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DEFINITIONS OF TERMINOLOGIES 

Modern contraceptives: is a method of preventing pregnancy by using a procedure or a product. 

 

Bayesian analysis: this inference approach involves applying prior beliefs to the expected data. 

 

Prior distribution: refers to a probability distribution that represents what the model knows before 

seeing the data. 

 

Posterior distribution: refers to a probability distribution that represents what the model knows 

after having seen the data. 

 

Markov Chain Monte Carlo: is a technique that is used for integral approximations. It relies on 

computer simulations of random variables to produce an approximation technique that converges 

with the number of simulations produced. 

 

Women of reproductive age:  women who fall under the age bracket 15-49 years. The term is 

used interchangeably with women of childbearing age. 
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ABSTRACT 

Background: Modern contraception is the use of a medical device or medical procedure to prevent 

pregnancy.  In order to achieve the set Sustainable Development Goals (SDGs), there is need to 

control population growth.  This can be achieved by advocating for use of modern contraceptives, 

which are effective in achieving family planning.  This study aimed to evaluate spatial variation 

of modern contraceptive use, as well as determine significant factors associated with modern 

contraceptive use.   

 

Methods: We used data from Kenya Demographic and Health Survey 2022 to evaluate factors 

associated with modern contraceptive use.  Four models, which used the Bayesian approach to 

estimate model parameters, were fitted in WinBUGS software.  These models were compared 

and used to deduce significant factors associated with modern contraceptive use.   

 

Results:  There was spatial variation of modern contraceptive use across the 47 counties of 

Kenya.  North Eastern counties displayed low prevalence (<10%) of modern contraceptive use, 

while majority of the counties in the Central region displayed high prevalence (>50%) for 

modern contraceptive use.  There were 3%-reduced odds of using modern contraceptives for 

every year increase in age.  Islam had a 53% reduced odds for modern contraceptive use.  Living 

with partner had the highest odds of utility for modern contraceptives (OR: 5.71; CI: 6.44-5.07).  

The odds of modern contraceptive use ranged from 1.32-1.47 across all levels of wealth index.  

Higher education recorded the highest odds (OR: 3.49; CI: 2.96-4.10) of modern contraceptive 

use compared to no education. 

 

Conclusions: Given the regional disparities in modern contraceptive use, family planning 

programs that are county-specific need to be designed.  Individual socio-economic and 

demographic factors played an important role in modern contraceptive use in Kenya.  With 

devolution of health, the findings from this study can be used to inform policy makers at both the 

national and county level.  Additionally, the national government can use this study to allocate 

resources to counties.  Likewise, counties can use this study to budget for health and in particular 

reproductive health.    
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1.  CHAPTER ONE: INTRODUCTION 

 1.1 Study Background 

Contraception is the intentional prevention of pregnancy through use of various methods, devices, 

sexual practices, chemicals, drugs and surgical procedures.  Methods of contraception are broadly 

categorized into two, namely: the traditional method and the modern method.  The traditional 

method includes sexual abstinence - complete avoidance of sexual intercourse and periodic 

abstinence - avoiding sexual intercourse during fertile days of menstrual cycle.  Coitus interruptus 

(withdrawal) is also classified as a traditional method of contraception (Jain & Muralidhar, 2011).    

 

Globally, the need for contraception in 2020 was at fifty eight percent.  This need has increased 

and has been satisfied by using modern contraceptives from seventy three point six percent in 2000 

to seventy six point eight percent in 2020 (Bongaarts, 2020).   

Only fifty five percent of women of reproductive age in sub-Saharan Africa and Western Asia 

have their family planning needs met (Bongaarts, 2020).  The proportion of unmet contraceptive 

need in married and unmarried women in Kenya is fourteen percent and nineteen percent 

respectively (KNBS & ICF, 2023).  The use of contraceptives is low among those who reside in 

rural areas, married before the age of 18, and had more than nine children (Kamuyango et al., 

2020).  Evaluation of county-specific coverage of modern contraception usage and exploration of 

the characteristics associated with their use provided a fuller knowledge of where the gap is per 

county in Kenya following devolution of health services.  The national and county governments 

of Kenya, policy makers, non-governmental organizations and other relevant stakeholders can use 

this study to bridge identified gaps.  

  

Worldwide, it has been estimated that approximately 35 per 1000 women had an abortion each 

year between 2010 – 2014 (Sedgh et al., 2016).  These abortions have been exacerbated by non-

use of contraceptives or use of ineffective contraceptives.  The rate of unsafe abortion in the East 

African region stands at 36 per 1000 women, with 18 percent of these contributing to maternal 

deaths.  Adolescents are the highly affected group with approximately sixty six percent at risk 
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(WHO, 2012).  The leading cause for maternal death and mortality in Kenya is abortion.  Every 

12 out of 1000 women received post abortion care after undergoing unsafe abortions (Mohamed 

et al., 2015).  This proportion could be higher as the reported rate was only for women who went 

to a health facility to be treated for abortion complications.  One of the ways of reducing and 

curbing these abortions is advocating for use of modern contraceptives.  Incidences of unwanted 

pregnancies and unsafe abortions will be greatly reduced and this will be in line with achieving 

the set sustainable development goals (SDGs).  In order to accelerate achievement of the set goals, 

there is need to tackle and address unsustainable population growth (Jatana, 2020). 

 

Various circumstances and needs for family planning warrant a difference in the type of 

contraceptive method used.  Factors that influence the method used include the number of children 

desired, timing and spacing of births, marital status, and age of a woman at reproductive age.  

Choice of contraceptives is also dependent on whether a couple wants to delay pregnancy for a 

short or long period.  Shorter acting methods are preferred where pregnancy is delayed for a few 

months or a couple of years.  Awareness of the side effects of the different contraceptives is also 

an important factor in determining the type of contraceptives used  (UN, 2019).   

 

This study aims to identify geographic variances in factors related to modern contraceptives use 

among Kenyan women of reproductive age.  In order to realize United Nations Foundation together 

with other agencies commitment of universal access to reproductive health care, it is important to 

know what factors affect contraceptive use in the different sub-national regions in Kenya.  

Decisions made will be more individualized and specific for counties, as opposed to generalization.  

The outcome of this study will show variations in uptake of modern contraceptive use, guide 

targeted interventions and inform policies aligned with maternal and reproductive health. 

 

1.2 Statement of the research Problem  

 Kenya as a developing country has still not been able to achieve zero poverty, good health and 

well-being, which are part of the SDGs aimed at improving the standard of living for its people.  

This has not been achieved due to poor reproductive health practices and reduced health support 

caused by political instability, corruption and post-election violence.  These factors have had a 

major setback in making progress towards achieving the set goals (Kibui et al., 2015).  To date, 
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there are still reported cases of teenage pregnancies, unwanted pregnancies, and unsafe abortions 

(KNBS & ICF, 2023). 

On the other hand, the misconception of contraceptive use and lack of education has resulted in 

families bearing many children relative to their household income.  The population of Kenya, as 

per the 2019 census, was forty seven point six million and yet the resources to support this growing 

population are very scarce (Kenya National Bureau of Statistics, 2019).  The cycle of poverty is 

exacerbated by continued population growth that outcompetes the available resources.  The need 

to control population growth is urgent and this can be achieved through advocacy of modern 

contraceptives use.   

According to our knowledge, spatial analysis of contraception in Kenya has been done on women 

seeking post-abortion care.   Unlike this current study, Mutua et al. (2019) only conducted their 

study on contraception only on women seeking post-abortion care. This current study focused on 

all women of age groups 15-49 years in Kenya.  In addition, we used data collected in 2022 hence 

providing a recent update of modern contraceptive use.  Another study that conducted spatial 

analysis of contraceptive use in Kenya was done on women living with HIV/AIDS (Okoli et al., 

2019).  First, similar to the study conducted by Mutua et al. (2019), this study was only limited to 

women living with HIV/AIDS.  Secondly, the outcome of interest was status of contraceptive use.   

