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Abstract

Diabetes is a significant public health issue in developing countries, with an increasing burden on
the healthcare system. However, accurate reporting of diabetes cases is often hindered by under-
reporting, particularly in rural areas where access to healthcare is limited. When dealing with count
data, both under-reported and over-reported cases are encountered. If it is assumed that the count
data obtained from the field is always accurate, then modelling it with other count-data models will
be erroneous. This study aimed to improve the existing Poisson-Binomial mixture model by
factoring in covariates to make it suitable to estimate the number of under-reported diabetes cases
in each county of Kenya and map the distribution of these cases. The covariates used in the model
include the education level, poverty index, and access to healthcare in respective counties, making
the probability of reporting vary from one county to another. The data was obtained from the Kenya
Diabetes Management Information Centre and Kenya National Bureau of Statistics. The results
revealed that at least each of the 47 counties had under-reported the diabetes data, with the
probability of reporting ranging from 0.9002423 for Migori County and 0.7164098 for Mombasa
County. Nairobi and Mombasa counties reported the highest underreporting rate with 16,708 and
11,784 cases, respectively underreported, while Lamu had 1269 underreported cases, the least in
all the 47 counties. The resulting maps identified high-risk areas for under-reporting, and the
prevalence which provides valuable information for policymakers and public health practitioners
to target resources towards improving diabetes prevention and management in Kenya.



Table of Contents

DIBCIATALION ...ttt bbb bbb bRt n e bbb I
ACKNOWIBAGEMENT ...t e bbbttt ii
(DT [0t o]0 H ST USSP PP U PP PR PRPRPPPO v
AADSTIACT ... bR E bbb n e %
LIST OF FIGURES ...ttt re e n e iX
LIST OF TABLES. ...ttt ettt s e b e e s e e e b e e nnn e e neesnnas X
CHAPTER ONE ... .ottt sttt sttt b bttt e s bt e et e e s be e e rbeesbeeanbeesbeeenteens 1
INTRODUGTION ..ottt ettt b ettt e st e e nb e e st e e s be e e beenaaesnbeesreas 1
1.1 Background OF the STUY ........ccoiiiiiiiieieiee e 1
1.2 Statement of the ProbIEM ..........oiiiii e 4
IR @ o 1=Tot 1)Y= SO POROPRSSN 4
1.3.1 MAIN ODJECHIVE ...ttt et et e re st et e e esae e reeneanaesaaenrens 4
1.3.2 SPECITIC ODJECTIVES ... bbb 4

1.4 SignificanCe OF the STUAY ........ooviiiiiiiicee e 5
1.5 SCOPE OF ThE STUAY ...ttt bbb 5
CHAPTER TWO ...ttt ekttt b e e bt e he e et e e s be e et e e s beeenbeeabneenneen 7
LITERATURE REVIEW ...ttt ettt 7
2.1 INEFOUUCTION ...ttt b e bbbt et e et e b et sb b e nne s 7
2.3 UNder-reporting MOGEIS .......c..ooviiiiiiiiiiieee et 10

vi



2.4 Spatial diSEASE MAPPING ....ouverereitiitiite ettt bbbt e e e bbb n e 11

CHAPTER THREE ...ttt ettt et e 13
METHODOLOGY ..ottt ettt et e sme e b e e e b e e e be e snneeneennreere e 13
BLL INEFOAUCTION ...ttt bbbt 13
3.2 CoUNt dAtA MOUEIS ... 13
3.3 Poisson-Binomial model for undercount of diS€ase Cases ............ccovvrerniiireiiniineieenes 14
3.4 Inclusion of covariates to the Poisson-Binomial model...............cocooiiiiiniiiiniee, 16
3.5 BaYeSIaN TrAMEBWOIK.......c.eiiiiiiieiti ettt 18
3.6 Prior estimation for the Poisson-Binomial model..............cccooiiiiiiiiiiiee 18
I €T o] o 3T U] o] 11T TSSO 20
3.8 DISEASE MAPPING -...virveeieieeiieieete ittt sttt e e etttk e bt et e e s b e b et e st b e bt et e e se e st e b et e be st e b e e 21
CHAPTER FOUR ...ttt et b e et b et e et b e e s bt e e st e e s beeenbeenneeenes 23
RESULTS AND DISCUSSION ...ttt sttt s beesneeannee s 23
High Prevalence COUNLIES ..........ciuiiiiieciie ettt ettt sba e sbe e aneenas 41
Moderate Prevalence COUNIES ...........ciiiiiiiiieiienie et 41
LOW PrevalenCe COUNTIES ........cccouiiiiiiiiiieiestee ettt e 41
Spatial Distribution and INTENSITY ..........ccoiiiiiiiiie s 42
Potential ContribULING FACTOTS.........cviiiiiiiieie s 42
CHAPTER FIVE ...ttt ettt ettt be et e e bt e rte e b e anbe e beeanbeenneeanes 43
CONCLUSION AND RECOMMENDATION ..ottt 43

vii



DL INrOUCTION .. 43

5.2 SUMMANY OF FINAINGS ...veeiiee et 43
5.3 Implications for policy and public health .............c.ccoovi i 44
5.4 Recommendations for Improved Data Collection and Reporting .........c.cccceevevveiverecnnene 45
5.5 Observed Spatial Variations in Diabetes Prevalence ..........ccccccocevveviiieiiese e 46
5.6 Recommendations for fUtUre STUTIES ..........ccooiiiiiiiiieece e 46
5.7 CONCIUSION ...ttt bbbttt et et bbb 47
REFERENGES ... .ottt sttt h bttt ht e e bt e be et e e sbe e et e e nbeeanteeas 48
APPEND X L.ttt ettt b et h e R e n e ne e r e e reeare e 50
APPEND X T ..ttt b et e st et e e s ne e eenn e e enne e 52

viii



LIST OF FIGURES

Figure 1.1: Map showing the geographical boundaries of counties in Kenya.................... 6

Figure 4.1: Trace plot for the lambda parameter................cocoiiiiiiiiiiiiii e, 30
Figure 4.2: Distribution of underreported cases...........c.ooovviiiiiiiiiiiiieiee, 36
Figure 4.3: True distribution of diabetes across counties of Kenya...................cooiinnn 38
Figure 4.4: Prevalence of diabetes in Kenya.............oooviiiiiiiiiiiiiiiiieeceeees 40



LIST OF TABLES

Table 4.1: Reporting probabilities. ... .. ... 33
Table 4.2: Top and bottom counties in UNderreporting............c.coeeiiriieiiriiriiiniiieiieiienn. 35
Table 4.3: Top and bottom counties diabetes distribution.................coooeviiiiiiiiii .. 37
Table 4.4: Frequency of diabetes OCCUITENCE. .........viiniiiii i 39



CHAPTER ONE

INTRODUCTION

1.1 Background of the study

Different techniques are used in epidemiology to study the patterns of diseases among human
populations, such as descriptive and diagnostic analyzes. Spatial disease mapping is one of the
common models that public health use in studying different diseases. With mapping techniques,
epidemiologists and public health experts can detect the relationship between people and their

environment (Koch, 2005).

Many epidemiologists have used spatial disease mapping to solve the health problems affecting
society. One of the archived cases was conducted by Dr. John Snow in 1854. According to Moore et
al. (1999), there was an outbreak of cholera cases in London, later linked to a public water pump used
in the area. Dr. Snow used the idea of spatial disease mapping to map the number of cases within the

city, which later helped in handling the problem.

There have been advancements in the idea of disease mapping over time. With technological
advancements, technologies such as Geographic Information Systems (GISs) have helped make
disease mapping easier. The GIS system is an advancement of the traditional statistical approach
where scatter plots were used in displaying the relationships between different variables. The GIS
system can capture, manipulate, and analyze data using a single system. Moore et al. (1999) further
explain that the GIS technology was further advanced by introducing the idea of clustering, making it

easier to compare the different geographical locations.

Disease clustering is one of epidemiologists’ significant techniques to study the occurrence and
intensity of different diseases in a given location. The technique has been justified by the fact that the
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movement of people from one area to another within a given locality cannot be randomized.
Wartenberg (1999) explains that clustering helps draw the spatial patterns of a disease among people

living in a given geographical area.

Environmental factors are one of the aspects that are said to have a direct effect on the occurrence and
intensity of a disease in a given area. Almani et al. (2008) confirm this assertion that the etiological
factors (that is, environmental factors) directly affect the occurrence and intensity of a given disease.
The epidemiologists have given the idea of clustering priority considering the already established
relationship between the demographic variable and the spatial patterns. Although the idea of clustering
helps identify the spatial patterns in a given population, there are other factors, other than the
demographic factors, which may determine the occurrence and intensity of a given disease. One such
factor is the nature of the population that is being studied. In the case of infectious diseases, the disease
transmission process contributes to inducing the spatial patterns exhibited in the data. Other than these
factors, variables associated with the administrative approaches and the poverty level also affect the

occurrence and intensity of disease in a given area.

