for the selected counties while the differences in U5M between
each year relative to 1993 is shown in Figure 5.12 based on findings of Chapter 3. In
summary, in the four counties, the percentage reduction in U5M in was moderate varying
between 46% and 39% (Homa Bay [46%], Kilifi [39%] and Wajir [44%], however,
Kirinyaga recorded a percentage increase of 20%. While the percentage reductions were
similar, the absolute changes were highly heterogeneous. Homa Bay county had a
reduction of 103.0 deaths per 1000 live births, Kilifi’s reduction was half [51.3 per 100 live
births] that of Homa Bay, while Wajir [36.5 per 1000 live births] had a moderate reduction.
The increase in Kirinyaga county was 11.5 per 1000 live births.
Figure 5.11. U5M variation in four selected counties in different regions of Kenya between 1993
and 2014. Values are based on Chapter 3, Figure 3.5 and Appendix 8.1.

207

Figure 5.12: Annual absolute differences in U5M deaths per 1000 live births relative to 1993. A positive difference means U5M was higher in 1993 (thus a reduction in
U5M - Figure 5.11) while a negative difference means U5M was lower in 1993 (thus an increase in U5M - Figure 5.11) for the four selected counties.
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The comparison in the U5-LL or U5-LL associated with the changes in the ten key
determinants in the four selected broad regions are shown in Figure 5.13. The height of
the bar graphs (Figure 5.13) showing the magnitude of the U5-LS (above zero line) or U5LL (below zero line) corresponds to annual absolute differences (Figure 5.12). Hence,
shorter height for Wajir and Kirinyaga and longer heights for Kilifi and Homa Bay counties.

This analysis demonstrates that the four figures are very diverse in terms of U5-LS or U5LL for each determinant (height of each colour in the bar graphs). There is a huge
variation in the determinants that are below the zero-line (meaning U5-LL) and above
zero-line (meaning U5-LS). Further, there is heterogeneity across the years, that’s at what
point does the trend of each determinant change from a negative association (U5-LL) to a
positive association (U5-LS) relative to 1993 baseline (Figure 5.13).

For example, in Kilifi county, reduction in access to better sanitation was associated with
U5-LL while a reduction in the infection prevalence of HIV and malaria and increase in
maternal autonomy, institutional deliveries and initiation of early breastfeeding were
associated with U5-LL with conspicuous changes seen after 2006. On the other hand, U5LS in Wajir county were associated with improvement in access to better sanitation,
maternal autonomy and initiation of early breastfeeding only (Figure 5.13).

Kirinyaga county experienced an overall increase in absolute U5M. Reduction in high
parity was associated with a large proportion of U5-LL throughout the 22 years which
masked the roles played by increasing treatment-seeking rates and reduction in HIV
prevalence. Unlike Kirinyaga county, Homa Bay county experienced a huge reduction in
U5M. The smaller number of U5-LS before 2000 can be associated mainly with the
increasing HIV prevalence and diminished maternal autonomy. The huge number of U5LS post-2006 was associated with declining HIV and malaria prevalence, increasing
coverage of access to better sanitation, facility deliveries and fever treatment-seeking
rates. Like in other regions, declining high parity was associated with U5-LL (Figure 5.13).
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Figure 5.13: Comparison of U5-LS and U5-LL associated with changes in the coverage and /or prevalence of determinants of U5M relative to 1993 in select counties.
All the counties in are presented in Appendix 8.7 while the interpretation of the graphs is detailed in Figure 5.5
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5.7 Discussion

Chapter 5 evaluates the role of changes (relative to 1993) in the coverage or prevalence
of determinants of child survival on U5M variation over 22 years. Ten key determinants
were selected (Section 5.4) and included in a Bayesian ecological space-time mixedeffects regression model to generate regression coefficients. The coefficients were in turn
used in a counterfactual analysis to estimate under-five lives saved or lives lost both at the
national and county levels (Sections 5.4 and 5.5).

The analysis extends previous efforts evaluating the role of the determinants on child
survival in Kenya [Wafula et al., 2012; Opiyo & Sawhney, 2014; Demombynes &
Trommlerová, 2016; Keats et al., 2017, 2018b; Achoki et al., 2018; Hategeka et al., 2019]
(Table 5.1). The current analysis incorporates more data and determinants that cover the
continuum of child survival. The estimates are provided at subnational units of decision
making (counties) over two decades at a higher temporal granularity (annual). Previous
efforts have relied on determinants referring to the time of survey and U5M that refers to a
retrospective period (e.g. five years) thus not temporally matching determinants and U5M.

Nationally, the phase of U5M stagnation and reversal (1993 to 2000) was associated with
increasing HIV infection prevalence and reduced maternal autonomy (Section 5.6.2.3).
The phase of sustained U5M decline (2006-2014) saw a high number of U5-LS
associated with the decline in the infection prevalence of HIV and malaria and increase in
access to better sanitation, treatment-seeking and maternal autonomy. A decline in the
prevalence of stunting, progress in the initiation of early breastfeeding and institutional
deliveries was associated with a moderate U5-LS. Overall, declining high parity and
reduction in the proportion of children who were fully immunized was associated with U5LL hence the slower decline in U5M over the MDG period (Section 5.6.2.3).
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The overriding role of HIV risk on U5M has been previously observed in Kenya [Adetunji,
2000; Hill et al., 2001; Wafula et al., 2012; Opiyo & Sawhney, 2014; Keats et al., 2017].
The increase in U5-LS associated with the decline in HIV risk coincided with efforts to
reduce HIV infection which have been linked with child survival [Keats et al., 2017]. After
2000, PMTCT and paediatric HIV programs, ARVs uptake, testing and behavioural
change campaigns increased steadily [Marum et al., 2006, 2008; Grabbe et al., 2010;
Lupia & Chien, 2012; Kohler et al., 2014; NASCOP, 2014; Barnhart et al., 2019].

The decline in malaria risk hence an increase in the U5-LS was conspicuous after 2003.
The increase in the coverage of malaria control interventions proxied by malaria risk in the
current analysis (Section 5.4.1) has been linked to U5-LS post-2003 [Keats et al., 2017].
Subsidized ITNs were distributed through MCH clinics from 2004 and offered free of
charge through mass campaigns and routine delivery from 2006. AL replaced drugresistant SP as first-line treatment of uncomplicated malaria in 2006 while IRS has been
conducted some endemic counties [Shretta et al., 2000; Amin et al., 2007; Noor et al.,
2007; GoK MoH, 2016a]. The decline in malaria risk witnessed before ITNs distribution
and changes in drug regime can be linked to the wide spread availability of SP and its
long half-life providing prophylaxis after single-dose administration [Snow et al., 2015].

Sanitation, early breasting, stunting and parity have been previously associated with U5M
in Kenya [Fink et al., 2011; Wafula et al., 2012; Opiyo & Sawhney, 2014; Keats et al.,
2017, 2018b; Achoki et al., 2018]. Improved sanitation lowers the risk of diarrhoea
morbidity by 25% and averts diarrheal diseases which cause 19% of U5M in LMICs
[Anker & Knowles, 1980; Boschi-Pinto et al., 2008; Wolf et al., 2018]. Initiating
breastfeeding within the first hour of birth reduces the risk of neonatal deaths by 33%
through benefits, e.g. improved nutritional and immunological status [Edmond et al., 2006,
2016; Smith et al., 2017]. BFHI (in 1994) and BFCI (in 2010) were introduced to promote
breastfeeding at the hospital and community level (including complementary feeding and
maternal nutrition) respectively in Kenya [Maingi et al., 2018; Kavle et al., 2019].
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Malnutrition continues to be a public health concern for Kenya with a small and slow
decline in stunting over time [Kabubo-Mariara et al., 2009; Gewa & Yandell, 2012; Masibo
& Makoka, 2012; Matanda et al., 2014]. Lives saved can be associated partly with
breastfeeding, food fortification, micronutrients, nutritional campaigns, school and
community level initiatives detailed in Section1.12.6. However, the number of children
receiving minimum acceptable diet was low and declined between 2003 and 2014
[Whaley et al., 2003; Stephenson et al., 2010; Kamau et al., 2012; Matanda et al., 2016].

Febrile illness is associated with childhood illnesses such as malaria, respiratory tract
infections and diarrhoeal diseases [WHO, 1997; D’Acremont et al., 2014]. Hence, fever
treatment-seeking patterns provide insights on how the community seeks care broadly for
childhood illnesses [Alegana et al., 2018]. Increase in treatment-seeking rates coincided
with initiatives to improve healthcare utilization such as partial abolishment of user fees
(2004), HSSF fund (2010) and free services at government outpatient facilities (2013).
Childhood vaccines (detailed in Section1.12.6 ) not considered in the current analysis
(Yellow fever, Hib, pneumococcal conjugate, measles second dose and rotavirus)
available at the health facilities may have been associated with U5-LS.