For the current study, our focus was on the status of modern contraceptive use as opposed to just 

any contraceptive method.  Modern contraceptives are more effective in preventing pregnancy 

compared to traditional methods and with this, more informed policies can be made.   

 

1.3 Justification 

This research will serve as an important foundation for Kenya's constitutional mandate that 

everyone has a right to the best possible level of health, including reproductive health rights.  By 

dissecting the factors affecting use of modern contraceptives, policies to support and enhance their 

use can be formulated and strengthened.  In addition, with the devolution of health services, 

counties can use this study as reference in evaluating the performance of modern contraceptives 

uptake in their respective counties.  This will trigger ways to improve uptake and will be in line 

with Kenya’s health policy, which aims to manage and control population growth (Kibui et al., 

2015). 
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The study's target population was females between the ages of 15 and 49.  This age group is 

economically productive, and any challenge imposed on it will pose a negative impact on the socio-

economic growth of a country.  Consequently, a negative socio-economic growth will delay the 

government’s progress in achieving the set SDGS.  Therefore, it is of great importance to ensure 

that women in this age bracket are well educated on family planning to make informed decisions 

about reproductive health.   

This study was conducted in the forty-seven counties of Kenya and focused on spatial analysis of 

modern contraceptive use.  Methodology used can be borrowed for future studies around the same 

topic or even other areas of research.  Specifically, the application of binary logistic mixed effects 

model will not only provide the overall estimates for status of modern contraceptive use but as 

well as cluster estimates.  Cluster estimates can be used to provide targeted interventions.  

 

1.4 Research question 

 Did the use of modern contraceptives in Kenya vary across sub-national administrative units 

(counties) in 2022? 

 

1.5 Objectives of the study 

1.5.1 Broad Objective 

To model factors influencing spatial variation of modern contraceptive use across the 47 counties 

of Kenya using KDHS 2022 data. 

 1.5.2 Specific Objectives 

(i) To fit fixed effect model for factors affecting modern contraceptive use amongst women 

of childbearing age in Kenya in 2022. 

(ii) To fit mixed effects model (non-spatial random effects) for factors affecting modern 

contraceptive use amongst women of childbearing age in Kenya in 2022. 

(iii)To fit mixed effects model (spatial random effects) for factors affecting modern 

contraceptive use amongst women of childbearing age in Kenya in 2022. 

(iv)  To estimate county specific coverage of modern contraceptive use for all the 47 counties 

in Kenya using a conditional autoregressive (spatial) model. 
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2.  CHAPTER TWO: LITERATURE REVIEW 

This chapter reviewed literature on contraceptives.  It captured an overall view of contraceptive 

use and preferred methods, the various factors affecting contraceptive use in different regions and 

spatial analysis methods used to estimate the coverage of contraceptives at sub-national level. 

 

2.1 Contraceptive methods and preference  

Modern contraception is defined as the interference with reproduction with medical products or 

procedures.  Methods used for modern contraception can be categorized as either reversible or 

permanent.   Temporary (reversible) methods can further be classified into short-term or long-term 

options.  Short-term options include the pill, condom, injectable hormones, diaphragm or 

spermicides, while long-term methods encompass Intrauterine device (IUD) or hormonal implant.  

On the other hand, permanent (irreversible) methods  include vasectomy and tubal ligation 

(Hubacher & Trussell, 2015).   

Female sterilization is the most widely practiced form of contraception in the world.  Forty five 

point two percent contraceptive users worldwide are on permanent and long-term methods, forty 

six point one percent rely on short-term methods while eight point seven percent rely on traditional 

methods (UN, 2019).  In another study, condoms, oral contraceptive pills, withdrawal and rhythm 

were the choice of contraceptives amongst women around the world (Wang et al., 2020). 

With a prevalence rate of nine point six percent, Sub-Saharan Africa (SSA) is the only region 

where injectables are the preferred method (UN, 2019).  Ninety nine percent of women in Kenya 

are familiar with modern contraceptive methods while eight four percent are conversant with 

traditional methods.  Male condoms are the most used method of contraceptives in Kenya (ninety 

six percent), followed by injectables at ninety five percent and oral pills at ninety four percent 

(Munga et al., 2014).   

Preferred type of contraceptive method varied globally from country to country.  While condom 

use was reported to have a prevalence of 89 percent in Greece, its prevalence in Nigeria was 2.7 

percent.  On the other hand, Iceland reported a prevalence of 59.5 percent for oral contraceptive 

pill while South Africa reported 1.9 percent prevalence for the same oral contraceptive pill (Wang 

et al., 2020).  In the same study by Wang et al. (2020), it was reported that rhythm and withdrawal, 

which are ineffective methods of contraception, were still being used in some countries (China and 
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Greece) despite availability of highly effective methods of contraception today.  There is therefore 

a huge gap for modern contraceptive use that needs to be addressed across the globe.  

 

2.2 Unmet need of contraceptives use  

Data based on 1247 surveys for 195 countries or areas around the world showed that as of 2019, 

1.1 billion women between the ages of 15 and 49 require family planning.  Those who use modern 

methods are 842 million while the remaining 80 million use traditional methods.  However, there 

is a gap with 190 million people wanting to avoid pregnancy but not using any form of 

contraception (UN, 2019).  Unmet need for contraceptive use varies across the Sub-Saharan 

Africa.  It is highest in Sao Tome and Principe (thirty eight percent) as well as Ghana and Liberia 

(thirty six percent).  Egypt has the lowest unmet need for contraception of twelve percent.  

Generally, SSA is lagging behind with nearly two-thirds of the countries having more than twenty-

five percent unmet need for family planning (Sedgh & Hussain, 2014). 

 

2.3 Spatial distribution of contraceptive use 

Contraceptive use varied across the region in Rwanda and Kenya (Habyarimana & Ramroop, 

2018; Okoli et al., 2019).  In Rwanda, the use of contraceptives was higher in Northern Province 

districts and lower in Western province districts.  On the other hand, the Kenyan study showed 

that contraceptive use amongst women living with HIV across the country varied and spatial 

analysis on intention to use contraceptive was not any different.  There was spatial variation on 

intention to use contraceptives as demonstrated by a study done by Gilano and Hailegebreal (2021) 

in Ethiopia.   Gambella, Benishangul, Addis Ababa, Southern Nations, Nationalities and Peoples’ 

Region (SNNPR), Tigray, Amhara, and Oromia had the highest prevalence of intention to use 

contraceptives compared to other regions.  

 

2.4 Factors affecting choice of contraceptives 

In a study done by United Nations (UN, 2019), contraceptive choice of method varied from woman 

to woman depending on their needs at a given time.  Method of contraceptive used was dependent 

on preference and needs of an individual.  A woman who was not sexually active or did not have 

a partner went for short-term methods like use of condoms, oral pills as opposed to the long-term 
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methods such as IUD (UN, 2019).  When compared to short-term methods of contraception, a 

woman who intended to postpone conception or prevent future pregnancies was more likely to use 

an IUD (Mutua et al., 2019). 

Availability and accessibility of a contraceptive also determined the type of contraceptive used. 

Individual’s personal experience with certain contraceptives was another factor that informed 

choice of contraceptives used.  How effective the method was, side effects and inconveniences 

associated with particular contraceptives made one prefer one contraceptive method to the other 

(UN, 2019).  Eleven percent of women in Kenya for instance discontinued contraceptive use due 

to side effects associated with it (Munga et al., 2014). 

 

2.5 Factors affecting contraceptive use 

 Studies in the past have shown that various demographic, socio-economic, and regional factors 

were significantly associated with utilization of contraceptives.  Age, parity, religion, spouse 

approval, residence, education, wealth status, work, marital status, location of the health facility, 

family planning messages, and stock outs were some of the variables associated with contraceptive 

use.  Age and parity were positively associated with the use of contraceptives.  Use of 

contraceptives increased for every one year increase in age apart from the age group (40-49 years) 

(Nyarko, 2020).  On the other hand, Munga et al. (2014) in Kenya and Habyarimana and Ramroop 

(2018) in Rwanda found that contraceptive use was higher amongst women with more children. 