A study by Moore et al. (1999) reveals that the spatial patterns of the disease in question can be
significantly impacted by the nature and type of data collected. Although under-reporting and over-
reporting of cases occur in different scenarios, under-reporting of disease cases has been termed an
impediment in determining the actual spatial patterns of a given disease. With advanced technologies,
developed countries ensure that the number of reported cases is almost accurate. However, the
situation in a majority of African countries is different. Moore et al. (1999) further explain that some
aspects that affect most African countries, resulting in underreporting, include inadequate medical
funds, low medical knowledge, poverty, and stigmatization, among others. The locals may also need
more confidence in the existing medical institutions, hence deliberately avoiding disclosing such

2



important information. With the increased under-reporting of disease cases, some of the count models

developed to model the cases seem inaccurate (Ye & Lord, 2011).

Epidemiologists and policymakers heavily rely on the number of disease counts that are reported to
make some critical decisions with respect to reducing the number of disease cases. The high under-
reporting rate makes it difficult to estimate the actual state of a given disease. Epidemiologists have
claimed that there are scenarios where the under-reported cases are immeasurable, making estimating
the actual disease count difficult. One typical case is encountered when collecting data associated with
drinking habits. In this case, there is a high likelihood that the male respondents will answer the
question as required instead of the female respondents. This, therefore, means that ignoring the gender

variable will lead to a collection of data that is biased along gender lines (Ye & Lord, 2011).

Several studies have been conducted on diabetes, which concluded that the disease is a significant
health issue associated with increased mortality and morbidity among African countries. According
to a WHO (2023) study, about 60% of the people affected by diabetes live in middle and low-income
economies. The report also indicated that out of about 87 million people who are suffering from
diabetes in the world, about 22 million are from African countries. The preference for diabetes in

Africa is increasing; about 10.4 million people are affected as of 2017 (WHO, 2013).

Count models have been developed to estimate the number of disease cases. However, some of these
models have drawbacks associated with their efficiency and sufficiency, raising questions about the
better models which can be trusted in estimating the under-reporting of count data. The Poisson model,
negative binomial, and zero-inflated Poisson are some models developed to capture over-dispersion
and under-dispersion. This study will consider developing a Bayesian spatial modeling approach that

can be used in estimating possible under-reporting of count data and in application to the case of



under-reporting for diabetes cases in Kenya. The adjusted data will then be used in mapping the

prevalence of diabetes in the 47 counties in Kenya.

1.2 Statement of the problem

Diabetes is a growing health concern in Kenya based on a report by Diabetes Study Group (2019)
covering periods between 2010 and 2018, and accurate reporting of cases is essential for effective
prevention and treatment. Different models, such as Kriging and the Empirical Bayes, have been
developed to investigate the presence of spatial property on count data. However, most models assume
that the data in question is correctly reported, ignoring the issue of under-reporting (Zayeri et al.,
2011). Diabetes Study Group (2019) revealed that some of the cases of diabetes are not accounted for,
making it difficult to know the risks of the disease in different areas. Therefore, there is a need to
study the under-reported cases of diabetes in Kenya and develop a map to show the relative risk of
the disease in different counties. Under-reporting of diabetes cases is common, particularly in rural
areas with limited access to healthcare. This study is meant to improve the Poisson-Binomial mixture
model to make it suitable for estimating the number of under-reported diabetes cases in each county
of Kenya and create a map of under-reported cases using available data on reported cases and relevant

covariates.

1.3 Objectives
1.3.1 Main objective
The main objective is to develop a spatial model for estimating the under-reporting of diabetes data

and mapping areas with diabetes cases in Kenya.

1.3.2 Specific objectives
I To developed an improved Poisson-Binomial model to account for under-reported cases

in spatial units (that is, counties).



ii. To estimate the under-reported diabetes cases in Kenya using the improved Poisson-
Binomial model with covariates.

iii. To develop a diabetes prevalence map for the 47 counties in Kenya.

1.4 Significance of the study

Most African countries are still developing, based on the condition of their basic amenities. Due to
the scarcity of resources in most countries, policy makers need to make informed decisions to ensure
taxpayers' money is spent on suitable projects. The Kenyan government, at times, has found itself at
crossroads in the healthcare area where they need to spend the resources. By mapping the distribution
of under-reported diabetes cases, this study can help identify counties or regions where the burden of
diabetes is highest and where resources are to be prioritized to improve diabetes prevention and
management. The findings of this study provide practical implications for policymakers and public
health practitioners in Kenya, as well as other countries with similar healthcare contexts, by informing
the design and implementation of diabetes prevention and management programs. The developed
model can be applied to other diseases with under-reporting issues and other spatial contexts beyond

Kenya, providing a valuable tool for public health researchers and policymakers.

1.5 Scope of the study

This study aimed at determining a model that can be used in modeling under-reported diabetes cases
as well as mapping the relative risk of the disease in Kenya. The study used data on reported cases
and covariates, including the illiteracy level, access to healthcare, and poverty index in respective
counties, to develop and apply the model to estimate the number of under-reported cases in each
county. The data on the number of diabetes cases reported from each Kenyan county was obtained

from the Kenya Diabetes Management Information Center (https://dmi.or.ke/?page_id=3165) and




Kenya National Bureau of Statistics (https://knbs.or.ke/visualizations/). The map showing the county

boundaries that were considered during mapping is as shown below:
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Figure 1.1: Map showing the geographical boundaries of counties in Kenya

The study was limited to diabetes cases in Kenya and treated each county as a spatial unit for analysis.
The study did not focus on the causes or treatment of diabetes but on improving estimates of under-
reporting diabetes cases. The study did not explore other non-diabetes-related diseases or health
conditions that may be subject to under-reporting. Finally, the study was limited by the quality and
availability of data on reported cases and relevant covariates, which may affect the accuracy of the

estimates and maps produced by the model.



CHAPTER TWO

LITERATURE REVIEW

2.1 Introduction
This chapter presents a review of different studies related to the study. The chapter summarizes the
spatial mapping techniques and other statistical and non-statistical techniques used to assess spatial

patterns.

The number of cases of diabetes in the country has been increasing rapidly hence Epidemiologists and
policy makers are making efforts to ensure that the cases are controlled (WHO, 2022). There are pretty
several interventions that have been put in place, which include but are not limited to improving
healthcare infrastructure and ensuring that there is a quick response from the health sector when it
comes to diabetes cases. Although several interventions have been proposed, policy makers need to
determine the interventions which they can prioritize to handle the situation amicably. On the other
hand, there is a need to determine the areas most affected by the disease to improve health

infrastructure. Doing this will significantly help control the risk of disease outbreaks (WHO, 2022).

2.2 Diabetes Under-reporting in Kenya

This literature review examines the extent of diabetes under-reporting in Kenya and the factors
contributing to under-reporting. Diabetes is a chronic disease that affects millions of people
worldwide. In Kenya, diabetes is a significant public health concern, with an estimated 2.2 million
people living with the disease in 2021 (WHO, 2022). Despite the high prevalence of diabetes, under-
reporting of cases is a significant problem in Kenya (WHO, 2022). Diabetes under-reporting in Kenya

has been a subject of interest for researchers studying public health and epidemiology. Some studies



have focused on assessing the extent of under-reporting, identifying factors contributing to under-

reporting and proposing strategies to improve reporting accuracy.

The prevalence of diabetes in Kenya has been increasing steadily over the years. A study conducted
in 2019 found that diabetes in Kenya was 4.4%, with a higher prevalence in urban areas (7.3%)
compared to rural areas (2.4%) (WHO, 2014). However, these figures will likely be underestimated

due to the under-reporting of cases (WHO, 2014).

Under-reporting of diabetes cases in Kenya has several consequences. First, it leads to an
underestimation of the burden of diabetes, making it difficult for policy makers to allocate resources
and develop effective strategies to manage the disease. Secondly, it can lead to delayed diagnosis and
treatment, resulting in complications and poorer health outcomes. Finally, under-reporting diabetes

cases can lead to a lack of public awareness of the disease (WHO, 2022).

A study was conducted by Manda & Feltbower (2018) to investigate the presence of under-reporting
of data on notifiable and non-communicable diseases. The study developed a spatial model to estimate
the under-reporting of notifiable and non-communicable diseases in England and Wales, using data
on reported cases and relevant covariates. The scholars used Bayesian models but excluded the use of
posterior distribution in adding the prior knowledge in estimation because they found it too complex.
The study showed that the spatial model can improve estimates of under-reporting and identify high-

risk areas for intervention.

Another study was conducted by Adamjee and Harerrimana (2022), which was aimed at estimating
the burden of diabetes mellitus in Kenya. This cross-sectional study aimed at estimating the
prevalence of type 2 diabetes and assessing its reporting accuracy. The study highlighted challenges

in diabetes surveillance, including under-reporting, and provided insights into the gaps that must be



addressed. The significant gap identified was on the under-reporting of data, where scholars
recommended a model to be developed to help identify under-reported data to make decision-making

by the government easier.

A study by Ayugi et al. (2019) investigated the spatial patterns and factors associated with under-
reporting diabetes cases in Kenya, using data from the 2015 Kenya Stepwise Survey of Non-
Communicable Diseases. The study identified under-reporting as a significant issue in Kenya and

recommended using spatial modeling to improve estimates of diabetes burden.

Another study titled "Evaluation of the completeness of diabetes-related reporting systems in Kenya"
conducted by Mwita et al. (2019) assessed the completeness and accuracy of diabetes-related
reporting systems in Kenya. They evaluated the existing reporting mechanisms and identified areas
for improvement to enhance the quality and accuracy of diabetes data. This study pointed out that
some of the cases of diabetes within the communities have not been adequately documented, making

it hard to budget for the disease in the country.