The health voucher program for maternity services (2006 -2016) for the economically
disadvantaged women, the abolishment of delivery fees (2007) and free maternity
services (2013) may have led to increased facility delivery hence more U5-LS after 2008
[Janisch et al., 2010; Abuya et al., 2012; Barasa et al., 2018a; Dennis et al., 2018, 2019,
2020; Gitobu et al., 2018]. Child immunizations have been offered free of charge and their
coverage has been high over time. The small reduction in the proportion of children fully
immunized observed could be due to children who did not receive timely immunization or
dropped out before completing their immunization schedule [Calhoun et al., 2014; Gibson
et al., 2015; Haji et al., 2016]. Demand and supply challenges such as spatial access,
health workforce, stockouts, cost of transportation and cold chain could also have
hampered vaccination uptake [GoK MoH, 2010b; Calhoun et al., 2014]
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Maternal autonomy is context-specific due to differences in culture and community norms
and may explain why its effect was more volatile over time in the current study (Figure
5.5). It was associated with improvements in child survival since women influence both
their health and that of their children through better nutrition, utilization of healthcare
services, contraceptive use, low fertility, longer birth interval, invest and prioritize on basic
food and health care of their children above other needs [Dyson & Moore, 1983; Bloom et
al., 2001; Brunson et al., 2009; Fotso et al., 2009; Adhikari & Podhisita, 2010; Mahapatro,
2012; Upadhyay et al., 2014; Carlson et al., 2015; Tiruneh et al., 2017].

High parity is usually associated with high U5M due to high physical and caloric demands
for repeated pregnancy, an inferior nutritional status due to lesser parental investment and
competition of resources between siblings [Hobcraft et al., 1983; Sonneveldt et al., 2013].
However, high parity was associated with lower U5M in the current analysis; findings
which have been observed across different settings with possible hypothesis postulated
[Jensen & Ahlburg, 2002; Kravdal & Kodzi, 2011; Kozuki et al., 2013; Lundborg et al.,
2013; Peters et al., 2014]. For example, learning effect, where mothers learn from
experiences of their first child, thus as high parity increases, mothers have a better
chance of taking care of their children thus survival. This is in addition to reverse causality,
sibling effect and hygiene hypothesises [Jensen & Ahlburg, 2002; Kravdal & Kodzi, 2011;
Lundborg et al., 2013; Peters et al., 2014]. Further, there is a possibility of residual
confounding due to unobserved factors which may explain the observed association
[Kozuki et al., 2013]. However, I am are unsure of the pathways through which high parity
acted in the Kenyan context and warrants further investigations.

Majority of the determinants included in the final model of the current study were also
statistically significant in other studies as discussed. Any differences observed are likely
due to the methods employed and determinants included. For example, the current
analysis includes HIV infection prevalence, malaria parasite prevalence, maternal
autonomy, child malnutrition and environmental factors which were not included by Keats
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et al., (2018). Therefore, there would be expected differences in the final set of
determinants selected in both analyses as observed [Keats et al., 2018b].

The foregoing discussion has focused on each determinant and the local initiatives
associated with the progress at the national level. This is important for the national
government, international donor and humanitarian agencies for comparison, planning and
prioritization. However, the policymakers in a devolved governance structure would
require such information disaggregated at units of decision making (county).

The number of U5-LS or U5-LL were spatially and temporally heterogeneous. This has
important consequences on planning and prioritization as its shows which determinants
were associated with the declines in child mortality and those associated with huge and
smaller declines including those that were associated with stagnation. More importantly,
the results are presented by county identifying where the U5-LS and U5-LL were
witnessed and discriminate between the years when the gains or stagnation occurred and
insights into which determinants were associated with a high number of U5-LS or U5-LL.
Hence, to reduce U5M inequities, achieve health equity and increase the likelihood of
achieving health-related SDGs, there is need to focus on the determinants with huge
influence and the marginalized counties.

In western Kenya, reduction in the prevalence of HIV and malaria, increase in treatmentseeking rates, institutional deliveries, access to better sanitation and reduction in stunting
were associated with a high number of U5-LS. Pre-2004, these determinants had low
coverage and were linked to high U5M in the mid-1990s to early 2000 as previously
identified [Burton et al., 2011; Hamel et al., 2011; O’Meara et al., 2014; Dennis et al.,
2020]. Conversely, declining immunization coverage, early breastfeeding, maternal
autonomy and high parity overall were associated with U5-LL. Therefore, to sustain the
gains and achieve further reductions made in this region, the county governments should
explore ways of increasing the coverage and reducing infection prevalence of the
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determinants associated with a higher number of U5-LS and U5-LL. This should be
implemented to complement child health programmes and initiatives currently domiciled in
the respective counties. Considerable efforts have been directed towards reduction of
malaria parasite prevalence and HIV infection prevalence through increasing coverage of
malaria control interventions [Desai et al., 2014; Zhou et al., 2016; Macharia et al., 2017]
and HIV interventions [Moth et al., 2005; Reece et al., 2010; Kohler et al., 2014; Ndege et
al., 2016; Borgdorff et al., 2018] respectively.

Similar findings were observed in the coastal area [Okiro et al., 2007; Bejon et al., 2008;
O’Meara et al., 2008; Snow et al., 2015; Njuguna et al., 2019] except for early initiation of
breastfeeding that was associated with U5-LL in western Kenya and U5-LS in the coastal
region. Thus, further declines can be achieved by increasing the coverage of interventions
and reducing HIV and malaria prevalence. Historically, central Kenya has enjoyed low HIV
[NACC, 2018] and malaria risk [Macharia et al., 2018], high agricultural productivity hence
low U5M compared to other areas [Blacker et al., 1987]. The reversal was partly
associated with the decline in high parity and the number of children who were fully
immunized. Further, some determinants were fragile and oscillated between U5-LS and
U5-LL over time, e.g. early breastfeeding. It is, therefore, logical to focus on adherence to
the initiation of early breastfeeding and reducing vaccination dropouts and ensuring timely
vaccination.

Despite the initiation of early breastfeeding, stunting, access to better sanitation and fever
treatment-seeking being associated with U5-LS in northern Kenya, the U5-LS were low
compared to western and coastal Kenya. Further, reduction in health facility deliveries and
coverage of fully immunized children were associated with U5-LL. The region is affected
by drought, aridity, water stress and malnutrition with nomadic and semi-nomadic
lifestyles [Nkedianye et al., 2011; Opiyo et al., 2015; Bauer & Mburu, 2017]. It is
historically marginalized, remote with poor access to healthcare and infrastructure [Noor
et al., 2009; Opiyo et al., 2015; Frings et al., 2018; Keats et al., 2018a; Achoki et al.,
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2018]. Therefore, addressing access related issues, nutritional programmes and access to
improved water will accelerate further reductions in U5M in this region.

To make sure no one is left behind and those farthest behind are reached first, the
national government can prioritize counties with high U5M and suboptimal coverage which
when addressed can improve child survival. For example, increasing access to healthcare
in northern Kenya will likely be associated with improved coverage of immunization,
institutional deliveries and treatment-seeking. The counties can localize and tailor the
disbursed funds to the unique context of the respective county to achieve maximum gains.

Finally, despite the statistical models showing that ten determinants explained most of the
variation in U5M (1993-2014), it does not imply that the excluded determinants were not
important in improving child survival. Different local settings present unique ways on how
these determinants interact, co-exist within an ecosystem and their relationship with child
survival. Therefore, continued efforts to achieve higher coverage and lower disease risk
should be maintained across all the determinants.

5.8 Limitations

As with all uses of secondary data and modelling, there are intrinsic limitations, some of
which have been reported in Sections and 3.6 and 4.8. In addition to these caveats, the
analysis period could not be matched to 1965 to 2015 because the determinants are not
retrospective in nature as was the case for birth histories (Section 1.3). Access to an
intervention does not imply use in a consistent manner. For example, households with
access to better sanitation may not always use it consistently [Akachi et al., 2018]. Hence,
the U5-LS in the current analysis presents the most optimistic scenario.

There are determinants other than those used in the current analysis that are potentially
associated with U5M (Section 4.8). Therefore, an assumption was made that the
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relationship of U5M and macro level factors [Keats et al., 2018b] were already reflected in
the coverage of the determinants under consideration. However, this did not allow for the
short temporal role of civil unrest and droughts which are lost in long-term averaging of
data.

The statistical inferences were made at an aggregate level (county), therefore due to
ecological fallacy [Wakefield & Shaddick, 2006] (Section 2.4), the relationships estimated
between the determinants and U5M at the county level may not hold if individual-level
data is used. The population denominators that were used to calculate the number of U5LS and U5-LL were based on projections of the census which would have introduced
errors and biases.

Grounded on the fact that i) the determinants considered in the current analysis have
been shown to affect U5M across the literature (Section1.6, Table 1.3) and ii) the
application of a robust hypothetical counterfactual framework which is applied widely
[Murray et al., 2003; Gakidou et al., 2010; Makela et al., 2013; Verguet et al., 2016; Ng et
al., 2017]; it can be presumed that over the 22 years and across counties, the ten
determinants were the main factors associated with U5M variation, U5-LL and U5-LS in
Kenya.