 

Contraception odds were lower for Muslim women in Ghana than for Christian women, and they 

were considerably lower for traditional and spiritual women (Nyarko, 2020).  Mutua et al. (2019) 

and Habyarimana and Ramroop (2018) found that Catholics had lower rates of contraceptive use 

compared to non-Christians or Christians from other denominations.  If a respondent or their 

spouse approved the use of contraceptives, then the likelihood of utilizing them was high 

(Palamuleni, 2013).  Women who lived in cities in Ethiopia were more likely to use contraceptives 

compared to their rural counterparts (Admassu & Tegegne, 2021).  Likewise, Munga et al. (2014) 

and Kamuyango et al. (2020) concluded that contraceptive use amongst women living in urban 

areas was higher. 

Education and employment increased the odds of utilization of contraceptives.  The likelihood of 

using contraceptives amongst women who attained a higher education level and were employed 
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was higher compared to those who did not receive formal education and were unemployed in 

Ghana (Nyarko, 2020).  In Kenya, the unmet need of family planning increased with decreasing 

level of education (Munga et al., 2014).  The education level of a woman as well as that of her 

husband showed that a woman was most likely to use contraceptives if she and her partner attained 

a higher education (Kamuyango et al., 2020).  Women with no education and primary education 

had a low prevalence for contraceptive use (Okoli et al., 2019).  

Different studies had varying findings regarding the relationship between contraceptive usage and 

wealth index.  For instance, in one study done in Kenya, the unmet need for contraceptives was 

notably high among women belonging to the lower socio-economic strata (Munga et al., 2014).  

In contrast, a study conducted in Ghana found that women hailing from more affluent households 

had a lower likelihood of using contraceptives compared to their counterparts from impoverished 

households (Nyarko, 2020). 

There were lower odds of contraceptive use amongst women who were not married compared to 

those who were married or were cohabiting in Ghana (Kamuyango et al., 2020; Nyarko, 2020).  

Expectedly, women who had an easy access to provision of health services had a higher prevalence 

for using contraceptives in Ethiopia (Admassu & Tegegne, 2021).  Women who were educated by 

a health care practitioner  on contraceptives were positively influenced to use them (Admassu & 

Tegegne, 2021; Habyarimana & Ramroop, 2018). 

 

2.6 Spatial analysis of contraceptive use 

Spatial proximity, aggregation methods, cluster detection techniques, spatial interpolation and 

smoothing methods, multivariable spatial regression, Bayesian regression models and spatial 

autoregressive models are some of the spatial methods that are used in modelling spatial data  

(Auchincloss et al., 2012). 

Habyarimana and Ramroop (2018) carried out a study in Rwanda to determine the spatial effects 

of socio-economic and demographic factors associated with contraceptive use in the country.  Four 

models were developed where deviance information criterion (DIC) was used to determine the 

best model fit.  The outcome of the models was contraceptive use status (whether a person uses 

contraceptives or not) hence it was modelled using binary logistic regression model.  This model 

had categorical explanatory variables, which were fixed and assumed to have linear effects on the 

outcome variable.  Model two not only included the explanatory variables but also factored in 
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spatial effects and non-linear effects.  In model three, all predictor variables were modelled as 

fixed effects and structured random effects as structured spatial effects, which catered for 

unobserved covariates.   Model four included a structured spatial effect on model two.  Estimation 

of parameters was done using Bayesian analysis.  Diffuse priors were assigned to all fixed 

regression parameter while the second order Gaussian random walk priors were assigned to non-

parametric continuous covariates.  A Gaussian Markov random field specified as an intrinsic 

conditional autoregressive prior distribution was used to model the structured spatial effects.  The 

prior distributions were combined with observed data to obtain posterior distribution, which were 

modelled to obtain a full Bayesian inference. 

Nyarko (2020) carried out a Bayesian multilevel analysis in Ghana to identify geographic 

variations and socioeconomic factors influencing the adoption of modern contraceptives.  To 

determine the regional modern contraceptive prevalence, a generalized linear model was fitted by 

region.  A map was then generated by merging the fitted values with a shape file.  Integrated Nested 

Laplace Approximations were used to estimate a Bayesian generalized mixed model, which 

examined how socioeconomic factors affected the use of contemporary contraceptives.  Uniform 

priors were assigned to all regional level and population level parameters and a multilevel logistic 

regression model was fitted.  Region of residence was used as a random effect in estimating a three 

multi-level logistic regression.  Model one was used to determine the effects of socio-economic 

factors while models two and three were used for controlling demographic factors and regional 

aggregate factors respectively.  The posterior distribution was used to obtain posterior means from 

which odds ratios and credible intervals were calculated. 

Spatial analysis was conducted in a study done in Ethiopia where they wanted to evaluate intention 

to use contraceptives and the associated factors (Gilano & Hailegebreal, 2021).  There were 

hierarchies at individual and community level hence a multilevel logistic regression model was 

done to account for the variations within and between communities.  Community level variance 

was used to estimate intra-community correlation.  Case to total proportion ratio was obtained by 

cross-tabulating weighted frequencies of dependent variables and cluster numbers.  The results 

obtained were combined with coordinate data and using ArcGIS 10.7 the pattern of the data across 

the study area was obtained.  Global Moran’s Index was used to determine if intention to use 

contraceptives was dispersed as clustered or random.   A hot spot analysis was also done to evaluate 

how intention to use contraceptives varied across the region.  A hot spot showed high intention to 
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use contraceptive while a cold spot showed low intention to use contraceptives.  Spatial 

interpolation was employed using ordinary kriging and empirical Bayesian kriging and these 

helped to estimate intention to use contraceptives in areas where data was not collected.  SaTscan 

statistics was used to determine significant clustering of intention to use contraceptives across the 

region.  Four models were built for the multilevel binary logistic level analysis. The first model 

was an intercept only model and this model helped determine the variation among clusters. The 

second model included fixed effects variables while the third model included random effects 

variables. The full model was inclusive of both fixed effects, which were taken to be individual 

level variables, and random effects, which were community-level variables.   
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3.  CHAPTER THREE: METHODOLOGY 

3.1 Introduction 

In this chapter, we consider techniques and strategies for this study. Anything related to the data 

including the study design, sampling criteria, data collection, and description of the study 

participants and data analysis were discussed in detail in this chapter.  A description of the 

conceptual framework, the study variables, study area, and the study population is well explained 

in this chapter.   

 

3.2 Study area 

This study was conducted in Kenya, which covers an area of 580,367 square kilometers.  Kenya 

is an East African country and is divided into 47 counties with a total population of approximately 

47.6 million.  The female population is approximately 24 million, while the male population is 

estimated to be 23 million (Kenya National Bureau of Statistics, 2019).  The country has four 

cities: Mombasa, Kisumu, Nakuru, and Nairobi, which is its capital city.  The Lake Victoria basin, 

the Rift Valley, the highlands, the eastern plateau forelands, the semiarid and arid parts of the north 

and south, and the coast are among the various geographical regions that make up Kenya.  

Tanzania, South Sudan, Ethiopia, the Indian Ocean, Somalia, and Uganda form its northern, 

eastern, southern, and western borders, respectively. 

 

3.3 Study design 

Analytical cross-sectional study design.  Data was collected by interviewing individuals at one 

time point during the survey.  

 

3.4 Study population 

The study involved women aged 15-49 years. 

3.4.1 Inclusion and exclusion criteria 

Inclusion criteria 

 Women aged 15-49 years. 

 Individuals recruited and interviewed during the survey. 
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 Individuals that consented to the study. 

 Women whose data is available on KDHS 2022. 