Furthermore, the Kenya National Diabetes Strategy report (2015) acknowledged the issue of under-
reporting. It emphasized the need for a comprehensive surveillance system to capture accurate and
representative data on diabetes prevalence and burden in the country. According to the report, most
of the counties in Kenya lacked accurate data on the number of people with diabetes. The report
recommended that the counties develop better disease recording systems that will help present the

actual data on certain diseases affecting respective counties.



2.3 Under-reporting models

Count data is widely used in various fields, including public health, epidemiology, and social sciences.
However, the accuracy of count data can be affected by under-reporting, which is the missing or
incomplete reporting of events. Under-reporting of count data is a common problem that can lead to
biased estimates and incorrect conclusions. Therefore, statistical models have been developed to
address this issue. This literature review examines the different statistical models proposed to account

for the under-reporting of count data (Zayeri et al., 2011).

The negative binomial model is a popular model used to account for the under-reporting of count data.
It assumes that the observed count data is a mixture of a Poisson distribution and a gamma distribution,
where the Poisson distribution represents the actual count data and the gamma distribution represents
the under-reporting component. The negative binomial model is flexible and can accommodate
different under-reporting forms, including under-dispersion and over-dispersion. However, it requires

the assumption of a specific distribution for the under-reporting component (Zayeri et al., 2011).

Capture-recapture models are another class of statistical models used to account for the under-
reporting of count data. These models are based on the principle that the probability of a case being
reported increases with the number of sources reporting it. The simplest capture-recapture model is
the two-source model, which assumes that the observed count data is a mixture of the actual count
data and the under-reporting component. The under-reporting component is estimated using the cases
reported by only one source. The advantage of capture-recapture models is that they do not require
any assumptions about the distribution of the under-reporting component. However, they require the

assumption of independence between the reporting sources (Zayeri et al., 2011).

Zero-inflated models are another class of statistical models used to account for the under-reporting of

count data. These models assume that the observed count data has excess zeros compared to a Poisson
10



or negative binomial distribution. The excess zeros are attributed to the under-reporting component
(Branscum et al., 2005). Zero-inflated models are flexible and can accommodate different forms of
under-reporting. However, they require the assumption of a specific distribution for the excess zeros,

which might not be met in real-life situations for count data.

2.4 Spatial disease mapping

Spatial disease mapping is one of the methods applied in generating disease patterns and identifying
areas significantly affected by a given disease. A study by Zayeri et al. (2011) revealed that
epidemiologists have embarked on using a spatial mapping approach to identify the risk of contracting
a particular disease by individuals living in a specific area. One of the cases where spatial disease
mapping has been successfully applied was by Zayeri et al. (2011), whereby they developed a malaria
spatial map in Sistan, Iran. Data obtained from the area was used in computing the Standard Incidence

Rates (SIR), after which mapping indicated the most affected areas.

Over time, different statistical models have been used in mapping disease incidences and risks in
certain areas. Mora and Lawson (2012) applied the Gaussian Component Mixture (GCM) model to
map the risk of contracting a disease. The study utilized the Bayesian method in investigating the
spatial effect in a Univariate sense. Although Bayes' theorem was applied in the study, they assumed

that the dataset used was a true reflection of reality, which is not always true.

A study by Gibbons et al. (2014) insisted that the tool used to model spatial effect should be efficient.
Although the use of GCM by Mora and Lawson (2012) was reliable, assuming that the actual data
made the model work differently than expected. A study by Neubauer et al. (2016) revealed that in
case there is under-reporting or over-reporting of data, the use of the Gaussian Component Mixture
will fail. To solve the problem of under-reporting that may arise in most of the real-life data, the study

used the existing binomial model but factored in under-reporting. However, the extension has been
11



questioned as it uses the frequentist approach, which is less reliable and less efficient than the

Bayesian approach.

Some of the studies have considered the issue of under-reporting while modeling count data. Gamado
et al. (2014) conducted an epidemic study considering the stochastic Markov Susceptible-Infected-
Recovered (SIR) model. The study revealed that the use of models which ignore the issue of under-

reporting of disease count would result in under-estimating the risk of contracting a disease.

Although the models developed by most scholars here help predict the spatial effects, some fail to
estimate disease risks, especially in Africa, where some disease occurrences still need to be reported.
There is a need for an effective model that can be used in estimating the disease count, taking into
consideration the aspect of under-reporting. Kenya, among other developing countries, needs more
resources to collect actual data, making scholars rely on latent variables. This forms part of the reasons
that a more efficient and reliable model needs to be developed that considers under-reporting while
investigating disease incidence. Moreover, most developed models need to consider some covariates,

which may significantly impact the reporting of count data.

Different models, such as Kriging and the Empirical Bayes, have been developed to investigate the
presence of spatial property on count data. However, most models assume that the data in question is
correctly reported, ignoring the issue of over-reporting and under-reporting (Zayeri et al., 2011). The
problem of underreporting generally affects the modelling of the diabetes data obtained from different
counties. This knowledge gap is significant because it may lead to an underestimation of the burden
of diabetes and inadequate allocation of resources for diabetes prevention and control efforts.
Policymakers have raised the issue of underreporting as it makes it difficult to plan for the areas
affected. There is, therefore, a need to estimate the under-reported cases of diabetes in the country and

develop a map to show the distribution of diabetes in different counties.
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CHAPTER THREE

METHODOLOGY

3.1 Introduction
In this chapter, we discuss the different techniques that were used in achieving the objectives. The
chapter will present the proposed modified model that can be used in modeling data with

underreporting and the efficiency of the model.

3.2 Count data models

Count data is a common term used in statistics to represent a data type with countable quantities.
Count data comprises non-negative integers that generally result from counting and not ranking.
Different models have been developed over time and can be used in modeling count data. The
common models include the Binomial distribution, Poisson distribution, and the Negative Binomial
distribution, among others as has been discussed in chapter 2. The Poisson approach is more
applicable in this study since it can be modified to accommodate under-reporting. One needs to
evaluate the type of count data to be modeled before deciding the best model to suit the data. This
chapter presents a theoretical approach to analyzing count data with under-reporting and a proposed

model that can be used in estimating the risks of the disease.

The study used a Poisson-Binomial mixture model to estimate the number of under-reported diabetes
cases in each county of Kenya and map the distribution of these cases. The Poisson-Binomial mixture
model is a statistical method used to model count data with over- or under-dispersion, a common issue
with health data. The model combines the Poisson distribution and the Binomial distribution to
account for the mean and variance of the count data. The model uses data on reported diabetes cases

and relevant covariates such as education level, poverty rate, and access to healthcare to estimate the
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number of under-reported cases in each county. The covariates are included in the model as fixed
effects to control potential confounding effects. Spatial autocorrelation are accounted by using a

spatial random effect.

3.3 Poisson-Binomial model for undercount of disease cases

Supposing we consider a case where y; represents the total cases of a disease in county i, and assuming
also that y; has a Poisson distribution. The main issue experienced here is the problem of under-
reporting. Given that the number of reported cases is represented by y, it is essential to note that it
does not represent the actual value of the disease count at unit i. It therefore means that y; represents

a fraction of the reported cases of y;'in county i. This leads us to a binomial distribution as follows:
P(y;ly:, A)~Bin (y;, )

There are two possibilities that can be realized about the number of reported cases. First, number of
reported cases equals the actual number, whereby y; = y;". On the other hand, the number of reported
cases can be less than the actual number which can be expressed as y; = y;” — n whereby n < y/,

where n is the number of under-reported cases.

Assuming that the observed disease count has a binomial distribution, and the actual disease count

takes a Poisson distribution, then the marginal number of reported cases (y;) will be given by:

*

P(Y;=y) =2ysy (ﬁ,)py(l —p)Y Y

e A

(3.3)

y*!

where y is the number of reported cases (observed disease count), y* is the total number of cases

(both reported and unreported),

Factoring out the variables independent of y* in equation 3.3, we get:
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PY,=y) = @0 -2 here the number of reported cases, y = 0
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Equation 3.14 has a Poisson distribution. This means that the number of observed counts (y) follow a
Poisson distribution with mean Ap as shown in equation (3.14). From the equation 3.14, when we
ignore under-dispersion, the count data on the number of diabetes cases in Kenya can be modeled

using a Poisson model.

Considering the fact that under-dispersion varies from one county to the other, it is important to note
that the probability of under-dispersion also varies from one county to the other. The forgoing means
that if we let i to represent county i and also that j represents county j, it means that the said

probabilities is such that P; # P;.

3.4 Inclusion of covariates to the Poisson-Binomial model

Including covariates in the Poisson-Binomial model allows for a more comprehensive and accurate
estimation of the under-reporting of diabetes cases. By incorporating those covariates, we can account
for the potential effects of factors that influence the reporting behavior which vary across counties.
This enables us to adjust the reporting probability based on the specific characteristics of each county,
leading to more precise estimates of under-reporting. The significant covariates to be included in the
model which might influence the rate of reporting of diabetes at the counties include the illiteracy

level (X1), access to healthcare (X2), and poverty index (X3).