However, there are two important limitations worth noting that could potentially influence
the relationships computed. If a hypothetical counterfactual was to be implemented in
reality, it might trigger changes in the other factors in the causal web that otherwise
remain unknown since the counterfactual will never be implemented [Murray et al., 2003].
Therefore, there is no true counterfactual, hence, cause and effect cannot be conclusively
inferred using this approach [Yé et al., 2017]. Further, part of the observed association
may be due to unmeasured confounding or non-measured variables in the causal web
[Kulhánová et al., 2014].

218

5.9 Conclusions

During the MDG period, Kenya experienced periods of increasing and decreasing U5M
which was highly variable between counties and over the two decades. The levels, trends
and changes in the coverage and prevalence of the determinants exhibited similar
patterns. The final statistical model suggested that ten determinants were significantly
associated with the variation in child survival during the 1993-2014 period. Changes in the
coverage or prevalence of the determinants relative to 1993 values were associated with
either U5-LS or U5-LL which were uneven in time with huge variances between counties.
The findings have improved our understanding of what determinants were associated with
variation in U5M in different counties over time to inform targeting and planning by
decision-makers so that the gains made can be sustained and further, accelerate the
declines. The results will shape programmatic thinking, policy and future analysis in the
devolved Kenyan government in the SDG era.

However, there were determinants whose association with U5M was not statistically
significant in this analysis. This could be associated with the limitations of household
sample survey data, data collection approaches, inadequate sample size, unmeasured
confounding or non-measured variables and analysing the data at an aggregate level
(Section 2.4.2). Therefore, better data at sub-national level will be useful in elucidating
such relationships in future analyses (Section 6.5). Further, from the set of determinants
considered, some of the determinants did not vary substantially across the 22 years
nationally (Table 4.7) and across counties (Appendix 8.4) or were highly corelated with
other determinants in the model.
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6 Chapter 6: Conclusion
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6.1 Synthesis

U5M is a key barometer of child health, health system and a nation’s development, thus
it forms the basis of planning health strategies and interventions [Hill et al., 2012; Yaya
et al., 2017] (Section 1.2). Therefore, reducing U5M has been a fundamental health
development goal which has been tracked for decades (Section 1.2, Table 1.1). Further,
policymakers are interested in understanding the determinants that are associated with
U5M declines in order to prioritize resources and accelerate reductions in U5M (Section
1.6).

Tracking U5M and its determinants at global, regional or country-levels obscure
significant variations within a country; the highest burdens are likely to be concentrated
in a few sub-national areas. Improving our understanding of the variation in U5M and its
determinants at subnational units of decision-making will facilitate targeting and
prioritizing of interventions and reduce inequities by intervening on the most
marginalized areas [Arku et al., 2016; Marmot & Bell, 2017]. Consequently, there have
been efforts towards an improved understanding of the variation of U5M and its
determinants at sub national level over time in Kenya.

Following a review of previous modelled subnational estimates (Sections 1.11 and
1.12.4), improvements that were identified included; 1) Incorporate all the available data
to increase the sample size for stable sub national estimates; 2) align the unit of analysis
with the decision-making units for policy relevance; 3) adopt a fine (annual) temporal
resolution to unmask temporal heterogeneity; 4) exclude covariates to reduce circularity
when assessing the contribution of determinants to U5M; and 5) match the determinants
and U5M to identical time points since previous analyses have used retrospective U5M
while determinants refer to the time of the survey.
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The thesis hypothesised that there are non-random spatial and temporal variations in
U5M by county between 1965 and 2015 and that these variations are associated with
the underlying determinants of child survival in Kenya. This led to three research
questions; How do levels and trends in all-cause U5M rates vary by county between
1965 and 2015? 2) how have the determinants of child survival varied between 1993
and 2014 at the county level and 3) what factors explain the spatial and temporal
variability of U5M, including their relative roles to variations in U5M between 1993 and
2014?

The thesis therefore aimed, for the first time to synthesize U5M, its key determinants
and their association to child survival at the county level across several decades within a
robust data-driven geospatial framework in Kenya.

6.2 Main methods and findings

6.2.1 Chapter 3: Modelling U5M
All the sample household surveys and population censuses with either CBH, SBH or
both and conducted between 1989 and 2015 were assembled. The birth histories were
spatially aligned to the corresponding county after reviewing changes in district
boundaries over time through survey reports, maps and related literature. Five
demographic techniques (one direct, two cohort and two period methods) that
harnessed all the unique characteristics of the birth histories were then employed to
estimate U5M by county and survey. The resulting trends were smoothed using a spatiotemporal GPR that accounted for the variation in sample size, methods and survey while
borrowing the strength of information across space and time. The generated levels and
trends of U5M were used to explore U5M variations, inequities and progress towards
achieving international and local milestones on reducing U5M between 1965 and 2015.
The exploration was conducted both at the national and county levels.
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Across the five decades, U5M reduced by 62% from 141·7 (121·6-164·0) in 1965 to
54·5 (44·6-65·5) deaths per 1,000 live births in 2013. One in seven children died before
the age of five in1965 compared to one in 19 children not seeing their fifth birthday in
2013. However, the changes were uneven, U5M declined from 1970 to 1988 and from
2000 to 2013 while plateauing and reversing during the 1990s.

U5M transitions were not equal between counties and over time; between 1965 and
2013, all counties recorded reductions ranging between 20% and 80%. Counties with
the highest levels of U5M at baseline had higher reductions compared to counties with
lower baseline values. Counties around the Coast, Lake Turkana and Lake Victoria had
the highest U5M while central Kenya had the lowest values over time. During the 19932014 period (when both U5M and its determinants were available), 39 counties recorded
a decline while nine had increasing U5M rates. The percentage reductions ranged
between 1.6% and 58.3% while the increase ranged between 4.8% and 39.5%.

There was a substantial reduction in temporal (1965 - 2013) and geographic (between
the 47 counties) inequities. The difference between the highest and lowest U5M rates
was 215.1 in 1965 decreasing to 89.1 deaths per 1000 live births in 2013. In 1965, a
child born in the western Kenya was five times likely to die before age five compared to
a child born in central Kenya. By 2013, the disparity had reduced to 3·8 times. However,
despite the reductions in the spatial and temporal inequities, child survival has remained
unacceptably high in Kenya.

Kenya did not achieve the WSC and MDG4 goals by 2000 and 2015 respectively at the
national level. However, some counties achieved some of the targets further highlighting
the value of subnational evaluations. By 2000, 24 counties had achieved WSC Goal 1
while two counties had achieved WSC Goal 2. However, no county achieved MDG 4 by
2015. In addition to the international targets, eleven counties had met their local
reduction targets based on projections to 2015.
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6.2.2

Chapter 4: Modelling determinants of U5M

All household surveys or population censuses with at least one determinant of U5M
conducted between 1989 and 2015 were assembled and linked to the corresponding
county boundary. A total of 43 determinants were defined and their coverage/prevalence
estimated by survey and county between 1993 and 2014. A spatio-temporal GPR was
used to smooth annual trends between 1993 and 2014 for 39 determinants while
accounting for inadequate sample size and harnessing spatio-temporal relatedness.
Malaria risk was modelled via an MBG approach, HIV prevalence data was obtained
NACC Kenya while environmental variables were available from online portals.

To appraise the overall coverage and health system strength, two CCIs were computed.
Boerma’s CCI and a modified CCI to account for Kenya’s health and epidemiological
context [Boerma et al., 2008, 2014]. The modified CCI contained three subdomains to
better capture specific areas that would be of interest to policymakers; maternal
interventions CCI (MI-CCI), ii) child interventions CCI (CI-CCI) and iii) socio-economic
and maternal autonomy CCI (SES-CCI). The estimated coverage/prevalence and
composite indices were used to explore levels, trends, overall health coverage,
inequities and the progress towards meeting milestones related to child health.

At the national level, there was moderate improvement (26%) in the overall health
intervention coverage between 1993 and 2014 as revealed by the modified CCI. The
gains were heterogeneous. Maternal interventions had the least coverage, SES-CCI had
the highest coverage while CI-CCI was more erratic over time. Despite the progress, by
2014, at least 42% of children and women were not covered by the essential maternal
and child interventions. Nationally, the percentage change (1993-204) in the coverage or
prevalence of individual determinants ranged between 1% and 898%; determinants with
high coverage in 1993 had a smaller percentage change relative to those with a low
coverage in 1993.
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At the national level, child development goals had been achieved for wasting, continued
breastfeeding BCG and Polio3 vaccines by 2014. Goals for exclusive breastfeeding
(2030) and ITN use among children (2017) were likely to be achieved by their target
year if the current ARR had been sustained or enhanced. The acceleration needed to
achieve the targets for the other the determinants ranged between times 1.2 to times
94.7 with underweight, LBW and fully immunization requiring the largest acceleration.