Exclusion criteria 

 Women outside age bracket 15-49 years 

 

3.5 Sample size determination and sampling strategy  

The 2022 Kenya Demographic Health Survey (KDHS) used a master sampling frame from Kenya 

Household Master Sample Frame (K-HMSF).  The K-HMSF was developed by selecting 10,000 

enumeration areas (EAs) out of 129,067 EAs obtained from the Kenya Population and Housing 

Census data.  Four equal sub-samples were obtained randomly from the 10,000 EAs. The first sub-

sample was used to obtain the sample that used in this survey.  Each of the 47 counties in Kenya 

was divided into rural and urban.  These strata were obtained for sampling.  Nairobi and Mombasa 

were considered purely urban resulting in 92 strata. 

A total of 42,300 households were divided into 25 households each, leading to 1692 clusters across 

the country.  The rural areas were assigned 1062 clusters, while the urban areas were assigned 666 

clusters. A two-stage sample design was used in 2022 KDHS.  In the first stage, Equal Probability 

Selection Method (EPSM) was used to obtain the 1692 clusters.  A household listing was obtained 

from all the selected clusters, forming the list of households used as the sampling frame for second 

stage of selection.  In the second stage, 25 households were selected from each cluster.  Some 

clusters had fewer than 25 households resulting in the selection of all households in these clusters.  

As a result, 42,022 households were included in the 2022 KDHS sample. The unit of analysis 

comprised 32,156 individual women of reproductive age (15-49 years) (KNBS, 2023).  

 

3.6 Study variables and their method of measurement 

Data was imported into STATA version 14.2 where the desirable variables were filtered.  The data 

was weighted and summary description for each of the variables of interest was conducted.  The 

outcome variable for this study was modern contraceptive use, which was measured at the 

individual level.  This was generated from the variable “current use by method type,” which had 

four levels: no method, folkloric method, traditional method, and modern method.  A binary 

outcome variable was created by coding use of modern contraceptives as “1” and any other method 



 

 
13 

as “0”.  The sample size for individuals of other Christian denominations, Orthodox, Hindu and 

Traditionists was very small, so these categories were combined into one, forming a combined 

religion category.   

Two predictor variables, age and parity, were measured as discrete variables.  Dummy variables 

were created for all the other variables since they had more than one level.  For these variables, 

“1” was assigned if response was true and “0” if otherwise.  The specific references that were used 

were “no education” for the level of education, “other” for religion, “never in union” for marital 

status and “poorest” for the wealth index variable.  Spatial characteristics, which included the 

forty- seven counties in Kenya, were included to assess spatial random effects.  A detailed table of 

how the variables were coded has been demonstrated on appendix C. 

 

3.7 Conceptual framework 

The conceptual framework entailed two major components: the dependent variable and the 

independent variables.  The dependent variable pertained modern contraceptive use status of 

women aged 15-49 years.  The independent variables were classified into three major categories: 

individual characteristics, household characteristics, and spatial characteristics.  Individuals were 

nested within households while households were nested within counties.  Therefore, it was 

necessary to account for the hierarchical effect, leading to the adoption of a mixed effect binary 

logistic regression model for analysis.   

 

Wealth index and residence variables constituted the household characteristics.  Individual 

characteristics encompassed employment status, level of education, age, parity, religion and 

marital status.  Spatial characteristics entailed the administrative boundaries of Kenya, which 

comprised its 47 counties.   
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Figure 1: Relationship between dependent variable and independent variables 

 

3.8 Data Collection   

DHS is a program that conducts household surveys nationally.  The data collection instrument 

comprise three questionnaires: the household questionnaire, the men’s questionnaire, and the 

women’s questionnaire.  For this study, we retrieved data from the women’s questionnaire where 

an interview was conducted among women aged 15-49 years.  
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3.9 Data processing and analysis 

The data downloaded from DHS program was initially imported into STATA version 14.2 for 

processing.  In STATA, the software was used to filter the desired variables.  Subsequently, the 

data was exported to R version 4.1.3 and subjected to weighting.  Data cleaning and manipulation 

was done in R. A descriptive data analysis was done in R after which, the data was exported into 

WinBUGS software version 1.4 for Bayesian analysis.  

Four models were fitted to examine factors associated with modern contraceptive use.  For all the 

four models, the dependent variable, which was status of modern contraceptives use, was constant.  

The variable had two responses; yes coded as “1” and no coded as “0” and hence followed a 

Bernoulli distribution.  Modern contraceptive status in all the four models was represented by yj.  

 Let y  be the outcome for use of modern contraceptive use.  “1” denoted “Success” and “0” denoted 

“failure” for use of modern contraceptives.  Four models were fitted based on the objectives of the 

study. 

 

3.9.1: To fit fixed effect model for factors affecting modern contraceptive use amongst women 

of childbearing age in Kenya in 2022. 

In this model, we adjusted for the effect of fixed factors on modern contraceptive use.  All variables 

(and levels) for: age, religion, residence, wealth index, marital status, employment status, 

education, and parity were fitted in a binary logistic regression model.  The general equation for 

model one was:  

y ~ Bernoulli (p)                                                                                                                      

logit (p) = βo + β1x1 + β2x2 + β3x3 + . . . + βkxk                                                                                      (3.1) 

where,  

p is the probability of modern contraceptive use, 

βo is the y intercept,  

β1, β2, β3,…,βk are  regression coefficients for the independent variables x1, x2, x3 and xk 

respectively. 

 



 

 
16 

3.9.2: To fit mixed effects model (non-spatial) for factors affecting modern contraceptive use 

amongst women of childbearing age in Kenya in 2022. 

All variables (and levels) for: age, religion, residence, wealth index, marital status, employment 

status, education, and parity as well as the non-spatial random effect component were adjusted to 

form a binary logistic mixed model.  The general equation for model two was: 

y ~ Bernoulli (p)                                                                                                                      

logit (p) = βo + β1x1 + β2x2 + β3x3 + . . . + βkxk + vj                                                            (3.2) 

vj    ~ N (0, ) 

where, 

 βo is the y intercept,  

β1, β2, β3,…,βk are  regression coefficients for the independent variables x1, x2, x3 and xk 

respectively, and vj is the non-spatial random effect. 

vj  follows normal distribution with mean 0 and precision .  

Non-informative priors were given to the coefficients, βi,~N(0.0001,0.0001) 

 

3.9.3: To fit mixed effects model (spatial) for factors affecting modern contraceptive use 

amongst women of childbearing age in Kenya in 2022. 

Model three accounted for both fixed effects and spatial random effects.  All variables (and 

levels) for: age, religion, residence, wealth index, marital status, employment status, education, 

and parity as well as the spatial random effect component were adjusted for to form a binary 

logistic mixed model.  The spatial random effect component followed a conditional auto 

regression process (CAR).   The general formula for model three was:  

y ~ Bernoulli (p)                                                                                                                      

logit (p) = βo + β1x1 + β2x2 + β3x3 + . . . + βkxk +uj                                                            (3.3) 

uj ~ CAR (ρ, W)  

where;  

βo is the y intercept,  

β1, β2, β3,…,βk are  regression coefficients for the independent variables x1, x2, x3 and xk 

respectively, uj is the spatial random effect, 

Non-informative priors were given to the coefficients, βi,~N(0.0001,0.0001) 
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CAR is conditional autoregressive distribution,  

ρ is the spatial correlation parameter. 

W is the neighborhood structure matrix. 

 

3.9.4: To estimate county specific coverage of modern contraceptive use for all the 47 counties 

in Kenya using a conditional autoregressive (spatial) model. 

Lastly, the fourth model accounted for fixed effects, non-spatial and spatial random effects.  All 

variables (and levels) for: age, religion, residence, wealth index, marital status, employment 

status, education, and parity as well as the non-spatial and spatial random effect components 

were fitted to form a binary logistic mixed model.  The general form of the model was: 

y ~ Bernoulli (p)                                                                                                                      

logit (p) = βo + β1x1 + β2x2 + β3x3 + . . . + βkxk +uj+vj                                                       (3.4) 

vj ~ N (0, ) 

uj ~ CAR (ρ, W) 

where;  

βo is the y intercept,  

β1, β2, β3… βk are  regression coefficients for the independent variables x1, x2, x3 and xk respectively, 

and uj is the spatial random effect. 