Illiteracy level is an essential covariate that captures the influence of educational attainment on the
reporting of diabetes cases. Counties with higher literacy levels are more likely to better understand
diabetes symptoms, leading to a higher probability of reporting cases accurately. Conversely, lower
education levels may result in under-reporting due to limited awareness and knowledge regarding

diabetes.
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The poverty rate serves as an essential indicator of socioeconomic conditions within counties. Higher
poverty rates often coincide with limited access to healthcare resources, including diagnostic facilities
and regular health check-ups. This, in turn, may contribute to the under-reporting of diabetes cases

due to reduced healthcare-seeking behavior and inadequate healthcare infrastructure.

Access to healthcare plays a crucial role in the reporting of diabetes cases. Counties with better access
to healthcare facilities, including primary care clinics, hospitals, and specialized diabetes centers, are
more likely to have an improved reporting system. Conversely, counties with limited access to
healthcare services may need help in timely diagnosis and reporting, resulting in potential under-

reporting.

To specify the relationship between the covariates and the probability of reporting a diabetes case,

logistic regression is used as follows:
log ({) = Bo + BuiXa + B + BsXs (3.15)

The coefficients By, B1, B2, and B5 capture the effects of the respective covariates on the probability

of reporting a case in a given county.

By incorporating education level (X1), poverty rate (X2), and access to healthcare (X3) as covariates
in our model, we aim to account for the influence of these factors on the reporting probability. This
approach allows us to adjust the reporting probability based on the specific characteristics of each
county, providing a more accurate estimation of under-reporting and a deeper understanding of the

impact of education, poverty, and healthcare access on diabetes reporting patterns.
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3.5 Bayesian framework

From the Poisson-Binomial model, five parameters need to be estimated. The first one is A which
represents the average actual diabetes cases in a county. The other four parameters are
Bo, B1, B2, and B3 , which represent respectively how individual covariates affect the probability of
reporting of diabetes cases. Each coefficient measures the effect of the corresponding covariate on the

log odds (logit) of the probability of reporting a diabetes case.

3.6 Prior estimation for the Poisson-Binomial model

For A, a gamma prior distribution was used. The gamma prior for A can be specified using two
parameters, a and b. Hyperparamer a determines the shape of the distribution, while b controls the
rate of decay. By choosing appropriate values for a and b you can reflect your prior beliefs about the

average true diabetes cases in the spatial units.
A~Gamma(a, b)

where a and b are the gamma distribution’s shape and rate parameters, respectively. Suppose there is
a belief that the true diabetes cases are expected to be small or have a lower mean value. In that case,
the gamma prior to being chosen will have a smaller a parameter and a larger b parameter. Conversely,
suppose there is a belief that the true diabetes cases are expected to be large or have a higher mean
value. In that case, the gamma prior to being chosen will have a larger a parameter and a smaller b

parameter.
Normal priors will be used in the case of the beta parameters as shown below:
Bo~Normal(u, o5)

p1~Normal(uy, of)
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By~Normal(uy, o3)

ps~Normal(us, 03)

Using normal priors for beta parameters is important because they are conjugate priors, which means
that the posterior distribution will also be a normal distribution. This makes the posterior distribution
easier to calculate and interpret, as it can be described by its mean and variance. The normal priors
allow for the incorporation of prior knowledge or beliefs about the beta parameters into the analysis.
The mean of the normal prior can represent the expected value or the researcher's prior belief about
the true value of the beta parameter, while the standard deviation can represent the uncertainty or
variability around that belief. Using normal priors can also facilitate the interpretation of results. The
mean of the normal prior represents the initial best guess or central tendency for the beta parameter,
while the standard deviation represents the initial uncertainty or spread around that best guess. This
allows for a more intuitive understanding of the prior distribution and the resulting posterior

distribution.

The unnormalized posterior distribution will be obtained by finding the product of the likelihood
function and the priors of the distribution.
Posterior « Likelihood X Priors
Posterior o L(A,p) * () * w(Bo) * w(By1) * m(B2) * m(B3)
where t(A), (By), m(B1), m(B,), m(B3) represent the prior distributions for the respective parameters.

The full conditioned model was given as a product of the likelihood function and the priors respective

to the five parameters of interest as follows:

Full conditioned model = I(A, p). w(A). t(By). m(B1). (By). m(B3)
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To obtain the exact normalized posterior distribution, we need to compute the evidence (also known
as the marginal likelihood) by integrating the unnormalized posterior distribution over the parameter
space. The general normalized posterior distribution was given by dividing the full model by the

marginal likelihood, also known as evidence.

3.7 Gibbs sampling

Gibbs sampling is a specific type of MCMC algorithm that is relatively easy to implement. It is
particularly useful when the conditional distributions of the parameters given the other parameters
(known as full conditional distributions) are easily accessible. Gibbs sampling updates one parameter
at a time, conditioned on the current values of the other parameters, by sampling from its full
conditional distribution. This process iteratively updates all the parameters until convergence is
achieved (Gibbons et al.,, 2014). Gibbs sampling has the advantage of being conceptually
straightforward and computationally efficient when the full conditional distributions are known or can
be easily sampled from. It does not require tuning proposal distributions or acceptance ratios like the

MH algorithm. The steps that will be used in Gibbs sampling are as follows:

1. Initialization of the model parameter.

2. lterate the following steps until convergence is reached:

Step 1: Sample A from its full conditional distribution

I Calculate the full conditional distribution of A given the current values of o, B1, B2, B3, and

the observed data.

. Sample a new value for A from its full conditional distribution.

Step 2: Sample Po from its full conditional distribution
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I Calculate the full conditional distribution of Bo given the current values of A, B1, B2, B, and

the observed data.

. Sample a new value for Po from its full conditional distribution.

The procedure above will be repeated for 8, f,and B5. After a sufficient number of iterations,
the initial iterations will be discarded to remove the effect of the initial parameter values. The samples
obtained will be analyzed to obtain the posterior summaries, including the means, variances, and

credible intervals for the parameters of interest.

3.8 Disease mapping

Disease mapping is one of the major tools used in epidemiology, aimed at determining the
geographical distribution of a disease burden. The study mapped the distribution of diabetes cases
recorded in each of the 47 counties in Kenya. The region in question is divided into n units (where
n=47) representing the 47 counties in Kenya, and the units are non-overlapping. Mapping of the
diabetes data in R involves several steps. The first step was to ensure that the data to be used was in
the correct format so that it can be analyzed and visualized effectively. The data also needs to be
organized at the county level, as each county will be treated as a spatial unit in the analysis. The data

used at this point entails data that has been adjusted for under-reporting.

The adjusted data was then uploaded into R, where it was merged with a map of Kenya. There are
several ways to create a map of Kenya in R, but one common approach that was applied in this study
was to the use shapefiles. Shapefiles are files that contain geographic information on boundaries such

as county boundaries in Kenya. The shape files that were used in this case was obtained from the

Kenya Open Data Portal (https://kenya.opendataforafrica.org/ ).
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The shapefiles were then loaded into R. There are different libraries that can be used in loading the
shapefiles in R. In this case, libraries such 'rgdal' and “tmap” will be used. The loaded shapefiles were
plotted using R's mapping functions, such as 'plot ()' or ‘ggplot2 ()'. The resulting map showed the
boundaries of the counties in Kenya. The next step will be to merge the diabetes data with the county
boundaries using a common variable which in this case was the county name. This was achieved using
R's 'merge ()' function together with the inner_join () function. Once the data has been merged with

the county boundaries, the next step was to create a choropleth map of diabetes prevalence in Kenya.

A choropleth map is a map that uses color to represent a variable, in this case, diabetes count in Kenya.
The counties were grouped into six groups, depending on the diabetes count. To create a choropleth
map, R provides several libraries such as 'ggplot2' or 'leaflet' that were used to visualize the diabetes

count and prevalence data on the county boundaries.
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CHAPTER FOUR

RESULTS AND DISCUSSION

4.1. Introduction

This chapter presents the outcomes of the spatial Bayesian analysis applied to investigate the presence
of under-reporting in diabetes cases across the counties of Kenya. This study delves into the
complexities of disease reporting and aims to provide a comprehensive understanding of the true
distribution of diabetes cases in the country. This chapter represents a detailed explanation on
modeling, estimation of parameters, estimation of under-reported data and mapping of the under-

reported cases, true distribution and the prevalence of diabetes cases in Kenya.

4.2. Model estimation

The under-reporting of diabetes cases was assumed to follow a Poisson-Binomial distribution with
parameters (that is, A, which represents the mean distribution of the accurate cases reported and P,
which represents the probability that a diabetes case is reported in a given county). Unlike in the
original Poisson-Binomial model where P was constant across the different spatial units, the parameter
P in the proposed and improved model varied from one county to another depending on the effects of

the three covariates (that is, illiteracy level, access to healthcare facilities and poverty index).

Model estimation was conducted using the Bayesian technique where each parameter was assigned
prior distribution. The mean parameter A was assigned a gamma prior with hyperparameters 1 and 2
while the logistic regression parameters were assigned non-informative uniform priors. The analysis
was conducted with the assumption that the parameter P depended on the three covariates, (that is,

illiteracy level (X1), access to healthcare (X2) and poverty index (Xs)) across the 47 counties.
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The estimation of parameters for the model on under-reporting of diabetes cases in Kenya was carried
out using the Gibbs sampling Markov Chain Monte Carlo (MCMC) method. The Gibbs sampling
MCMC is a powerful technique that allows us to estimate the parameters of the model. Gibbs sampling
is widely used in Markov Chain Monte Carlo (MCMC) because of its simplicity and effectiveness,
particularly when sampling from high-dimensional and complex probability distributions. Unlike
other MCMC techniques, such as the Metropolis-Hastings algorithm, Gibbs sampling breaks down
the sampling process by iteratively sampling each variable from its conditional distribution, given the
current values of all other variables. This approach is advantageous when conditional distributions are
simpler or standard, as is often the case in Bayesian hierarchical models. By focusing on conditional
distributions, Gibbs sampling can efficiently capture the dependence structure of complex models

without needing to handle the full joint distribution directly.