At county level, the intervention coverage was lower and infection prevalence higher for
all the determinants in 1993 compared to 2014. The estimates were more variable
between determinants compared to variability between counties for the same
determinant. There were clusters of counties with colocation of disadvantage, e.g. HIV
and malaria infection prevalence in western Kenya and poor coverage of interventions
and healthcare utilization in northern Kenya. Exceptions to considerable improvement by
2014 included the use of contraceptives, access to improved sanitation, antimalarial use
and IPTp 2. In Samburu, Garissa, Wajir, Mandera, Marsabit, Turkana, Trans Nzoia,
West Pokot, Lamu and Vihiga counties there was a notable increase in the proportion of
poor households, reduction in access to safe water, ANC4, TT2 and use of antimalarials.

There were major variances and inequities over time with overall coverage (modified
CCI) between counties ranging between 23% and 72%. The improvement in the overall
CCI between 1993 and 2014 for each county ranged between 46% and 14%. There
were four distinct geographical patterns in Kenya; ranging from >55% (best) to <35%
CCI (worst), they include central/western, southern, northern and north-eastern. The
counties in the northern and north-eastern Kenya were worse off while those in Central
were better over time. The best performing counties during 2010-2014 were Nairobi,
Nyeri, Kiambu, Mombasa, Kirinyaga, Nyandarua, Embu, Meru Murang'a and Tharaka
Nithi all located in central Kenya (except Mombasa) while the marginalized were Wajir,
Mandera, Turkana, West Pokot, Tana River, Samburu, Marsabit, Narok and Garissa
geographically located in the northern parts of Kenya.
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6.2.3 Chapter 5: Contribution of changes in determinants to U5M
variation
The results of Chapter 3 and 4 were used to assess the role of the key determinants of
U5M on child survival relative to levels defined for 1993 over 22 years. The key
determinants were selected through a combination of pragmatic approaches and the
elastic net regression that combines both the lasso and ridge regression to subset the
determinants most strongly associated with U5M. The selected determinants were used
within an ecological Bayesian spatio-temporal mixed effect model to generate regression
coefficients. The generated coefficients were used within a counterfactual framework to
estimate what the annual U5M would have been recorded assuming the coverage
and/or prevalence of determinants had remained unchanged between 1993 and 2014
(counterfactual U5M). The difference between observed and counterfactual U5M was
combined with population estimates to quantify under-fives lives saved, or lives lost.

The parsimonious model contained ten key determinants of child survival that were
associated with U5M between1993 and 2014. They included infection prevalence of
malaria and HIV, malnutrition (stunting), the coverage of fully immunized children,
access to better sanitation across households, health facility deliveries, initiation of early
breastfeeding, fever treatment-seeking rates, maternal autonomy and high parity.

Nationally, U5M stagnation (1993 to 2000) was associated with increasing HIV infection
prevalence and reduced maternal autonomy while the sustained improvements (20062014) were associated with decline in the infection prevalence of HIV and malaria,
increase in access to better sanitation, treatment-seeking and maternal autonomy. The
decline in the number of stunted children, improvements in the initiation of early
breastfeeding for infants and institutional deliveries were associated with moderate gains
made after 2006. Overall, declining high parity and fully immunized children were
associated with slowing U5M decline. Most of the under-five lives saved occurred after
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2006 corresponding to a period when there were intensified efforts to improve child
survival in Kenya.

The number of under-five lives saved or live lost varied spatially and temporally. The
highest number of lives saved was recorded in western Kenya, coastal and northern
Kenya recorded a moderate number of lives saved while central Kenya had the lowest
number of lives saved. In western and south-east Kenya, reduction in the infection
prevalence of HIV and malaria, increase in treatment-seeking rates, institutional
deliveries, access to better sanitation and reduction stunted children were associated
with a high number of U5-LS after 2006. However, poor coverage and high prevalence
of these indicators were associated with U5-LL before 2004. Overall, declining
immunization coverage, initiation of early breastfeeding for infants, maternal autonomy
and high parity were associated with deteriorating child survival in this region relative to
1993.

In the vast, low population density region of northern Kenya, reduction in the prevalence
of stunting, initiation of early breastfeeding, improved access to better sanitation and
fever treatment-seeking were associated with under-five lives lost. However, the
proportion of deaths that would have occurred associated with the small improvement in
their coverage, in this region was relatively small compared to western and coastal
areas. Further reduction in health facility deliveries and coverage of fully immunized
children were associated to the slow progress of child survival in this region. Finally, in
central Kenya, the reversal observed was associated with the decline in high parity,
reduction in the number of children who were fully immunized and the fluctuation
(increase and decrease in coverage) of some determinants such as early breastfeeding
relative to the 1993 values
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6.3 Thesis Contributions

The analytical framework developed to quantify U5M accounted for the variation
between surveys, sample size, demographic methods, and spatio-temporal relatedness
an approach that has not been implemented before. This was in addition to making use
of novel demographic techniques that harnessed all properties of the birth histories.
The estimates are arguably more stable than the estimates from previous attempts to
quantify U5M and its determinants subnationally in Kenya over time. More surveys were
included through a comprehensive data assembly, higher temporal granularity (annual),
an extended analysis period (49 years for U5M and 22 for the determinants), an
improvement from the previous estimates. The studies being conducted more recently
have started incorporating all the data available in Kenya and generating annual
estimates instead of, course, temporal estimates [Burstein et al., 2019].

This is the first effort to provide consistent estimates for a wide range of determinants of
child survival using a comprehensively assembled database of household sample
surveys and population census at county level over a period of more than two decades
in Kenya using a single harmonized framework. Also, for the first time, progress towards
meeting child development goals set globally and locally was assessed for each of the
47 counties, a shift from the routine assessment at the national level or more recently at
the provincial level which masks heterogeneities [Li et al., 2019b].

The role of key determinants of child survival relative to baseline values (1993) was
evaluated for two decades at national and county level based on a reconstructed spacetime data cube. This improves our understanding of the determinants associated with
changes in U5M and extends previous attempts. The analytical framework for geospatial
modelling of U5M and its determinants including the counterfactual framework
quantifying the deaths that would have occurred if the coverage and prevalence of the
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determinants did not change could easily be applied to update estimates in Kenya and
LMICs settings.

6.4 Implications for Policy

The current work generates new and relevant insights that have important implications
on the existing efforts to improve child survival in the 47 counties of Kenya under the
decentralized governance structure (Section 1.91.12.3) including policy formulation and
health equity (Section 1.8) while prioritizing the most marginalized counties (Section
1.2). Comparison of national U5M levels, trends and overall reductions over time have
been masking substantial variation within-country. The results unmasked the counties
with high U5M (western Kenya) those that witnessed huge reductions (northern and
western Kenya) and those whose levels stagnated (central Kenya) in the most recent
times. High U5M was mainly concentrated in a few counties in western Kenya.

More important, in each county, the determinants associated with the variation, decline
or increase in U5M were unmasked. Consequently, in line with the SDGs principle of
leaving no one behind and reaching the farthest behind first and ensuring health equity,
counties in western and south-east Kenya should be targeted and prioritized. In these
counties, reduction in HIV and malaria prevalence, increasing coverage of access to
better sanitation, facility deliveries were associated with the observed variations and
reductions.

The values recorded in 2014 were variable, ranging from high to low coverage.
Therefore, the respective county governments should focus on a specific package of the
important interventions to sustain the gains and enhance further reductions. Similarly, in
the rest of the counties across Kenya, factors associated with the variation were
identified and should inform what determinants to focus on so that reductions and gains
are sustained and enhanced.
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To achieve the targets of the 17 SDGs (2015 to 2030) and county-specific local targets
(in the CIDPs) for both U5M and determinants of child survival requires goals to be met
for all people and all segments of society. Therefore, the generated estimates form a key
baseline for setting and monitoring targets in counties. For example, U5M in western (>
70 per 1000 live births) and central Kenya (> 50 per 1000 live birth) is variable, hence
the targets/goals set should reflect these heterogeneities.

There are opportunities for benchmarking; in counties where huge declines were
observed, nearby counties can adopt localized initiatives that were successful in
reducing U5M. For example, Afya Uzazi programme in Baringo and Nakuru counties to
improve health access (Section 1.12.6) could be implemented in other counties should it
be determined that the programme improved child survival where it is domiciled.

Through the Commission on Revenue Allocation (CRA), resources from the national
government are distributed to each of 47 counties through a weighted average of key
factors (health, agriculture, county services, basic minimum share, land area, roads,
poverty, urban services and population among others). The estimates of U5M, its
determinants and composite indices generated offer parameters that better
disaggregates the difference between counties that can be built within the CRA
framework.

Among the ten determinants associated with U5M, early breastfeeding and health facility
deliveries can be linked to the survival of newborn since they are cost-effective and
proven interventions that can prevent newborn deaths [WHO & UNICEF, 2014]. The
adoption of Baby-Friendly Hospital Initiative to address poor breastfeeding practices in
maternity wards [Maingi et al., 2018] and abolishing delivery fees at all public health
facilities and subsequent provision of maternity services free of charge can be related to
the observed increase in institutional deliveries [Chuma & Okungu, 2011; Barasa et al.,
2018a]. Therefore, it’s important for continued support and implementation of the Linda
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mama programme by the government in providing ANC, maternal deliveries and
postnatal care services at no cost to further increase facility deliveries and chances of
both newborn and U5M survival [MoH/GoK, 2016; Wairoto et al., 2020].