Non-informative priors were given to the coefficients, βi,~N(0.0001,0.0001) 

vj  follows normal distribution with mean 0 and precision .  

uj  follows conditional autoregressive distribution. 

ρ is the spatial correlation parameter. 

W is the neighborhood structure matrix. 

 

3.10 Model validation  

The four models were compared using Deviance Information Criteria (DIC) value.  The best 

model fit was determined by using the DIC value whereby, the smaller the DIC the better the 

model.  
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DIC is the sum of two components.  The first component quantifies the model fit and it is 

measured through posterior expectation of the deviance, which is given by: 

D (θ) = -2log (p (y|θ)                                                                                                                  (3.5) 

The second component evaluates the complexity of the model and is given by: 

PD = Eθ|y (D(θ)) – D (Eθ|y (θ)) = 𝐷̅ – D(θ̅)                                                                                    (3.6) 

Given the first and second component,  

DIC = D̅ + PD 

Where, 

D̅ is the average of the deviance for each data point in the data set. 

PD is the effective number of parameters in the model, which accounts for model complexity. 

D̅ is the average deviance across posterior samples of the model parameters.  

D (𝜃̅) is the deviance at the posterior means of the parameters. 

 

3.11 Sampling weights  

To reduce sample variability, DHS data is usually selected with unequal probability.  This 

introduces bias in the data making it unfit to be used for inference.  Weighting needs to be applied 

to correct sampling design as well as differential response rates.  In DHS surveys, sampling 

weights are usually provided but this need to be applied in the data for analysis.  In this study, we 

used individual weight for women (v005) which was already provided. 

The general formula for calculating weights in Bayesian models is: 

p̂𝑖 =  
∑ ∑𝑤𝑖𝑘𝑦𝑖𝑘

∑ ∑𝑤𝑖𝑘
                                                                                                                    (3.7) 

where, 

p̂i is the weighted proportion of the total population in area i. 

𝑤𝑖𝑘 is a weight, which is given by the inverse of the probability that the kth person in the ith area is 

sampled. 

 𝑦𝑖𝑘  denotes the binary variable indicating if the kth individual from area i has the outcome of 

interest (𝑦𝑖𝑘 = 1) or (𝑦𝑖𝑘 = 0) 
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3.12 Bayesian approach 

Parameter estimation for all the four models was done using the Bayesian approach.  For this 

study, it was impossible to collect status of modern contraceptive use for each woman living in 

Kenya.  The ability of Bayesian approach to use prior information for parameter estimation was a 

desirable attribute.  In Bayesian inference, the prior distribution and likelihood were specified 

and then we determined the posterior distribution.   

 

3.12.1 Prior distribution 

In all the four models, all parameters were assigned a prior distribution.  This study used non-

informative priors that had prior ignorance of the model parameters.  All the priors followed a 

normal distribution with a mean of 0.0001 and precision of 0.0001.  Hyperpriors for non-spatial 

and spatial random effects followed a gamma distribution since they could only assume positive 

values.  These priors had little to no effect on the posterior distribution allowing for the data 

collected to make more inference on the posterior distribution.   

 

3.12.2 Likelihood of the model 

As seen above, y | (p) ~ Bernoulli (p) and the Bernoulli probability mass function is p(y|p) = py × 

(1-p)1-y 

Then the likelihood for Bernoulli distribution was be given by: 

L(p) = ∏
 

 𝑝𝑦 ×𝑛
𝑖=1 (1 − 𝑝)1−𝑦                                                                                                 (3.8) 

 

Since from equation (3.4) Logit (p) = βo + β1x1 + β2x2 + β3x3 + . . . + βkxk+ uj + vj 

Hence,  

Logit (p) = log (p/1- p)) 

p = exp {βo + β1x1 + β2x2 + β3x3 + . . . + βkxk + uj + vj}/(1+ exp {βo + β1x1 + β2x2 + β3x3 + . . . + βkxk 

+ uj  + vj}                                                                                                                                  (3.9)                                                           

 

Hence,  

L(p) = ∏
 

 𝑝𝑦 ×𝑛
𝑖=1 (1 − 𝑝)1−𝑦 can be written as; 
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L(p) = exp {βo + β1x1 + β2x2 + β3x3 + . . . + βkxk + uj + vj}/(1+ exp {βo + β1x1 + β2x2 + β3x3 + . . . + 

βkxk + uj  + vj)}
y  × (1+ exp {βo + β1x1 + β2x2 + β3x3 + . . . + βkxk + uj + vj}/(1+ exp {βo + β1x1 + 

β2x2 + β3x3 + . . . + βkxk + uj  + vj)}
1-y                                                                                        (3.10)                                                                                   

                                                                                                                             

3.12.3 Posterior distribution 

A posterior distribution was generated through the product of the likelihood and prior information, 

which were specified in the model. 

P (j|Data) ∝P (Data|j) × pj                                                                                                        (3.11)    

Where, 

P (j|Data) is the probability of posterior distribution given the data. 

P (Data|j) is the likelihood of the model. 

pj is prior information.                                     

3.12.4 Sampling algorithm 

Markov chain Monte Carlo (MCMC) technique was used to simulate the process in WINBUGS 

statistical software using an algorithm.  The model was replicated several times using pre-

determined number of iterations (100,000) in a markovian process to enhance model convergence 

and improve on validity of the estimates. Gibbs sampling was applied to obtain sequence of 

observations.  

3.12.5 Significance of predictor 

For this study, significance of a predictor was determined using credible interval.  A predictor was 

significant if the value 1 was not included in the interval. 

HO: e
β1 = 1 vs. H1: e

β1≠ 1 

Where, 

HO is the null hypothesis and was given by exponent of the regression coefficient (odds ratio) being 

equal to 1.   

H1 is the alternative hypothesis and was given by the exponent of the regression coefficient (odds 

ratio) not being equal to 1.  
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3.13 Numerical simulation using WinBUGS software 14 

WinBUGS version 14 software was used to estimate the unknown parameters in the model by 

applying the Bayesian approach. Present study assumed non-informative priors that followed 

normal distribution for all the coefficients. The non-informative priors were combined with the 

likelihood of the data to form posterior distribution from which inference was made.  Initial values 

were set to zero for all the model parameters.  

 

Data for the independent variables was coded in R version 4.1.3 software as “1” or “0” then 

exported to WinBUGS as text file.  The likelihood of the model was specified based on the 

dependent variable.  Since the dependent variable was binary, it was specified to follow Bernoulli 

distribution.  The probability of status of modern contraceptive use was set to be between 0 and 1.  

The four different models (fixed effects, binary logistic mixed model (non-spatial), binary logistic 

mixed model (spatial) and CAR spatial model) were analyzed independently.  WinBUGS could 

not handle many parameters with one logical function hence the variables were divided into three 

parts A[i], B[i] and C[i].  Age and the different levels of religion were included in the A[i] category.  

Marital status was specified under B[i] while C[i] specified wealth index, level of education, 

residence and parity.  The non-spatial random effect and spatial random effect were specified under 

C[i] category.    A[i], B[i] and C[i] were then combined and linked to the link function (logit) for 

Bernoulli distribution.   

 

The codes were run by clicking on the word Model on the top panel followed by specification, 

which opened a specification tool.  The word “model” on the code was highlighted followed by 

clicking “check model” on the specification tool.  WinBUGS gave a response on the bottom left 

corner “model is syntactically correct” indicating validation of this step.  The word “list” on the 

data section in WinBUGS was then highlighted followed by clicking “load data” on the 

specification tool.  There was a response on the bottom left corner “data loaded”.  “Compile” on 

the specification tool was then clicked and this was followed by the response “model compiled”.  