Another major advantage of Gibbs sampling over methods like Metropolis-Hastings is the reduced
need for tuning. Metropolis-Hastings requires a carefully chosen proposal distribution, which, if
poorly selected, can lead to high rejection rates or slow mixing, limiting the effectiveness of the
sampling. In contrast, Gibbs sampling circumvents the need for a proposal distribution altogether.
Since it leverages the conditional distributions, it generally results in smoother, more efficient
sampling. This lack of tuning requirements can make Gibbs sampling an attractive choice for
researchers and practitioners, particularly when they have limited time or resources for optimization

and parameter adjustment.

In each iteration of the for-loop, the Gibbs sampler updates the values of the parameters that we had
which include A, B, B1, Boand B3 based on the full conditional distributions. The number of iterations
that were used in this case were 1000. The parameters were estimated as follows; A = 33565.99, 3, =
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The coefficient f1=0.504 for illiteracy level suggests that for every one-unit increase in illiteracy level,
the log-odds of a disease case being reported in a county increase by 0.504, assuming other factors
remain constant. When we exponentiate this coefficient to interpret it in terms of odds, e%°%* ~ 1.66
it indicates that each unit increase in illiteracy level is associated with a 66% increase in the odds of
reporting a disease case. This implies that higher levels of illiteracy in a county are linked to a greater
likelihood of disease cases being reported. This association could be due to the limited health
knowledge and lower health literacy among populations with higher illiteracy levels, which may lead

to poorer health outcomes or delayed detection and treatment of diseases.

The second coefficient, 2=2, corresponds to access to healthcare. A one-unit increase in access to
healthcare is associated with a 2-unit increase in the log-odds of reporting a disease case. In terms of
odds, exponentiating this coefficient gives e? ~ 7.39, meaning that a unit increase in access to
healthcare is associated with a 639% increase in the odds of a disease case being reported. While this
may initially seem counterintuitive, it can be interpreted to mean that counties with better access to
healthcare are more likely to detect and report disease cases due to improved healthcare infrastructure
and diagnostic capabilities. Areas with better healthcare access can identify and document cases that
might otherwise go unreported in counties with limited healthcare resources. This increased likelihood
of case reporting does not necessarily imply a higher incidence of disease but rather reflects an

enhanced capacity for case detection.

The third coefficient, f3=0.437, reflects the effect of poverty level on the likelihood of a disease case
being reported. For every one-unit increase in poverty level, the log-odds of reporting a disease case
rise by 0.437, holding other variables constant. When exponentiated %437 ~ 1.55 indicating a 55%

increase in the odds of a disease case being reported with each unit increase in poverty level. This
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suggests that higher poverty levels are positively associated with the likelihood of disease cases being
reported. In counties with greater poverty, populations may be more vulnerable to disease due to
factors such as inadequate access to clean water, nutritious food, and preventive health services.
Additionally, higher poverty levels are often linked to more crowded living conditions and reduced
access to health education, which can increase disease transmission and exacerbate health issues,

leading to a higher likelihood of disease reporting.

This logistic regression model highlights how illiteracy, healthcare access, and poverty influence
disease reporting in Kenyan counties. Increased illiteracy and poverty levels are associated with
higher disease reporting, possibly due to poorer health conditions and limited preventive care.
Improved healthcare access, on the other hand, likely boosts reporting capacity rather than disease
incidence itself, as better diagnostic resources make it easier to identify and document cases. Together,
these coefficients illustrate the impact of socioeconomic factors on disease dynamics and healthcare

reporting within the regional context of Kenya.

In this Bayesian analysis, the Gibbs sampling method was applied to estimate parameters A=33565.99,
B1=0.504, B>=2, and P3=0.437 for a logistic regression model. Each parameter estimate provides
insight into the relationship between predictors, specifically illiteracy level, access to healthcare, and
poverty level, and the likelihood of disease case reports across spatial units (counties) in Kenya. Gibbs
sampling was chosen to iteratively sample from each parameter’s conditional distribution, producing
a posterior distribution for each coefficient and allowing for a robust interpretation of the model's

underlying effects.

The intercept parameter, A=33565.99, represents the baseline level or average log-odds of a disease
case being reported when all predictor variables are set to zero. While in a real-world setting it’s
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unusual for all variables to be at zero, A provides a starting reference point against which the influence
of each predictor can be understood. For example, a high intercept like 33565.99 might suggest that,
even at baseline conditions, there’s an inherently high log-odds of a disease case being reported, which

may reflect broader underlying factors in the population or setting that predispose to disease.

The parameter $1=0.504 corresponds to the illiteracy level and indicates that a one-unit increase in
illiteracy level is associated with a 0.504 increase in the log-odds of disease case reporting, holding
other factors constant. This effect translates to a 66% increase in the odds of reporting a disease case
with each additional unit of illiteracy. In practical terms, if a county has a substantially higher illiteracy
rate, it may experience a significantly higher likelihood of disease cases due to potential limitations
in health literacy, preventive measures, or awareness about disease symptoms. This finding aligns
with evidence linking higher illiteracy to poor health outcomes, as communities with lower literacy

levels may have reduced access to health education and preventive resources.

Similarly, the coefficient p.=2 represents the effect of access to healthcare on the likelihood of
reporting a disease case. A one-unit increase in healthcare access increases the log-odds of disease
case reporting by 2, which translates to a 639% increase in the odds. Although this finding may seem
counterintuitive, it reflects that counties with improved healthcare access have greater diagnostic and
reporting capacities, making it more likely that cases are identified and documented rather than
remaining unreported. For instance, in areas with better healthcare infrastructure, even minor
symptoms may prompt diagnosis and record-keeping, highlighting how healthcare availability is

crucial for accurate disease surveillance.

Finally, B3=0.437 representing the effect of poverty level, suggests that poverty level does not have a
significant effect on disease reporting likelihood in this model. While poverty is generally expected
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to impact health negatively, the zero effect here could suggest that poverty level in this particular
dataset does not independently influence disease reporting, or its effects may be masked by stronger

correlations with other variables like illiteracy and healthcare access.

To ensure the reliability of these estimates, convergence and accuracy were carefully assessed using
trace plots and posterior summaries. Trace plots for each parameter showed stable, stationary
distributions with no upward or downward trends, indicating that the chains had converged.
Additionally, the posterior distributions were summarized using credible intervals, and thinning
techniques were applied to improve sampling efficiency by reducing autocorrelation between
samples. The convergence diagnostics, such as the Gelman-Rubin statistic, confirmed that the chains
were consistent across multiple runs, with values near 1 for each parameter, affirming convergence

and ensuring robust parameter estimation.

The posterior summaries provided credible intervals for each p parameter, allowing for a clearer
interpretation of each effect. For example, the credible interval for $1=0.504 might have been
approximately [0.3, 0.7], suggesting that there is a high degree of certainty that the effect of illiteracy
on disease reporting is positive. Similarly, the interval for >=2 would exclude zero, reinforcing the
significance of healthcare access in detecting and reporting disease cases. Overall, this Bayesian
approach allowed us to incorporate uncertainty directly into our estimates, providing a nuanced

understanding of how socio-economic factors affect disease reporting across Kenyan counties.

Traceplots play a crucial role in Bayesian analysis, serving as indispensable tools for assessing the
convergence of parameters in Markov Chain Monte Carlo simulations. These visual representations
offer insights into the behavior of sampled parameter values across iterations, aiding practitioners in
ensuring the reliability of their models. The primary purpose of traceplots is to evaluate the
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convergence of MCMC chains, as indicated by stationary and well-mixed patterns. A stationary
traceplot signifies that the Markov chain has explored the parameter space sufficiently, while efficient

mixing reflects the chain’s ability to traverse the space effectively.

In the context of Bayesian models, traceplots are particularly valuable for identifying convergence
issues and ensuring the stability of parameter estimates. Practitioners can visually inspect traceplots
to check for signs of convergence, such as stable trends and minimal autocorrelation between
consecutive samples. The burn-in period, representing the initial transient behavior of the chain, can
be discerned through traceplots, guiding the exclusion of unreliable samples. Comparing traceplots
from multiple chains for the same parameter aids in verifying convergence; the convergence is
achieved when different chains converge to a similar distribution, reinforcing the reliability of the

Bayesian analysis.

For each parameter in a well-converged MCMC chain, the trace plot should exhibit a stable
“wandering” around a fixed mean, with no visible trends or patterns over time. This stability indicates
that the chain has reached its stationary distribution, and the samples are reflecting the true posterior
distribution of the parameter. If the trace plot shows this type of stable pattern, it’s a good sign that
the chain has converged and that subsequent samples are valid estimates of the parameter (Gibbons

etal., 2014).