The global community is receiving criticism for largely focussing on the survival of
children under the age of five years for the past decades [Masquelier et al., 2018;
Macpherson et al., 2019; Karianjahi et al., 2020]. Several factors that were associated
with U5M in the current work such as health-seeking behaviour, childhood malnutrition,
HIV infection and malaria are also associated with child survival beyond the age of five
[Kananura et al., 2020; Karianjahi et al., 2020]. Hence, policies and initiatives targeted to
children under the age of five (Section 1.12.6) might have also improved child survival
among the older children and adolescents in the analysis period and likely in the future.

Sharing of the results generated in the current thesis with policymakers was a crucial
step to ensure decisions are made based on empirical data. The stakeholders' forums,
media (both print and television), national and international forum where the PhD work
was shared are detailed in Appendix 8.8. Further, included in Appendix 8.8 are
publications from the PhD thesis and other publications related to child survival that
were published in the course of the PhD.

6.5 Gaps and Perspectives for future research

The landscape of U5M and its determinants by county between 2015 and 2019 in Kenya
is likely to have been different given the timeline (1965-2015) considered in the PhD
thesis due to lack of data post-2015. Consequently, the results may not sufficiently be
informative to the county government managers within the decentralized governance
that started in 2013. While the findings provide a baseline for tracking goals and a better
understanding of what interventions worked, there are opportunities to update the
estimates and expand the list of determinants from 2013-2019. Additional datasets
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include; The Kenya population and housing census (2019), malaria school surveys in
Western Kenya (2019) and the planned malaria indicator survey (2021).

The DHIS2 quality and quantity of data have been expanding [Manya et al., 2012; Maina
et al., 2017b; Alegana et al., 2020]. It provides additional data that may abate recall bias
limitations and reduce the effect of unmeasured confounding in the current analysis as
the system has more determinants that are monitored. However, routine data from
DHIS2 has limitations when estimating catchment area and population, availability of a
universal list of health providers and variability in seeking care behaviours after illness
[Alegana et al., 2020]. There is a need for a body of science on the use of DHIS2 data to
deal with these unique characteristics.

Sample survey and population census data offer reasonable data on birth histories,
however, they are inferior to data from a functional CRVS in the provision of timely and
complete U5M at county level [Hill, 1991]. Therefore, political and financial investments
by the government and stakeholders are essential to improve CRVS. In addition, it will
be essential to build upon the existing approaches to combine data from sample
surveys, population census with CRVS, HDSS and DHIS2 for improved estimates.
Finally, improvements in data quality and quantity present opportunities to estimate
cause specific U5M at county (or sub-county) level to inform granular targeted allocation
with increased certainty in the modelled estimates.

Evaluations will be essential to monitor quality improvements and completeness of data
from CRVS and routine systems to evaluate their usefulness [Maina et al., 2017b;
Alegana et al., 2020]. In the interim, as a further validation, and measuring to what
extent event registration data from HDSS can inform subnational U5M, a comparison
between U5M from HDSS and the generated county-level U5M is required. While such
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analyses have been previously conducted [Deribew et al., 2016], here U5M estimates
were generated using more data and a robust framework.

There is a likelihood of additional small-scale heterogeneity that was masked by county
level analysis due to data limitations and the variable spatial size of counties ranging
from ≤ 1,000 Km2 to ≥ 45000 Km2 (Figure 1.7). With the increased data availability, the
spatial resolution of the analysis unit can be increased to sub counties level or lower
geographical units (Section 1.12.3). Provision of U5M at this higher spatial resolution will
allow the county managers to plan and prioritize resources within their sub counties.

It was assumed that the net migration was zero, implying that births and where
applicable, the determinants were associated with the survey counties. This is unlikely
the case for some data, for example, earlier births may have occurred at different
counties compared to the county where the survey was conducted. However, migration
was not accounted for due to a lack of migration data. Consequently, there is a need for
granular migration data at the subnational level over time. Building upon population
census data, there is initial work on internal migration [Garcia et al., 2015; Sorichetta et
al., 2016], which needs additional input to produce annual estimates. Further, there is a
need for the advancement of analytical techniques to incorporate migration data in U5M
estimation models.

The four demographic techniques (MAP, MAC, TFBP and TFBC) that were applied to
estimate U5M using SBH relied on the probability of birth distributions assembled using
data across regions of Africa. Here, an assumption was made that the fertility had
remained relatively stable over time for women in a certain county, age group and the
number of children ever born. This is fairly true [Burstein et al., 2018], however, it may
have introduced some biases in the estimated mortality rates. Therefore, as more birth
histories become available in Kenya and across Africa, there is a need to update the
probability distributions of birth histories.
233

Demographic methods for estimating childhood mortality using SBH data have been
developed and validated for U5M and are widely used (Section 2.3). Recent
advancement in statistical and mapping capabilities have proposed initial approaches
[Burstein et al., 2018] that can be used to estimate NMR and IMR using SBH data. This
is an important area which can be further explored and validated to improve the current
NMR estimates by incorporating the majority of birth histories (SBH) from population
census and households sample surveys (Section 1.3).
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8.2 Geostatistical modelling of malaria risk in Kenya: 1990-2015

282

283

284

285

286

287

288

289

290

291

292

293

294

8.3 The coverage of determinants of child survival: 1993 to 2014
Figure 8.1: Rural residency, annual total precipitation and annual average enhanced vegetation index at the county level between 1993 and 2014 in Kenya.
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Figure 8.2: County level trends in maternal education, maternal literacy and the head of a household between 1993 and 2014.
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Figure 8.3: High parity, short birth interval and the use of modern contraceptives at county level between 1993 and 2014 in Kenya.
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Figure 8.4: County level prevalence of child growth (stunting, underweight and wasting) between 1993 and 2014 in Kenya.
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Figure 8.5: County level coverage of breastfeeding practices and the prevalence of low birth weight in Kenya between 1993 and 2014
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Figure 8.6: County coverage of access to safe and clean water, sanitation and household wealth in Kenya between 1993 and 2014
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Figure 8.7: County level prevalence of malaria [Macharia et al., 2018] and provincial level HIV (NACC Kenya) between 1993 and 2014 in Kenya
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Figure 8.8: County level coverage of at least one ANC visit (ANC1), four ANC visits (ANC4), skilled
birth attendance (SBA), health facility delivery (HFD), treatment-seeking for fever and diarrhoea from
1993 to 2014
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Figure 8.9: County level immunization coverage for BCG, three doses of DPT, three doses Polio,
measles and fully immunized between 1993 and 2014 in Kenya.
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Figure 8.10: The county level coverage of child health interventions (vitamin A, ITN use, antimalarials
and ORS) between 2003 and 2014 in Kenya.
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Figure 8.11: County level coverage of supplements (iron, vitamin A ) and Intermittent preventive
treatment in pregnancy (one and two doses) between 2003 and 2014 in Kenya.

8.4 Change in the coverage of determinants of U5M by county: 1993-2014

305

Table 8.1: Percentage change in the coverage/prevalence of determinants of U5M 1993-2014. Change is coded into 5 colours (Equation 4.2.) from red
(small change) to dark green (big change). The first column is the county (Table 1.5), first row are the determinants (Table 4.3).
Maternal

Environmental

County
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

1
-30.0
-20.3
-30.4
-15.2
-6.8
-26.2
-33.5
-17.6
-17.7
-15.4
-26.2
-16.1
-14.6
-22.1
-14.9
-41.4
-14.3
-18.4
-26.8
-15.8
-14.7
-50.9
-21.1
-8.8
-25.5
-20.3
-41.7
-9.9
-15.8
-16.1
-24.9
-48.8
-15.1
-37.9
-26.6