The word list on initials was then highlighted followed by clicking load “inits” button on the 

specification tool.  A response “model is initialized” was observed on the bottom left corner of the 

software.  
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3.14 Sampler running 

On the menu bar inference was clicked followed by sample.  This resulted in opening of the 

“sample monitor tool”.  At the “node”, all parameters being monitored were typed in one by one 

and word set was selected each time.  Up to this point WinBUGS had already created a posterior 

distribution.  On the menu bar, “Model” was clicked followed by “Update” which opened an 

“Update Tool” window.  We set the update value, which is number of posterior samples to 100,000 

and monitored the iteration box update until it reached the 100,000th iteration.  WinBUGS used 

Markov chain Monte Carlo (MCMC) technique to obtain the samples. 

 

3.15 Posterior inference  

After getting the 100,000 posterior samples all the set nodes were specified at the sample monitor 

tool by putting an asterisk symbol inside the “node” box.  We then selected 5000 to be the number 

of initial values that we wanted dropped in the “beg” box.  This process is known as “burn in”. 

This is aimed at reducing the effect of the initial values from the true parameter estimates. We 

were then able to obtain the summary statistics of the posterior distribution. Convergence was 

assessed using trace plots. 

Output data for stats obtained from WinBUGS was filtered and columns for node, median and 

credible interval were obtained.  Names for the node column, which initially had parameter names, 

were changed to the variable name corresponding to each parameter.  The variable names were 

then grouped into their classifications and the reference for each classification stated.  WinBUGS 

output produced results in log form so the results were transformed into the real values through 

exponentiation of the results.  

 

3.16 Minimization of errors and biases 

This was achieved by checking for any duplicates in the data set and getting rid of double entries.  

Unwanted outliers were filtered and those that were erroneous were removed.  We also checked 

for data entry errors and standardized variables with discrepancies.  

 

3.17 Ethical considerations 

Ethical approval was granted after review from Kenyatta National Hospital - University of Nairobi, 

Ethics and Research Committee (KNH-UoN, ERC).  
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Data from KDHS 2022 was acquired through a formal request to the Demographic and Health 

Surveys (DHS) Program, stating clearly the intended purpose for using the survey data.  

Confidentiality of the data was maintained and no effort was made to identify any household or 

individual respondent interviewed in the survey.  Any DHS micro-level data was not re-distributed 

either directly or within any tool or dashboard. 

 

3.18 Limitations of the study 

This current study had several limitations.  First, since the study was cross-sectional we could not 

draw the causal relationship between modern contraceptive use and independent variables.  

Secondly, this study used data from KDHS 2022 which was based on self-report data.  Third, our 

findings were only limited to data collected in KDHS 2022.  Other unknown factors like cultural 

practices could have affected modern contraceptive use.  
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4.  CHAPTER FOUR:  RESULTS 

4.1 Introduction 

The results of this study are presented in this chapter.  The different sections include the socio-

demographic characteristics, the association between covariates and modern contraceptive use in 

the fixed effects model, the non-spatial mixed effects model and the spatial mixed effects model.  

Results from the full conditional autoregressive model with both the non-spatial and spatial 

random effects was also presented in this chapter.  Finally, unsmoothed and smoothed maps 

showing the prevalence of modern contraceptive use across the counties in Kenya was displayed.  

 

4.2 Sociodemographic characteristics of the study participants 

Table 1 shows background characteristics of the study participants.  Approximately 38 percent of 

women used modern contraceptives and 58 percent did not use any method for family planning. 

Majority of the study participants resided in the rural areas (61.5%) compared to the urban areas 

(38.5%).   The proportion of women working and those not working was 48.1 percent and 51.8 

percent respectively.  

More than half of the study participants had a primary and secondary school education.  Women 

who were not educated were the least recorded (12%) followed by those who had a higher 

education (15%). 

Approximately half of the women in this study were married and a quarter of the women were 

never in a union.  The least proportion of women (2%) were those who were divorced.  

  

There was little variation among women in the different age categories.  Interestingly, majority of 

the women were observed in the first age category of 15-19 years (20%) while the least number of 

women were registered in the last age category of 45-49 years (8%).  Proportions in all the other 

age categories did not vary as much. 
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There was little proportion variation in wealth index category.  Women who were classified as 

poorest and richer had the highest representation of 22% from each of the levels.  Both poorer and 

richest categories had a representation of 18% while 19% of the women were middle class. 

 

Only 27.15 % of women in this study had more than three children.  The highest proportion of 

women did not have any child (27.41%) followed by those who had one child (15.92%).  The 

proportion of women having more than nine children was very small (<1%) with only one woman 

recorded to have fifteen children.  

 

There was a small variation in the number of women who participated in this study across the 47 

counties in Kenya.  The highest proportion of women was recorded among women who lived in 

Nairobi (2.94%) while the lowest proportion of women was observed in Taita Taveta county 

(1.5%).  Majority of the counties (32) recorded between 2-3% women and only a few of the 

counties (15) recorded women below 2%. 

 

Only 23.4 % of women in this study had more than three children.  The highest proportion of 

women did not have any child (28.1%) followed by those who had one child (17.3%).  The 

proportion of women having more than nine children was very small (<1%) with only one woman 

recorded to have fifteen children.  

 

There was a small variation in the number of women who participated in this study across the 47 

counties in Kenya.  The highest proportion of women was recorded among women who lived in 

Nairobi (2.94%) while the lowest proportion of women was observed in Taita Taveta county 

(1.5%).  Majority of the counties (32) recorded between 2-3% women and only a few of the 

counties (15) recorded women below 2%. 

 

Table 1. Descriptive data for the study participants 

Variable Frequency  Percent Variable Frequency  Percent 

Dependent variable   Household characteristics 

Contraceptive 

use by method 32,156           100 

 

32,156 100 

Place of 

residence 
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No method        18694       58.14 Urban 12,386 38.52 

Folkloric 

method 53 0.16 Rural 19,770 61.48 

Modern 

method        12,195         37.92 
      

Individual characteristics  Wealth index 32,156 100 

Religion        32156 100 Poorest 7,073 22 

Catholic 5,665 17.62 Poorer 5,742 17.86 

Protestant 10,777 33.51 Middle 6,345 19.73 

Evangelical 

churches 6,981 21.71 Richer 7,160 22.27 

African 

instituted 

churches 2,542 7.91 Richest 5,836 18.15 

Orthodox 81 0.25       

Islam 4,852 15.09 County 32,156 100 

Hindu 24 0.07 Mombasa 749 2.33 

Traditionists 93 0.29 Kwale 711 2.21 

No 

religion/atheists 357 1.11 Kilifi 742 2.31 

Other 784 2.44 Tana River 641 1.99 

      Lamu 675 2.1 

Current 

marital status       32156 100 Taita Taveta 483 1.5 

Never in union 10,048 31.25 Garissa 641 1.99 

Married 16,454 51.17 Wajir 745 2.32 

Living with 

partner 1,858 5.78 Mandera 723 2.25 

Widowed 1,020 3.17 Marsabit 535 1.66 

Divorced 558 1.74 Isiolo 623 1.94 

Separated 2,218 6.9 Meru 602 1.87 

Respondent 

currently 

working 32156 

                         

100 Tharaka Nithi 535 1.66 

No        16,681         51.88 Embu 584 1.82 

Yes 15,475 48.12 Kitui 671 2.09 

   Machakos 699 2.17 

Highest 

educational 

level 32156 100 Makueni 720 2.24 

No education 3,836 11.93 Nyandarua 590 1.83 

Primary 11,807 36.72 Nyeri 529 1.65 

Secondary 11,634 36.18 Kirinyaga 605 1.88 
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Higher 4,879 15.17 Murang'a 557 1.73 

   Kiambu 668 2.08 

Total children 

ever born 32,156 100 Turkana 644 2 

0 8,813 27.41 West pokot 756 2.35 

1 5,119 15.92 Samburu 615 1.91 

2 5,115 15.91 Trans Nzoia 713 2.22 

3 4,374 13.6 Uasin Gishu 731 2.27 

4 3,088 9.6 Elgeyo-Marakwet 591 1.84 

5 2,064 6.42 Nandi 721 2.24 

6 1,377 4.28 Baringo 687 2.14 

7 937 2.91 Laikipia 576 1.79 

8 563 1.75 Nakuru 782 2.43 

9 368 1.14 Narok 744 2.31 

10 193 0.6 Kajiado 660 2.05 

11 90 0.28 Kericho 779 2.42 

12 39 0.12 Bomet 778 2.42 

13 12 0.04 Kakamega 810 2.52 

14 3 0.01 Vihiga 721 2.24 

15 1 0 Bungoma 841 2.62 

Respondent's 

current age 32,156 100 Busia 768 2.39 

15-19 6,404 19.92 Siaya 674 2.1 

20-24 5,762 17.9 Kisumu 761 2.37 

25-29 5,443 16.93 Homa Bay 712 2.21 

30-34 4,561 14.19 Migori 777 2.42 

35-39 4,354 13.54 Kisii 708 2.2 

40-44 3,100 9.64 Nyamira 635 1.97 

45-49 2,532 7.88 Nairobi 944 2.94 

 

4.3 Deviance Information Criteria  

The four models were compared using DIC value.  The best model is the one with the lowest DIC. 