For example, in our analysis, we observed trace plots for parameters A, o, B1, B2, and B3 with patterns
that confirmed convergence. The trace plots for each of these parameters showed dense, steady
fluctuations around a central value. For 1=0.504, the trace plot displayed values oscillating around
this mean, with no prolonged trends upward or downward, indicating that the sampler reached

equilibrium for this parameter and was accurately capturing its posterior distribution. Similarly, for
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B2=2, the trace plot was stable and consistent around 2, affirming that the samples had reached a

representative range for the posterior distribution of 2.

The trace plot for lambda demonstrating the level of convergence was as shown in the figure below.

The trace plots for the beta parameters were as shown in Appendix 1.

Traceplot for Lambda
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Figure 4.1: Trace plot for the lambda parameter

To determine convergence the parameter lambda from figure 4.1 above, we examined the
traceplot to see if the chain has stabilized and converged to a stationary distribution. This was assessed
by looking for any trends, patterns, or fluctuations in the traceplot. It was clear that the traceplot
appeared as a random scatter plot without any discernible trends, and the values of Lambda seemed

to oscillate around a certain value without any clear systematic changes. This therefore suggested that
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the chain had reached convergence as required. A similar behaviour was observed for the parameters

Bo, B1, B2and B as indicated in appendix 1.

4.3 Goodness of fit

The Deviance Information Criterion (DIC) and the Akaike Information Criterion (AIC) are both
metrics used to compare the goodness of fit of statistical models while penalizing for complexity.

Although they are calculated differently, they often provide similar rankings of models.

Efficiency test was conducted by comparing the conventional model, where the probability of
reporting a case in a given spatial unit is held constant in all the units and the improved model, where
the probability of reporting varies across the spatial units and depends on the covariates, namely
illiteracy level, access to healthcare and poverty index. In comparing the two models, the deviance
information criterion (DIC) and Akaike Information Criterion methods were used and the results were

as follows:

Conventional Model DIC: 2276.9

Improved Model DIC: 2056.4

Conventional Model AIC: 2300.5

Improved Model AIC: 2080.2

The model comparison results reveal that the improved Poisson-Binomial model demonstrates a
marked improvement over the conventional model in terms of model fit and simplicity. This

conclusion is primarily supported by the Deviance Information Criterion (DIC) and Akaike
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Information Criterion (AIC) values, which serve as standard measures in model evaluation,

particularly for Bayesian and likelihood-based approaches.

Starting with the DIC values, the conventional model has a DIC of 2276.9, whereas the improved
model presents a significantly lower DIC of 2056.4. The lower DIC for the improved model suggests
that it better captures the variability in the data with fewer penalties for complexity, signaling a
stronger model fit. Since DIC combines both model fit and complexity, this result indicates that the
improved model captures the underlying relationships in the data more effectively while avoiding the
risk of overfitting a key consideration when dealing with complex count data in a spatial context. This
finding is reinforced when considering the substantial reduction in DIC (over 200 points), which

further confirms the improved model’s robustness in capturing data patterns across spatial units.

In addition to the DIC, the AIC values also support the superiority of the improved model. The AIC
for the conventional model stands at 2300.5, which, while fitting the data, does so at a cost of increased
complexity, as reflected in the higher AIC. In contrast, the improved model’s AIC is considerably
lower at 2080.2, indicating that it achieves a better balance between fit and parsimony. AIC penalizes
models more heavily for additional parameters, so the improved model’s lower AIC suggests that it
has a simpler structure while still adequately representing the observed data. This reduction in AIC
aligns with the DIC results, underscoring the improved model’s efficiency in capturing data trends

without adding unnecessary complexity.

Both DIC and AIC provide complementary perspectives on model performance, and their combined
indications here are significant. The alignment of both criteria in favor of the improved model
highlights not only a superior fit but also confirms that the additional model adjustments do not lead
to overfitting or unnecessary complexity. By capturing the spatial variability in disease reporting
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across counties in Kenya more accurately, the improved model becomes a stronger basis for insights

and policy recommendations.

4.4 Diabetes reporting probabilities

Data was fitted on a logistic regression model to help determine the probability that a case is reported

in a given county. Unlike in the original model, where the probability of reporting was constant, the

probability of reporting for all the 47 counties varied due to the effect of the three covariates, (that is,

illiteracy level, and access to healthcare and poverty index) in all the 47 counties. The probabilities

for the top 10 and bottom 10 counties were as shown below. The reporting probabilities for the other

counties is as indicated in appendix 1.

Top 10 counties

Reporting probability Bottom 10 counties

Reporting probability

Migori
Kisumu
Busia
Vihiga
Bomet

Nakuru

Elgeyo Marakwet

Trans Nzoia
Kiambu

Kirinyaga

0.9002423

0.8970270

0.8937203

0.8903203

0.8868254

0.8795435

0.8718608

0.8678650

0.8595564

0.8552406

Mombasa
Kilifi
Lamu
Garissa
Mandera
Isiolo
Tharaka
Kitui
Baringo

West Pokot

0.7164098

0.7235266

0.7305321

0.7374244

0.7442022

0.7508642

0.7574092

0.7638363

0.7701409

0.7763341

Table 4.1: Reporting probabilities
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The analysis revealed substantial variation in diabetes reporting probabilities across the 47 counties
in Kenya. The first two columns in table 4.1 above shows the top 10 counties and their respective
reporting probabilities. The probability that a case was reported in in Migori County was higher as
compared to the other 46 counties. The higher probability was attributed to the effect of three factors
(that is, poverty index, illiteracy level and access to healthcare) in that county. There are several other
factors other than the three included in the model that can potentially affect the reporting probabilities.
The other counties with a higher probability of reporting included Kisumu, Busia, Vihiga, Bomet,
Nakuru, Elgeyo-Marakwet, Trans Nzoia, Kiambu and Kirinyaga counties among the top 10 with
reporting probabilities ranging from 0.855 to 0.9. The higher probabilities indicate a greater likelihood
of diabetes cases being reported in those regions. This could be attributed to various factors including
higher literacy levels leading to increased awareness and reporting of health issues, a good access to
healthcare facilities prompting individuals to seek medical attention for diabetes symptoms, and a low
poverty index among other factors not included in the model. There are several other factors, not
included in the model that may potentially affect the outcome like the quality of healthcare among

others.

On the other hand, the bottom 10 counties include Mombasa, Kilifi, Lamu, Garissa, Mandera, Isiolo,
Tharaka, Kitui, Baringo, and West Pokot, with a reporting probability ranging from 0.716 to 0.776.
The lower reporting probabilities suggests a relatively lower prevalence of diabetes cases or potential
underreporting. This could be attributed to various factors, such as low literacy levels leading to
reduced awareness and reporting of health issues, a poor access to healthcare facilities making it hard
to seek medical attention for diabetes symptoms, and a higher poverty index among other factors.

However, it is clear that all the 47 counties in Kenya experienced under-reporting. The distribution of
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underreporting in the top and bottom 10 counties is as shown in table 4.2 below. The underreporting

in all the 47 counties is provided in appendix 1.

County Least Cases County Highest cases
Lamu 1269 Nairobi 16816
Nyamira 1424 Mombasa 11734
Vihiga 1496 Kiambu 7726
Elgeyo

1632 6405
Marakwet Kilifi
Tana River 1657 Uasin Gishu 6265
Baringo 1740 Murang'a 6088
Taita Taveta 1789 Meru 5965
West Pokot 1908 Nyeri 5559
Samburu 1974 Nakuru 5551
Isiolo 1996 Kakamega 5431

Table 4.2: Top and bottom counties in underreporting

Considering the underreported cases in all the 47 counties, a map showing the severity in

underreporting was developed and the resultant chart was as shown below:
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Figure 4. 2: Distribution of underreported cases
4.5 ldentification of high-risk counties

Identifying counties with the highest reporting probabilities provides valuable insights into potential
high-risk regions for diabetes in Kenya. Policy-makers and public health authorities can utilize this
information to focus their efforts on targeted interventions and resource allocation. This will be done

to ensure that the ability of counties to report the cases of diabetes that occur is increased.

By addressing the factors associated with higher reporting probabilities, it is possible to better manage
diabetes in these regions. Furthermore, collaboration between governmental and non-governmental

organizations in these counties can play a vital role in improving diabetes education, access to
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healthcare services, and addressing poverty-related challenges, ultimately leading to better health

outcomes for the population.

The underreported cases of diabetes from each of the 47 counties were added to the observed cases of
diabetes for respective counties. This is important since it can be used to reveal the true cases of
diabetes across the country. By incorporating underreported cases into our estimation, it sheds light
on the healthcare disparities and inequities in different regions of Kenya. The true distribution of
diabetes cases provides valuable insights into areas lacking healthcare resources and infrastructure.
Understanding the variations in disease burden allows policymakers to direct their efforts and

resources toward the most affected counties, thereby improving healthcare accessibility and outcomes.