Child level

Household

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

73.6

-17.4

-36.2

9.1

-59.2

-37.3

66.0

-38.2

-52.9

-43.5

-37.9

25.7

688.6

1.8

-0.1

-50.6

183.8

84.2

-15.0

-22.3

34.0

-59.6

4.0

118.8

-19.6

-46.9

-26.5

-36.6

85.8

529.9

-0.5

-10.1

-7.9

526.8

66.1

-11.8

-22.5

43.6

-38.1

-4.1

122.7

-21.9

-54.7

-40.2

-32.9

114.2

457.5

-0.7

-0.1

-17.0

440.0

26.7

-3.5

-9.3

29.4

-25.7

-16.8

131.6

-23.0

-60.6

-22.2

-26.0

28.6

311.5

1.2

-3.5

19.9

203.5

95.4

-11.9

-7.9

3.8

0.3

-9.1

118.7

-30.0

-58.3

13.3

-12.6

26.4

236.0

3.1

1.0

33.3

243.6

35.6

0.4

-42.5

4.2

-26.7

-44.3

88.0

-46.9

-42.1

-19.7

-28.3

14.0

371.7

0.2

-9.6

21.9

196.1

20.9

-7.0

-5.9

31.3

-14.1

8.8

148.6

-20.1

-48.4

-2.3

-37.7

26.1

243.3

0.4

-5.8

56.7

163.2

-1.8

10.3

-0.1

69.9

-2.1

8.2

124.4

-8.5

-39.8

-13.5

-13.7

32.3

275.9

-0.4

-11.0

21.5

100.3

5.0

3.3

3.6

78.1

78.0

-9.2

31.9

-14.1

-47.9

-27.9

47.1

47.3

142.8

-1.1

-24.7

25.8

28.1

-4.7

24.0

-8.1

49.3

22.6

-12.5

119.5

-18.4

-49.7

24.8

-22.4

12.1

306.3

1.6

-2.0

12.3

68.5

36.5

11.7

-19.4

54.2

11.5

-14.7

97.8

-15.8

-44.0

10.1

-28.1

14.0

304.7

0.8

-2.9

42.4

189.6

-3.6

21.5

-45.6

21.0

-0.3

-45.0

50.4

-55.8

-37.9

-24.0

-26.1

7.3

282.2

-0.3

-0.7

19.8

175.1

6.0

12.1

-46.8

18.5

17.5

-54.9

46.6

-57.3

-38.9

-33.5

-23.5

5.3

271.8

-0.2

-3.1

20.8

140.2

28.4

19.6

-51.4

10.7

-16.4

-49.4

43.1

-57.3

-45.1

-28.6

-28.0

-1.6

405.5

0.4

-5.6

22.7

64.9

11.2

2.8

-42.1

18.0

-1.3

-37.1

122.6

-37.1

-49.9

-20.5

-26.3

-0.7

341.5

0.6

-4.3

16.1

96.7

-3.0

22.0

-57.0

9.8

-18.6

-50.5

84.6

-52.9

-35.5

-29.2

-29.7

-5.6

492.9

0.7

-6.5

21.0

125.1
21.1

-0.4

0.8

-55.7

10.3

-5.4

-43.7

112.4

-39.4

-30.3

-24.4

-34.6

4.0

402.1

-0.3

-6.0

21.7

34.3

17.0

-56.2

6.2

-8.4

-47.5

48.3

-46.4

-18.1

-25.3

-15.8

1.2

358.0

2.6

-1.6

27.2

40.1

24.8

12.9

-57.4

6.2

-8.7

-55.3

38.9

-61.9

-38.1

-17.8

-23.8

8.5

342.7

0.8

-2.1

23.1

133.7

20.4

14.7

-50.2

11.0

-17.9

-61.4

34.9

-64.6

-21.8

-35.2

-31.8

-12.1

386.8

-0.2

-6.3

15.2

168.2

9.1

19.1

-57.9

8.5

-12.0

-57.0

54.1

-59.9

-20.9

-27.3

-31.7

10.5

443.9

2.0

-2.0

21.9

104.9

19.4

20.3

-59.1

5.8

-16.7

-48.9

53.6

-64.4

-25.3

-34.8

-30.7

-8.0

480.9

1.1

-3.2

33.8

132.8

35.6

31.9

-7.1

81.8

55.9

-11.6

137.0

-17.4

-20.6

16.6

-22.0

8.1

293.1

0.8

10.2

8.7

36.8

-1.7

13.9

-20.8

64.7

0.8

7.3

209.5

-6.7

2.1

12.4

-15.1

8.6

259.9

-1.8

-0.1

-6.3

6.3

68.3

22.7

-15.0

45.8

-1.4

-10.2

136.3

-24.2

-11.1

1.2

-20.0

13.2

330.4

0.1

3.8

9.2

92.2

21.1

0.4

-43.2

16.9

5.9

-35.4

141.0

-29.1

-51.8

-30.6

-15.4

4.9

244.3

-0.8

-7.7

-12.3

-28.1

19.7

3.8

-49.0

13.9

-4.6

-31.5

162.7

-34.5

-58.3

-28.2

-13.0

9.7

268.7

0.7

-2.9

-8.2

43.4

13.2

8.7

-44.2

15.3

9.7

-19.6

203.8

-31.3

-53.7

-11.8

-16.6

18.0

241.0

-0.8

6.8

-9.6

16.0

23.4

0.1

-44.2

16.6

-9.4

-33.0

150.6

-32.1

-52.3

-28.3

-13.3

30.3

226.9

-0.1

-7.9

-8.2

17.8

20.2

29.9

-38.7

27.0

9.2

-18.9

174.5

-27.9

-50.1

-11.7

-18.5

13.6

292.7

0.3

5.3

-0.3

57.8

51.7

33.8

-37.9

21.3

1.4

-7.5

55.3

-42.4

-52.1

5.3

-17.3

15.1

319.9

1.6

1.1

20.3

169.1

12.6

23.9

-52.1

10.4

-6.0

-32.9

80.7

-41.2

-56.7

-27.5

-18.0

-0.2

375.4

2.0

-5.1

14.4

29.1

17.5

19.1

-30.7

52.1

-15.6

-22.6

138.3

-30.2

-43.7

-47.9

-19.1

-0.6

440.6

0.3

-15.3

-5.6

32.3

-2.9

23.3

-47.5

24.3

-11.4

-37.7

79.5

-53.3

-46.9

-38.3

-12.8

6.0

463.8

1.4

-7.6

13.0

91.9

11.5

0.7

-46.7

20.9

-9.6

-32.8

129.2

-34.1

-48.3

-35.8

-21.0

12.4

292.9

0.5

-8.0

-6.3

24.8
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Table 8.1 continued
Maternal

Environmental

County
36
37
38
39
40
41
42
43
44
45
46
47

1

2
8.8
34.1
33.7
35.4
28.8
30.6
23.3
25.7
20.2
27.4
21.8
-4.1

-11.3
-22.9
-21.8
-21.0
-17.4
-13.3
-50.5
-22.0
-28.4
-16.6
-18.8
-64.0

3
6.8
-4.8
1.0
-4.0
0.4
3.8
2.5
-0.5
-3.4
-3.6
-1.3
17.7

4
-42.9
-39.4
-45.7
-39.3
-29.9
-40.2
-46.8
-43.2
-40.5
-48.9
-57.6
-55.9

5
21.4
17.4
16.7
15.2
33.5
19.2
13.4
23.0
22.2
18.5
15.2
3.4

6
-8.5
-18.7
-23.2
-5.2
-23.6
-24.9
-21.1
-14.9
-24.4
-13.1
-19.9
-0.5

7
-32.8
-27.7
-32.0
-28.7
-23.2
-23.4
-39.9
-26.5
-12.1
-37.2
-36.0
-51.6

Child level
8
114.9
144.6
142.9
163.1
213.1
221.8
177.1
226.1
219.2
115.2
106.6
56.7

9
-29.3
-23.4
-28.1
-25.6
-24.0
-20.7
-26.8
-19.8
-17.1
-27.0
-31.3
-61.4

10
-51.7
-29.7
-10.2
-6.5
-33.4
-37.5
-55.7
-25.8
-40.3
-48.4
-58.4
-42.7

11
-39.3
-44.9
-31.2
-52.6
-48.2
-55.8
-45.3
-45.3
-33.5
-46.1
-39.2
-27.1

12
-19.6
-21.0
-24.9
-28.9
-31.0
-27.5
-26.6
-32.8
-32.0
-26.3
-22.2
-30.8

13
14.9
25.9
29.7
27.7
27.5
17.3
25.9
19.5
7.5
13.6
33.1
13.5

Household
14
343.7
178.5
169.5
164.6
186.9
206.3
247.0
274.5
313.5
304.0
325.1
750.0

15
0.7
-1.0
-0.6
-1.4
-0.3
-0.2
-0.7
-2.0
-1.9
0.0
0.8
0.0

16
-13.1
-7.8
-9.2
-10.0
-14.4
-10.0
-10.0
-10.3
-14.9
-13.4
-8.0
5.1

17
-1.5
-11.8
-5.9
-9.5
-9.5
-18.9
-7.6
-12.3
-14.6
-1.9
-8.7
17.8

18
34.7
-26.8
-26.8
-42.2
18.3
-0.4
18.1
42.5
84.9
40.9
15.0
46.2

Table 8.1 continued
Household
County
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

19
2.9
40.2
-2.5
34.4
1.7
6.5
48.7
128.0
58.2
54.1
36.6
6.1
3.6
6.8
49.3
12.9
6.4
0.2
0.5
1.5
2.2
0.8
57.4
23.0

20
-22.3
-27.6
-23.4
2.0
-19.4
7.0
12.8
8.5
2.4
-3.6
11.2
-0.8
-10.8
-2.6
30.0
-3.5
-8.9
-4.3
-2.3
1.8
-2.2
7.4
-7.9
15.9

infections
21
-22.3
-27.6
-23.4
2.0
-19.4
7.0
12.8
8.5
2.4
-3.6
11.2
-0.8
-10.8
-2.6
30.0
-3.5
-8.9
-4.3
-2.3
1.8
-2.2
7.4
-7.9
15.9