The binary logistic mixed model with both non-spatial and spatial random effects had the lowest 

DIC value of 34433.900.  Binary logistic regression model with only fixed effects had the highest 

DIC value of 35110.200.  The binary logistic mixed models for both non-spatial and spatial random 

effects had the same DIC value of 34434.700. 
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Table 2. A comparison of DIC for fixed effects binary logistic regression model, binary mixed 

model (non-spatial random effect), binary mixed model (spatial random effect) and binary 

mixed model (non-spatial and spatial random effects). 

 

 Fixed effects 

model 

Mixed model (Non-

spatial random effect) 

Mixed model (Spatial 

random effect) 

Mixed model (Non-spatial and 

spatial random effects) 

Dbar 35086.700 34369.700 34367.300 34365.400 

Dhat 35063.200 34300.200 34299.900 34298.900 

pD 23.472 67.418 67.418 68.496 

DIC 35110.200 34434.700 34434.700 34433.900  
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4.4 Association between covariates and modern contraceptive use; a comparison of 

fixed effects, non-spatial mixed effects and spatial mixed effects models 

All categories of the variables age, marital status, wealth index, employment status, education level 

and parity were significantly associated (credible intervals was not inclusive of 1) with modern 

contraceptive use in the fitted models for fixed effects, non-spatial mixed effects and spatial mixed 

effects. 

Across the three models, estimates for all the variables (and categories) were comparable except 

for education level where the median odds estimates were higher in the fixed effects model (OR 

ranged from 4.44-5.24) compared to the non-spatial mixed effect model (OR ranged from 2.96-

3.54) and the spatial mixed effect model (OR ranged from 2.9-3.47).  Those who attained a higher 

education level had the highest odds of modern contraceptives across the three models compared 

to those with no education.  For fixed effects model, higher education had a 5.24 times increased 

odds of modern contraceptive use compared to those with no education. Secondary and primary 

level education had increased odds of 4.5 and 4.4 respectively.  For the non-spatial mixed effects 

and spatial mixed effects models, there was an increased odds of 3.54 and 3.47 respectively among 

those who attained a higher education.  Likewise, the odds of modern contraceptives use for the 

two models was approximately 2.9 times higher for both secondary and primary levels of 

education.   

 

Living with a partner recorded the highest median odds of modern contraceptives use followed by 

married in all the three models.  The median odds of modern contraceptive use among women 

living with partner was approximately five times more compared to those who were never in a 

union across the three models.   The widowed registered lowest median odds of 1.6 for modern 

contraceptives use across all the models compared to those who were never in a union. 

The odds of modern contraceptives use ranged between 1.48-1.72 in fixed effects model, 1.33-

1.47 in non-spatial mixed effects model and 1.32-1.47 in spatial mixed effects model for the wealth 

index variable.  The odds of modern contraceptive use was approximately 60% higher among the 

employed compared to the unemployed.  

 

Residential area displayed a discrepancy in the significance for modern contraceptive use across 

the three models.  Place of residence was only found to be insignificant (OR : 0.96; CI: 0.9-1.03) 
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in the fixed effects model. Non-spatial random effects model and spatial random effects model 

registered residential area to be significant (OR: 1.13; CI: 1.04-1.21) and (OR: 1.13; CI : 1.05-

1.22) respectively.  Those who resided in the urban areas had 13% increased odds of modern 

contraceptives use in both the non-spatial mixed effects model and spatial mixed effects model 

compared to those in the rural areas. 

 

Religion displayed a discrepancy for significance in the fixed effects model.  The variability in the 

significance is adjusted for by the random effects.  Compared to non-spatial mixed effects model 

and spatial mixed effects model, the levels protestant (OR: 1.14; CI: 1.00-1.35) and catholic (OR: 

1.18; CI: 1.00-1.4) were found to be significant in the fixed effects model only.  Across all the 

three models, only Islam and combined religion (other Christians, Hindus, traditionists and 

orthodox) were found to be significant.  Islam had reduced odds of 0.31 for modern contraceptive 

use in the fixed effects model.  For non-spatial mixed effects, model and spatial mixed effects 

model, the odds for modern contraceptive use in Islam was 53% less compared to other.  Those in 

combined religion had a 41% reduced odds for modern contraceptives use compared to other in 

all the three models. 

 

Generally, there was minimal discrepancy in the three models with a higher similarity index 

displayed in non-spatial mixed effects model and spatial mixed effects model.  The table below 

highlights a comparison of the estimates (medium value) and the accompanying 2.5% and 97.5% 

credible intervals for fixed effects model, non-spatial mixed effects model and spatial mixed 

effects model.
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Table 3. Estimates and 95% Credible Interval (CI) levels for fixed effects model, non-spatial mixed effects model and spatial 

mixed effects model 

 
Fixed effects model 

Non-spatial mixed effects 

model 
Spatial mixed effects model 

variable median 
LCI 

(2.5%) 

UCI 

(97.5%) 
median 

LCI 

(2.5%) 

UCI 

(97.5%) 
median 

LCI 

(2.5%) 

UCI 

(97.5%) 

Intercept 0.04 0.03 0.05 0.07 0.05 0.09 0.07 0.05 0.09 

Age 0.97 0.97 0.98 0.97 0.96 0.97 0.97 0.96 0.97 

Marital status 

Never in union (ref)  - -  -   - -  -   - -   - 

Married 5.2 4.81 5.61 5.48 5.06 5.95 5.47 5.04 5.92 

Living with partner 5.84 5.2 6.55 5.7 5.06 6.42 5.72 6.46 5.07 

Widowed 1.6 1.35 1.89 1.67 1.41 1.99 1.67 1.4 1.99 

Divorced 2.44 1.96 3.03 2.72 2.18 3.38 2.72 2.16 3.39 

Separated 3.1 2.78 4.47 3.07 2.73 3.43 3.06 2.73 3.43 

wealth index 

Poorest  - -  -   - -  -  - - - 

Poorer 1.48 1.35 1.62 1.35 1.23 1.48 1.34 1.22 1.48 

Middle 1.55 1.42 1.7 1.39 1.26 1.52 1.38 1.26 1.52 

Richer 1.72 1.56 1.9 1.47 1.33 1.63 1.47 1.32 1.63 

Richest 1.66 1.47 1.88 1.33 1.17 1.51 1.32 1.17 1.5 

Employment status 

Employment status_no  - -  -   - -  -   -  -  - 

Employment status_yes 1.68 1.59 1.78 1.63 1.54 1.73 1.63 1.54 1.73 

Education level 

No education  - -  -   - -  -        

Primary 4.44 3.92 5 2.96 2.6 3.35 2.9 2.53 3.32 

Secondary 4.5 3.96 5.14 2.96 2.58 3.39 2.91 2.5 3.36 

Higher 5.24 4.53 6.08 3.54 3.03 4.11 3.47 2.95 4.08 



 