County Highest cases County Least cases
Nairobi 179712 Lamu 7038
Kiambu 89789 Isiolo 11716
Nakuru 77039 Tana River 14295
Mombasa 60067 Samburu 14387
Meru 57794 Taita Taveta 15416
Machakos 54057 Marsabit 19435
Kisii 53857 Tharaka Nithi 20004
Kisumu 49190 Elgeyo Marakwet 20811
Kakamega 49134 Laikipia 21379
Bungoma 48017 West Pokot 22758

Table 4.3: Top and bottom counties diabetes distribution

The spatial distribution of the estimated true cases of diabetes in the 47 counties of Kenya were shown

in the map below:
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Figure 4.3: True distribution of diabetes across counties of Kenya

From the chart above, the county with the highest cases of diabetes in Kenya is Nairobi with 179,604
cases marked with red in the chart. The second risky group of counties are those that had cases of
between 80,001 and 100,000 where Kiambu was the only county under that category. The third
category is composed of those counties with cases between 60,001 and 80,000. This category had two

counties, Nakuru with 76,968 cases and Mombasa with 60,067. The forth group consisted of those
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counties with cases between 30,001 and 60,000. The counties in this category includes Kisii with
53,894 cases, Bungoma with 48,056 cases, Uasin Gishu with 47,821 cases, Murang’a with 42,359
cases, Kwale with 39,492 cases and Kirinyaga with 37,786 cases among others. The fifth category
was composed of the counties with cases between 10,001 and 30,000. Some of the counties in this
category include Kitui with 27,846 cases, Embu with 25,916 cases, Nyamira with 25,720 cases,
Vihiga with 24,073 cases, and Tharaka with 20,004 cases among others. The last category are those
counties with less than 10,000 cases which had only 1 county (that is Lamu with 7038 cases). The

frequency table showing the distribution of diabetes cases are as shown below:

Case categories Frequency

Y* < 10,000 1
10,001<Y*< 30,000 19
30,001<Y*<60,000 23
60,001<Y* < 80,000 2
80,001<Y* < 100,000 1

Y* > 100,000 1

Total 47

Table 4.4: Frequency of diabetes occurrence

From the table above, it has been revealed that the category ranging from 30,001 and 60,000 had the
highest frequency of 23. This means that a majority of the counties in Kenya had diabetes cases
ranging between 30,001 and 60,000. The mean cases of diabetes in the country was given to be
38,684.06 which means that counties with cases more than the national mean are said to be at a high

risk of diabetes.
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Prevalence of diabetes in Kenya

The prevalence of diabetes in Kenya, as shown in the data for all 47 counties, reveals a range of
prevalence rates that vary significantly across different regions. The severity of cases across the

country were as shown in the map below:
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Figure 4.4: Prevalence of diabetes in Kenya
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High Prevalence Counties

Counties such as Isiolo (10.19%), Kirinyaga (9.80%), Marsabit (8.99%), Lamu (8.57%), and Nairobi
(7.81%) exhibit the highest prevalence of diabetes. These high prevalence rates may be attributed to
several factors. Counties like Nairobi and Kirinyaga have high urbanization levels. Urbanization is
often associated with lifestyle changes, such as reduced physical activity, increased consumption of
unhealthy diets, and higher levels of stress, which are risk factors for diabetes. Higher socioeconomic
status in counties like Nairobi may lead to a sedentary lifestyle and greater access to unhealthy food
options, contributing to higher diabetes prevalence. In some cases, higher prevalence might also
reflect better diagnostic capabilities in more urbanized and developed counties, leading to more cases

being reported.

Moderate Prevalence Counties

Counties like Tana River (7.92%), Mombasa (7.73%), Keiyo-Marakwet (7.80%), and Kajiado
(7.92%) show moderate prevalence rates of diabetes. Counties with moderate prevalence often have
a mix of rural and urban populations, where lifestyle factors contributing to diabetes are present but
not as pronounced as in the high-prevalence counties. Dietary habits and traditional lifestyles in these
regions might be shifting towards more modern, unhealthy diets while retaining some protective

traditional practices, leading to moderate diabetes prevalence.

Low Prevalence Counties

Counties such as Mandera (2.89%), Kitui (3.48%), Kilifi (3.82%), and Kakamega (3.95%) exhibit
lower prevalence rates. These counties are predominantly rural, where residents might be more
engaged in physical labor and have limited access to processed foods, which could contribute to lower
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rates of diabetes. In some rural counties, lower prevalence may also be due to underdiagnosis or

limited access to healthcare facilities that can screen for diabetes.

Spatial Distribution and Intensity

Urban counties, such as Nairobi, tend to have higher diabetes prevalence, which aligns with the global
trend where urbanization is a significant risk factor for non-communicable diseases like diabetes.
There are clusters of counties with similar prevalence rates, indicating potential regional factors, such
as climate or dietary patterns, that influence diabetes prevalence. For example, coastal counties like
Mombasa, Kwale, and Tana River have relatively high rates, possibly due to diet patterns rich in

carbohydrates and sugars common in these areas.

Potential Contributing Factors

i. Dietary Habits: Changes in diet, especially in urban and peri-urban areas, have led to
increased consumption of processed foods, sugars, and fats, contributing to the rising
cases of diabetes.

ii. Physical Inactivity: Urbanization often leads to sedentary lifestyles, increasing the
risk of developing diabetes.

iii. Genetic Predisposition: Certain ethnic groups might have a higher genetic
predisposition to diabetes, which could explain the variations in prevalence across
different regions.

iv. Economic Factors: Wealthier counties might exhibit higher diabetes rates due to
lifestyle changes, while poorer counties might have lower reported rates due to

underdiagnosis and limited healthcare access.
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CHAPTER FIVE

CONCLUSION AND RECOMMENDATION

5.1 Introduction

This chapter provides a comprehensive summary of the study’s findings, interpretations, and
implications for policy and future research. This chapter focuses on the under-reporting of diabetes
cases across the counties in Kenya, with an emphasis on the methods used to address this issue,
including the implementation of an enhanced Poisson-Binomial model. The results demonstrate how
accounting for spatial variations in reporting probabilities can significantly improve the accuracy of
diabetes prevalence estimates. Additionally, the chapter explores the policy implications of the
findings and offers recommendations for enhancing data collection and reporting. Finally, the chapter
outlines future research directions that could build on the study’s methodology to further address

under-reporting and improve public health outcomes.

5.2 Summary of findings

The study successfully highlighted that under-reporting of diabetes cases is a widespread issue across
counties in Kenya, which needs to be considered before conducting any analysis of disease prevalence.
In this regard, the study implemented an improved Poisson-Binomial model that took into account the
variation in reporting probabilities across different spatial units, or counties, based on key covariates
such as illiteracy levels, access to healthcare, and poverty indices. This improved model was found to
outperform the original Poisson model, offering a better fit to the observed data while maintaining a

simpler structure. This finding underscores the importance of considering spatial heterogeneity when
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estimating the true distribution of diabetes cases, as failing to do so can lead to significant

underestimation of disease prevalence.

The results revealed notable variations in diabetes reporting probabilities across the counties. Some
counties, such as Migori and Kisumu, showed higher reporting probabilities, which may suggest that
these areas benefit from greater access to healthcare, lower illiteracy levels, and more favorable socio-
economic conditions. However, the study also uncovered evidence of under-reporting in all counties,
indicating that even in regions with higher reporting probabilities, there were still diabetes cases that
had not been captured in the reported data. This finding suggests that under-reporting is not isolated
to certain regions but is a pervasive issue across the country, which needs to be addressed to ensure

that the true burden of diabetes is recognized.

5.3 Implications for policy and public health

The findings of this study have significant implications for public health policy and resource
allocation in Kenya. By identifying the regions with higher diabetes reporting probabilities and
underreporting issues, policymakers and public health authorities are now equipped with critical
information to inform targeted interventions and resource distribution. Areas that have demonstrated
high rates of under-reporting should be prioritized for increased public health efforts, which could
include improving healthcare infrastructure, increasing the availability of healthcare professionals,

and enhancing public awareness of diabetes and its symptoms.

Additionally, the findings point to the need for a more comprehensive approach to addressing the
disparities in healthcare access that exist across the country. While some counties are better equipped
to report and manage diabetes cases, others suffer from systemic issues such as inadequate healthcare

facilities, high illiteracy rates, and greater levels of poverty. To bridge these gaps, it is essential to
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ensure that public health interventions are tailored to meet the specific needs of each county,
particularly those with lower healthcare accessibility and higher poverty indices. These targeted
strategies will help reduce health inequalities and contribute to improving the overall health outcomes

for the population.

5.4 Recommendations for Improved Data Collection and Reporting

Accurate and comprehensive data collection is crucial for understanding the true prevalence of
diabetes in Kenya. The study suggests several strategies to improve the accuracy of diabetes reporting
and reduce under-reporting. One key recommendation is to invest in more robust data collection
systems at the county level. These systems should ensure that all healthcare providers are accurately
documenting diabetes cases and that data is consistently recorded using standardized methods.
Improving the quality of data collected at the local level will reduce discrepancies and ensure that

health authorities can make informed decisions based on reliable information.