22
-54.2
-54.2
-54.2
-54.2
-54.2
-54.2
-78.4
-78.4
-78.4
-31.9
-31.9
-31.9
-31.9
-31.9
-31.9
-31.9
-31.9
-39.3
-39.3
-39.3
-39.3
-39.3
-58.3
-58.3

23
-85.6
-49.8
-70.7
-88.4
-95.4
-84.2
-96.8
-98.8
-97.9
-92.5
-97.9
-95.8
-97.1
-98.0
-96.4
-98.9
-98.6
-92.5
-67.5
-94.7
-90.8
-96.5
-75.9
-82.2

Health care utilization
24
3.5
6.8
8.8
-0.3
2.3
1.2
-2.6
-7.9
-8.2
-12.5
-2.6
-0.2
0.2
0.0
-0.7
0.5
1.3
0.1
-0.2
-0.2
0.5
0.8
-5.3
-6.7

25
1.4
-5.9
4.8
-10.7
-6.1
-6.2
-18.7
-26.7
-39.2
-18.7
-14.3
-17.4
-13.9
-14.1
-9.7
-5.6
-3.4
-12.6
-8.6
-11.0
-6.8
-3.2
-20.9
-42.2

26
26.9
104.3
84.8
34.9
26.1
35.8
34.1
149.6
164.5
32.8
34.3
16.1
13.6
19.2
49.6
49.9
47.3
16.4
7.9
17.9
18.2
15.9
22.1
-1.6

307

27
45.7
113.2
126.0
10.3
-5.1
56.2
-3.6
-7.8
-24.7
-1.6
-5.0
18.6
18.4
21.7
48.2
71.6
62.8
22.7
12.1
24.5
24.2
24.0
82.7
20.2

28
-10.5
-2.5
7.9
29.2
37.6
38.0
14.5
30.7
28.7
48.3
39.9
66.6
73.3
56.9
42.6
55.3
49.8
44.8
65.8
75.0
71.8
49.1
62.7
46.9

Interventions (child)
29
37.6
37.3
26.6
18.2
20.4
18.6
11.4
26.0
40.4
22.6
22.2
24.3
25.4
21.5
22.1
21.2
28.1
29.2
20.7
26.8
23.8
28.8
28.9
51.8

30
1.4
0.6
1.7
3.8
7.0
-0.1
18.7
4.7
-3.9
4.7
2.3
1.5
0.5
0.1
1.1
0.3
0.2
0.0
0.1
0.0
-0.1
0.5
2.1
-1.6

31
4.8
-2.1
0.3
10.9
19.8
1.8
154.0
16.3
-7.5
16.5
6.5
3.6
0.6
0.2
2.3
2.0
3.6
-2.6
-1.4
0.1
-2.1
-0.1
3.3
-8.0

32
1.9
-0.6
1.4
8.4
18.2
2.1
60.3
14.7
-0.7
17.0
5.6
3.3
1.3
-0.8
0.0
0.0
-1.1
0.3
-0.2
0.5
-1.1
1.0
3.2
-5.1

33
-3.1
2.4
-2.1
3.5
9.4
-3.5
76.6
-0.1
-3.1
13.7
1.0
13.8
6.5
1.3
-1.5
7.2
4.8
3.4
-0.9
1.8
2.0
3.2
3.6
-15.7

34
-4.9
-3.3
-7.8
10.0
13.4
-1.2
85.6
0.7
-13.1
6.7
4.5
7.4
2.3
-0.1
-2.3
4.5
3.4
0.5
0.2
3.4
0.8
1.3
-4.0
-15.6

35
18.3
25.6
26.5
51.3
46.0
55.4
61.4
59.0
31.7
61.2
55.2
57.9
51.6
63.0
55.0
83.3
74.0
65.0
62.7
72.1
112.8
84.3
46.8
27.4

Table 8.1 continued
Household
County
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

19
34.7
6.4
8.5
27.2
15.6
-1.8
-2.3
2.4
49.9
30.4
12.3
16.2
6.3
7.7
5.5
6.7
17.6
20.0
56.5
71.5
1.4
0.9
2.7

20
-21.0
-12.1
-7.7
-5.1
-39.1
1.1
-1.9
-8.0
-31.5
-7.7
-16.8
-33.3
-36.6
-67.4
-36.5
-31.0
-30.3
-25.1
-30.4
-39.6
-52.1
-43.5
-3.2

infections
21
-21.0
-12.1
-7.7
-5.1
-39.1
1.1
-1.9
-8.0
-31.5
-7.7
-16.8
-33.3
-36.6
-67.4
-36.5
-31.0
-30.3
-25.1
-30.4
-39.6
-52.1
-43.5
-3.2

22
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-58.3
-60.4
-60.4
-60.4
-60.4
-23.0
-23.0
-23.0
-23.0
-23.0
-23.0
-33.8

23
-95.7
-86.3
-92.2
-95.7
-66.4
-88.8
-90.4
-92.8
-91.6
-98.1
-86.2
-97.7
-34.9
-21.5
-48.1
6.4
-24.6
-29.9
-21.8
4.0
-77.8
-90.5
-95.8

Health care utilization
24
-5.6
-2.8
-0.6
-0.5
1.2
-0.7
-2.9
-1.4
2.4
-0.4
1.2
-0.1
1.6
0.9
-0.5
0.7
0.9
1.7
1.9
1.7
1.6
1.8
1.5

25
-7.7
-27.6
-11.9
-22.5
-9.3
-19.8
-18.5
-15.9
-10.7
-10.8
-11.9
-22.4
-20.0
-6.7
-27.8
-15.0
-3.9
-1.4
-2.0
0.4
-5.1
-11.5
0.6

26
19.3
20.9
16.6
7.5
24.1
7.1
12.7
20.6
47.5
36.7
26.9
40.4
23.2
26.1
29.3
37.4
38.0
20.7
50.6
49.6
39.1
43.9
8.7

308

27
-3.8
48.7
37.4
22.2
64.5
27.2
19.5
34.5
79.1
54.3
55.9
59.2
56.1
64.6
57.0
108.1
71.2
43.0
85.5
72.9
71.5
65.5
14.0

28
40.4
26.4
34.3
53.4
34.0
49.6
50.6
38.2
56.7
54.0
42.8
37.2
43.9
56.6
11.1
21.0
63.7
46.3
61.6
54.5
20.9
31.0
56.6

Interventions (child)
29
24.1
53.6
55.2
55.8
46.8
40.3
31.8
45.1
54.7
27.9
51.9
60.5
56.8
63.3
55.6
44.4
59.4
48.3
59.6
71.0
65.7
59.2
17.6

30
0.2
3.7
1.4
0.7
0.8
1.2
0.2
-0.1
2.8
1.2
0.6
0.4
3.4
3.9
3.6
1.4
2.4
3.0
1.8
3.7
0.8
0.1
-1.0

31
-2.4
3.5
4.7
1.1
7.3
1.2
-1.2
0.2
13.4
1.6
2.6
3.7
6.7
12.6
2.8
-1.1
10.6
5.6
14.3
18.9
4.4
6.1
-6.0

32
-0.7
6.0
5.9
0.9
5.2
1.9
0.0
0.4
10.7
0.8
2.3
3.0
6.2
8.2
5.8
-1.1
6.0
5.1
13.2
19.0
3.8
2.8
-3.5

33
-4.2
12.3
14.8
-2.2
15.9
-2.6
0.6
-1.2
15.3
6.5
2.1
0.1
16.4
30.5
27.0
16.8
20.0
29.4
28.3
34.6
6.7
12.7
3.0

34
-3.2
10.2
10.4
-1.2
12.4
-2.2
-1.1
-0.6
10.3
1.2
2.7
2.2
13.8
22.6
13.2
9.8
14.0
13.5
12.8
14.1
4.3
7.1
-3.3

35
49.1
56.6
65.2
70.8
76.1
64.5
57.3
54.8
47.9
77.3
76.5
66.0
85.5
97.4
53.5
54.4
101.2
82.9
87.0
59.1
57.2
56.5
147.2

Table 8.1 continued. * baseline is 2003, these interventions had not been rolled out or were not
monitored through surveys before 2003.
County
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

Interventions (child)

Interventions (maternal)

36*
82.8
93.8
86.6
181.0
189.6
151.4
166.6
129.7
53.0
128.7
147.3
128.7
144.4
115.4
161.6
130.1
178.4
128.0
126.3
115.8
116.5
119.8
186.0
145.6
135.2
97.6
117.4
155.8
136.4
135.6
134.5
111.6
104.2
113.1
114.5
101.7
101.0
130.5
85.1
78.5
111.3
126.8
126.0
111.3
104.8
107.2
109.7

39*
21.5
31.0
18.2
-0.5
-12.2
24.2
-26.6
-21.1
-24.0
-27.4
-22.8
6.8
14.7
24.8
8.6
8.1
-3.1
3.4
19.8
17.2
1.7
-7.3
-37.9
-43.2
-9.4
-10.4
2.2
-24.2
-23.9
-4.3
16.6
-2.3
-26.1
2.7
-10.5
-31.6
-12.4
-17.1
2.7
5.4
-22.3
-17.0
-13.2
-7.3
-24.4
-21.0
9.8

37*
413.4
739.9
848.7
712.7
379.1
1277.9
919.3
1578.6
2476.0
416.7
981.7
651.4
505.0
560.5
946.8
949.3
1426.8
955.7
868.2
431.6
750.2
755.4
1014.2
706.9
472.6
604.4
824.7
981.4
1387.8
614.3
657.3
1081.7
1198.1
874.0
873.9
1391.1
726.1
957.1
670.6
705.4
787.9
606.5
795.4
734.1
644.1
573.1
594.2

38*
-22.1
-10.0
-66.1
-23.0
-70.9
-44.1
-40.9
-50.1
33.7
8.5
18.8
-19.7
-21.3
-7.0
-31.4
-17.8
-19.9
0.7
-39.7
-21.9
-54.8
-7.4
104.4
29.3
12.5
116.8
66.9
74.0
102.3
52.5
38.6
106.2
127.7
-24.7
60.8
77.2
168.2
220.2
140.0
149.1
226.5
272.0
144.9
97.1
63.3
14.9
24.4

309

40*
242.5
339.3
297.9
252.6
430.6
324.0
-39.2
22.7
219.8
-6.2
281.2
133.2
113.9
62.0
367.2
223.3
193.5
233.8
151.5
157.0
346.7
445.0
274.0
229.0
153.9
-2.5
26.6
110.8
99.6
109.1
350.5
326.6
107.7
96.7
25.4
107.0
119.6
203.6
85.2
344.4
302.8
209.4
209.6
217.9
175.7
104.2
68.6

41*
362.5
904.0
629.8
167.6
1657.2
327.8
-29.1
134.8
41.3
33.6
51.4
11.3
56.4
-41.9
213.5
115.5
73.5
89.6
22.7
56.4
235.9
137.9
190.8
195.0
242.1
-19.4
77.0
62.6
219.8
164.3
316.0
222.3
29.6
74.5
99.7
178.5
183.6
383.6
251.8
424.6
277.4
272.2
206.6
149.8
144.1
210.8
1.7

42*
31.4
20.7
17.7
86.1
32.9
69.0
16.1
189.8
76.1
22.0
88.6
75.7
174.3
80.6
122.6
107.1
131.5
184.4
144.2
174.7
117.6
108.3
54.9
29.1
75.8
7.2
56.1
27.1
44.8
30.2
145.2
44.0
3.9
19.9
20.8
5.0
16.1
66.9
33.5
-4.1
34.3
29.7
29.1
18.9
42.0
35.4
86.8

43*
92.3
91.0
74.4
210.0
129.3
196.9
114.1
128.7
1.8
144.0
182.3
253.5
290.1
219.1
324.5
324.6
404.5
390.3
287.3
264.5
341.4
353.7
510.6
675.0
261.5
419.5
397.7
413.8
355.5
352.8
334.2
299.2
275.8
235.1
326.3
230.4
358.8
482.7
380.2
374.6
325.7
338.1
531.3
314.6
310.7
314.3
228.6

8.5 Annual composite coverage indicators in Kenya, 1993-2014
Figure 8.12: Annual CCI [Boerma et al., 2008] between 1993 and 2014 computed through equal
weighting of 8 indicators (Figure 4.3) that proxy the overall coverage and health system strength.
The coverage maps showing each determinant are in Appendix 8.3.
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Figure 8.13: Annual maternal health interventions CCI between 1993 and 2014 computed using
Equation 4.4. The coverage maps showing each determinant are in Appendix 8.3.
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Figure 8.14: Annual child health interventions CCI between 1993 and 2014 computed using
Equation 4.5. The coverage maps showing each determinant are in Appendix 8.3.
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Figure 8.15: Annual modified (upper panel) and Boerma’s (lower panel) CCI between 2003 and
2014 (Section 4.5.3). The coverage maps showing each determinant are in Appendix 8.3.
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Figure 8.16: Annual maternal (upper panel) and child (lower panel) health interventions CCI
between 2003 and 2014 (Section 4.5.3). The coverage maps showing each determinant are in
Appendix 8.3.
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Figure 8.17: Annual socio-economic and maternal autonomy CCI between 1993 and 2014
computed using Equation 4.6. The coverage maps showing each determinant are in Appendix 8.3.
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8.6 Under-five lives saved and lives lost at county level
Figure 8.18: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if malaria infection prevalence relative to 1993 values
(baseline) had remained unchanged.
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Figure 8.19: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if the coverage of early breastfeeding relative to 1993
values (baseline) had remained unchanged
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Figure 8.20: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if the prevalence of stunting among children relative to
1993 values (baseline)
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Figure 8.21: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if the coverage of maternal autonomy relative to 1993
values (baseline) had remained unchanged.

319

Figure 8.22: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if the coverage of health facility deliveries relative
to1993 values (baseline) had remained unchanged.
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Figure 8.23: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if the coverage of fully immunized children relative
to1993 values (baseline) had remained unchanged.
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Figure 8.24: Total number of lives saved (green shades) and lives lost (yellow to brown) over 22
years [1993-2014] per county (Table 5.11) if the prevalence of high parity relative to 1993 values
(baseline) had remained unchanged.
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8.7 County level counterfactual estimates in Kenya, 1993-2014
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8.8 Communication of research findings and publications

Communication and sharing of the findings generated in the current thesis with
policymakers especially in Kenya was a crucial step to ensure decisions are made
based on empirical data. The communication took different forms including television
newspapers, policy briefs, oral presentations and online platforms (Table 8.2).

Table 8.2: Communication of results generated in the current thesis with different policymakers
and stakeholders in Kenya.
ID
1
2

Date

Media
Television
NTV
Print
Daily Nation

Tittle
Tracking the improvement in child
mortality rates since independence
What's been ailing Kenyan children
since the 1960s

12/2019

Print
Daily nation

Child deaths fall in Nyanza,
western: study

11/2019

Policy brief

02/2020
02/2020

3

4

5
6

04/2019
03/2019

7
02/2019

Online
The conversation

09/2018

3rd Kenya National
Malaria Forum.

8

9

Print
The Standard
Devolution
conference

04/2018

Kenya Paediatric
Association annual
conference

What is equity in health, and are
Kenyans accessing equitable
healthcare?
Homa Bay tops in counties with
worst child mortality
Sharing the results with the county
heads health of health
What mapping Kenya’s child deaths
for 50 years revealed – and why it
matters
Malaria Risk Mapping and
Stratifications: Lessons for Malaria
Control- Page 25
Sharing the results Paediatric
fraternity on trends of U5M and its
determinants by county 1965-2015

URL
https://tinyurl.com/t8s
ympd
https://tinyurl.com/r5
4s3tu
https://tinyurl.com/wj
gl64s
https://tinyurl.com/t9e
5mye
https://tinyurl.com/r7
hhhgp
https://cog.go.ke/dev
con/
https://tinyurl.com/yx
mvbb6x
https://tinyurl.com/tqo
b2p9
https://tinyurl.com/rnc
pd4m

For example, the U5M work led to further qualitative investigations across villages in
counties where U5M was high (Table 8.2 ID 1, 2 and 3). Also, a public portal was
developed for visualization of U5M by county over time (Table 8.2, ID 2) as shown in
Figure 8.25. The findings from malaria mapping work (Appendix 8.2) have been used by
the NMCP in Kenya as the basis of monitoring and evaluation. In addition, the work
highlighted the need for revising the country’s endemicity zones and conducting
subnational stratification given the heterogeneous nature of malaria transmission
intensity. The NMCP has since taken the initiative and formed a committee of experts to
guide the stratification process.
335

Figure 8.25: Visualizing changes in child mortality in Kenya over time between 1965 and 2013 based on data generated in the current work. Source link

https://www.nation.co.ke/nationprime/infant-mortality-diseases-kenya/5279428-5467254-txtqq2z/index.html
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The work was also presented during international conferences listed in Table 8.3
Table 8.3: International conferences in which the results of the current PhD thesis was presented
between 2017 and 2020.
ID
1

Conference

2

Oxford Tropical Network Conference. St
Catherine's College, Oxford, UK, 8th- 11th
September 2019
XI conference on spatial statistics, geographical
epidemiology and geographical aspects of public
health. University of Glasgow, UK, 27th-29th
August 2019.
68th Annual Meeting of American Society of
Tropical Medicine and Hygiene at, Maryland,
USA, November 20th-24th, 2019.

3

4

th

7 Multilateral Initiative on Malaria. Dakar
Senegal, April 15th-20th April 2018.

Topic
Behind the maps: Spatial and temporal
analysis to understand the past and
chart the future of malaria control
The role of determinants on U5M
variation in Kenya. 1965-2015
The role of determinants on U5M
heterogeneity in Kenya. 1965-2015

Subnational mapping of under-five
mortality and its determinants in Kenya
since 1965

8.8.1 Publications
Two journal articles based on PhD thesis have been published in peer-reviewed
international journals with other two are under preparation. Further during the PhD period,
I was involved with publications in the space of child health and survival, including
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