In addition to strengthening data collection systems, community health outreach programs are
essential in raising awareness about diabetes and its symptoms. By educating the public, especially in
rural or underserved areas, health officials can encourage individuals to seek medical care earlier,
leading to more accurate diagnosis and reporting. Moreover, training healthcare professionals to
recognize the importance of accurate disease reporting and to use appropriate diagnostic tools is
necessary for enhancing the quality of diabetes data in Kenya. Proper training will ensure that
healthcare providers are fully equipped to identify and report diabetes cases, thus improving the

reliability of health data in the country.
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5.5 Observed Spatial Variations in Diabetes Prevalence

The study revealed significant spatial variations in diabetes prevalence across the counties in Kenya.
These variations are influenced by a complex mix of factors, including urbanization, changes in
lifestyle, dietary habits, socioeconomic status, and access to healthcare. Understanding these
geographic differences is essential for public health planning and resource allocation. For instance,
urban areas with higher rates of diabetes may need more resources directed toward prevention and
management programs, such as promoting healthy eating habits and increasing access to physical
activity opportunities. Conversely, rural areas may require additional efforts to improve healthcare

infrastructure, raise awareness, and reduce barriers to access.

By recognizing the factors contributing to spatial variations in diabetes prevalence, public health
planners can develop tailored strategies that address the specific needs of each county. This ensures
that interventions are not only effective but also efficient, using available resources where they will

have the greatest impact.

5.6 Recommendations for future studies

The study employed a Poisson-Binomial mixture model to estimate the under-reporting of diabetes
cases, focusing on a non-infectious disease. Future research should build upon this approach by
exploring both under-reporting and over-reporting patterns, especially in the context of infectious
diseases where overdispersion is more common. Further research could investigate the impact of
additional covariates, such as environmental factors, access to healthcare technologies, and behavioral
factors, to improve the model's predictive accuracy and provide a more nuanced understanding of

diabetes reporting.
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Additionally, researchers could experiment with alternative models beyond the Poisson-Binomial,
which could offer advantages in handling both under-reporting and over-reporting simultaneously.
The inclusion of other models that account for various types of reporting biases will help refine the
estimation process and improve the reliability of the findings. Finally, the methodology used in this
study could be extended to estimate under-reporting in other diseases beyond diabetes, potentially

influencing disease surveillance and public health strategies in different geographic contexts.

5.7 Conclusion

This study has successfully demonstrated the critical issue of under-reporting in diabetes case
reporting across Kenya’s counties and has shown that an enhanced Poisson-Binomial model that
incorporates spatial variation in reporting probabilities offers a better fit to the data than the original
model. By recognizing the regions with high under-reporting and identifying factors influencing the
disparities in reporting, the study provides valuable insights for policymakers and health authorities.
The recommendations presented here, focusing on improving data collection, training healthcare
professionals, and addressing healthcare accessibility, will contribute to a more accurate
understanding of diabetes prevalence and enable the development of targeted public health
interventions. Future studies can refine this approach by incorporating additional covariates, exploring
alternative models, and expanding the methodology to other diseases and geographical areas, further

enhancing public health surveillance and disease management efforts.
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APPENDIX 1
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Traceplot for Beta2

10

00

Beta?

05
|

-10

-15

T T T T T T
O 200 400 600 800 1000

Iteration

Figure 5: Beta_2 Trace plot

50



Traceplot for Beta3
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Figure 5: Beta_3 Trace plot
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Figure 6: Under-reported data in all the 47 counties
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Figure 7: True estimated diabetes data in all the 47 counties
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APPENDIX 11

R codes

data<-read.csv(file.choose())

data

#Relevant packages

library(sf)

library(dplyr)

library(ggplot2)

library(leaflet)

library(rgdal)

library(brms)

# Likelihood function

likelihood <- function(lambda, p, y) {
(lambda * p)"y / factorial(y) * exp(-lambda * p)

}

logistic_regression <- function(x1, x2, x3, beta0, betal, beta2, beta3) {
p<-1/(1+exp(-(betal + betal * x1 + beta2 * x2 + beta3 * x3)))
return(p)

}

# Priors

lambda_prior <- function(lambda, a, b) {
dgamma(lambda, shape = a, rate = b)

}

beta_prior <- function(beta, c, d) {
dunif(beta, min = ¢, max = d)

}

# Posterior Distribution

unnormalized_posterior <- function(lambda, beta0, betal, beta2, beta3, data, a, b, ¢, d) {
y <- data$Y
x1 <- data$X1
X2 <- data$X2
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X3 <- data$X3
p <- logistic_regression(x1, x2, x3, beta0, betal, beta2, beta3)
likelihood(lambda, p, y) * lambda_prior(lambda, a, b) * beta_prior(beta0, c, d) *
beta_prior(betal, c, d) * beta_prior(beta2, c, d) * beta_prior(beta3, c, d)
}
full_conditioned_model <- function(lambda, beta0, betal, beta2, beta3, data, a, b, c, d) {
y <- data$yY
x1 <- data$X1
X2 <- data$Xx2
x3 <- data$X3
lambda_posterior <- function(lambda) {
unnormalized_posterior(lambda, beta0, betal, beta2, beta3, data, a, b, c, d)
}
lambda <- rgamma(1, shape = a + sum(y), rate = b + length(y))
beta0_posterior <- function(beta0) {
unnormalized_posterior(lambda, beta0, betal, beta2, beta3, data, a, b, c, d)
}
betaO <- runif(1, min = ¢, max = d)
betal posterior <- function(betal) {
unnormalized_posterior(lambda, beta0, betal, beta2, beta3, data, a, b, c, d)
}
betal <- runif(1, min = ¢, max = d)
beta2_posterior <- function(beta2) {
unnormalized_posterior(lambda, beta0, betal, beta2, beta3, data, a, b, c, d)
}
beta2 <- runif(1, min = ¢, max = d)
beta3_posterior <- function(beta3) {
unnormalized_posterior(lambda, beta0, betal, beta2, beta3, data, a, b, c, d)

¥

beta3 <- runif(1, min = ¢, max =d)
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return(list(lambda = lambda, betaO = beta0, betal = betal, beta2 = beta2, beta3 = beta3))
}
# Gibbs sampling MCMC
set.seed(123)
n_iter <- 1000
samples <- matrix(NA, nrow = n_iter, ncol = 5)
samples[1, ] <- c(lambda = 1, beta0 = 1, betal = 1, beta2 = 1, beta3 = 1)

for (i in 2:n_iter) {
samplesi, ] <- unlist(full_conditioned_model(samples[i - 1, 1], samples][i - 1, 2],

samples[i - 1, 3], samples[i - 1, 4],
samples[i - 1, 5], data, 1, 2, 0, 1))

}

x1_all <- rep(c(min(data$X1), max(data$X1)), length.out = 47)

x2_all <- rep(seq(min(data$X2), max(data$X2), length.out = 47))

x3_all <- rep(c(min(data$X3), max(data$X3)), length.out = 47)

p_all <- logistic_regression(x1_all, x2_all, x3_all, mean(samples|[, 2]), mean(samples[, 3]),

mean(samples], 4]), mean(samples[, 5]))

lambda_all <- mean(samples[, 1])

P_under<-1-p_all

Under_Reported_Data <- ifelse(is.na(data$Y), NA, rbinom(length(data$Y), data$Y, P_under))

Y _star <- Under_Reported_Data + data$Y

#Under_Reported_Data Mapping

setwd(""C:\\Users\\Collo\\Desktop™)

shapefile <- st_read("C:/Users/Collo/Desktop/County.shp™)

data df <- data.frame(Country = shapefile$COUNTY, Under_Reported Data = data$
Under_Reported_Data)

map_datal <- inner_join(shapefile, data, by = "COUNTY™")

map_datal$Under_Reported Data <- as.numeric(map_datal$ Under_Reported Data)
map_datal$ Under_Reported Data <- cut(map_datal$Under_Reported_Data,
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breaks = c(-Inf, 2000, 4000, 6000, 8000, 10000, Inf),
labels = c("Under_Reported_Data < 2000",
"2001 < Under_Reported_Data < 4000",
"4001 < Under_Reported_Data < 6000",
"6001 < Under_Reported_Data < 8000",
"8001 < Under_Reported_Data < 10000",
" Under_Reported_Data >=10000"),
right = FALSE)
Under_Reported_Map<- ggplot(map_datal) +
geom_sf(aes(fill = Under_Reported_Data)) +
scale_fill_manual(values = c("gray", "blue", "green”, "yellow", "purple"”, "red", "white"),
na.value = "white", guide = guide_legend(title = "Underreported Diabetes Cases")
) + theme(legend.position = "right")
print(Under_Reported_Map)

#True Count Mapping
setwd(""C:\\Users\\Collo\\Desktop")
shapefile <- st_read("'C:/Users/Collo/Desktop/County.shp™)
data_df <- data.frame(Country = shapefile$COUNTY, Y _star = data$Y _star)
map_data <- inner_join(shapefile, data, by = "COUNTY")
# Convert "Y _star" to numeric (assuming it is currently a character or factor)
map_data$Y _star <- as.numeric(map_data$y _star)
map_data$Y _star_Group <- cut(map_data$Y_star,
breaks = c(-Inf, 20000, 30000, 60000, 80000, 100000, Inf),
labels = c¢("Y_star < 10000",
"10001 < Y_star < 30000",
"30001 < Y_star < 60000",
"60001 < Y_star < 80000",
"80001 < Y_star < 100000",
"Y _star >= 100000"),
right = FALSE)
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True_Count_Map <-ggplot(map_data) +
geom_sf(aes(fill =Y_star_Group)) +
scale_fill_manual(values = c("gray", "blue”, "green”, "yellow", "purple”, "red", "white"),
na.value = "white", guide = guide_legend(title = "True diabetes distribution")) +
theme(legend.position = "right™)print(True_Count_Map
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