 
32 

Residence 

Rural  - -  -   - -  -   -  -  - 

Urban 0.96 0.9 1.03 1.13 1.04 1.21 1.13 1.05 1.22 

Parity 

Parity 1.18 1.15 1.2 1.21 1.18 1.23 1.21 1.18 1.23 

Religion 

Other(ref)  - -  -   - -  -   -  -  - 

Protestant 1.14 1 1.35 0.97 0.82 1.16 0.98 0.81 1.16 

Catholic 1.18 1 1.4 1.03 0.86 1.23 1.04 0.86 1.24 

Evangelical churches 1.15 0.98 1.37 0.96 0.81 1.15 0.97 0.8 1.15 

African instituted churches 

(AIC) 
0.99 0.83 1.19 0.87 0.72 1.05 0.87 0.72 1.05 

Islam 0.31 0.26 0.38 0.47 0.38 0.57 0.47 0.38 0.58 

Atheists 0.93 0.7 1.24 0.79 0.59 1.06 0.79 0.58 1.06 

Combined religion 0.59 0.39 0.88 0.59 0.39 0.89 0.59 0.38 0.89 
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4.5 Random effects model statistics summary 

Table 4 presents a summary statistics for the non-spatial random effect and spatial random effect.  

The variability in the expected number of women who use modern contraceptives between 

counties unexplained by the estimates (the fixed effect of the model) is explained by both the non-

spatial random effect and spatial random effect.  The median for the non-spatial random effect 

precision was 10.7 with a 95% CI of 4.31-41.14.  Spatial random effect had a precision median of 

6.49 and a 95%CI of 3.17-18.01. 

 

Table 4. Spatial and non-spatial random effects statistics summary 

Precision median LCI (2.5%) UCI (97.5%) 

Non-spatial random effect 10.7 4.31 41.14 

Spatial random effect 6.49            3.17                   18.01 

 

4.6 Predictors for modern contraceptive use for binary logistic mixed model – 

Combined spatial and non-spatial random effects 

Protestant (OR:0.96; CI:0.82-1.16), catholic ((OR:1.02; CI:0.86-1.24), evangelical churches 

(OR:0.95; CI:0.81-1.15), African instituted churches (OR:0.86; CI:0.72-1.05), and atheists 

(OR:0.78; CI:0.58-1.05) were the only insignificant variables not associated with modern 

contraceptive use in this model. 

 

Age, Islam and combined religion were associated with decreased odds of modern contraceptive 

use.  There was 3% reduced odds of modern contraceptive use for every one year increase in age 

(OR: 0.97; CI: 0.96-0.97).  Compared to other, combined religion (Hindu, Orthodox, Traditionists 

and other Christians) were 41% less likely to use modern contraceptives (OR: 0.59; CI: 0.38-0.88).  

Islam had a 53% reduced odds for modern contraceptives use compared to other (OR: 0.47;   CI: 

0.39-0.58). 

 All levels of marital status recorded an increased odds (OR>1) of modern contraceptive use 

compared to those who had never been in a union.  Living with partner had the highest odds of 

utility for modern contraceptives (OR: 5.71; CI: 6.44-5.07) followed by those in marriage (OR: 

5.46; CI: 5.05-5.93). Widowed registered the lowest odds (OR: 1.67; CI: 1.40-1.98) of modern 

contraceptive use compared to never in union. 
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 All categories of wealth index had relatively the same odds of modern contraceptives compared 

to poorest.  The odds of modern contraceptive use ranged from 1.32-1.47.  The highest odds for 

modern contraceptive use was richer (OR: 1.47; CI: 1.32-1.63). Richest had the lowest odds of 

using modern contraceptives (OR: 1.32; CI: 1.16-1.50).   

Employed had a 63% increased odds of modern contraceptives use compared to unemployed (OR: 

1.63; CI: 1.54-1.73).  Parity was positively associated with utility of modern contraceptives.  There 

was 21%-increased odds of modern contraceptives for every child born to a woman.  

 

The odds of modern contraceptive increased with increase in the level of education. Higher 

education recorded the highest odds (OR: 3.49; CI: 2.96-4.10) of modern contraceptive use 

compared to no education.  Both primary and secondary had increased odds of approximately 2.9 

for modern contraceptives use.   

The table below highlights the estimates (medium value) and the accompanying 95% CI for the 

binary logistic CAR model. 

Table 5. Estimates and 95% CI for binary logistic mixed model: Combined non-spatial and 

spatial random effects 

CAR model 

variable median 

LCL 

(2.5%) 

UCI 

(97.5%) 

Intercept 0.07 0.05 0.09 

Age 0.97 0.96 0.97 

Marital status 

Never in union (ref)  - -  -  

Married 5.46 5.05 5.93 

Living with partner 5.71 6.44 5.07 

Widowed 1.67 1.40 1.98 

Divorced 2.71 2.17 3.38 

Separated 3.06 2.74 3.43 

Wealth index 

Poorest(ref)  - -  -  

Poorer 1.34 1.22 1.47 

Middle 1.38 1.26 1.52 

Richer 1.47 1.32 1.63 

Richest 1.32 1.16 1.50 

Employment status 

Employment status_no (ref)  - -  -  

Employment status_yes 1.63 1.54 1.73 
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Education level 

No education (ref)  - -  -  

Primary 2.91 2.53 3.34 

Secondary 2.92 2.51 3.38 

Higher 3.49 2.96 4.10 

Residence 

Rural (ref)  - -  -  

Urban 1.13 1.05 1.22 

Parity 

Parity 1.21 1.18 1.23 

Religion 

Other(ref)  - -  -  

Protestant 0.96 0.82 1.16 

Catholic 1.02 0.86 1.24 

Evangelical churches 0.95 0.81 1.15 

African instituted churches (AIC) 0.86 0.72 1.05 

Islam 0.47 0.39 0.58 

Atheists 0.78 0.58 1.05 

Combined religion 0.59 0.38 0.88 

 

4.7 Crude and adjusted weighted prevalence of modern contraceptive use by county 

There was little variation in the prevalence of modern contraceptive use when the crude and 

adjusted prevalence were compared.  Overall, the prevalence of modern contraceptive use varied 

across the 47 counties in Kenya.  Only 7 out of 47 counties had a prevalence of above 50 percent, 

with Embu county recording the highest prevalence at 56.19 percent.  High prevalence rates were 

generally observed in counties making up the central region of Kenya: Nyeri (50.60%), Kirinyaga 

(50.23%), and Kiambu (50.75%).  In addition to Embu, Meru county (50.44%) in the Eastern 

region also had a high prevalence for modern contraceptive use.  Elgeyo Marakwet and Uasin 

Gishu counties in the formerly rift valley region also recorded prevalence above 50 percent at 52.2 

percent and 50.23 percent respectively.  

Four counties out of forty-seven counties recorded a prevalence of less than 10 percent.  The lowest 

prevalence for modern contraceptive use was observed in Mandera (1.21%).  Garissa followed 

with a prevalence of 2.75 percent.  Wajir and Marsabit counties had a prevalence of 4.05 percent 

and 7.54 percent respectively. 
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Table 6. Crude and Adjusted Prevalence for Modern Contraceptive use in Kenya 

  

CRUDE PREVALENCE 

(WEIGHTED) 

ADJUSTED PREVALENCE 

(WEIGHTED) 

County UOR        LCI               UCI       AOR           LCI 

          

UCI 

Turkana 24.22 18.73 29.71 24.56 21.24 27.26 

Marsabit 4.83 2.28 7.37 7.54 5.54 9.92 

Mandera 1.44 0.45 2.44 1.21 0.67 2.01 

Wajir 2.22 0.74 3.69 4.05 2.83 5.61 

West Pokot 21.27 12.66 29.88 21.85 19.21 24.64 

Samburu 24.11 18.06 30.16 23.45 20.54 26.52 

Isiolo 20.55 16.75 24.35 19.18 16.61 21.97 

Baringo 38.22 32.71 43.73 40.16 36.93 43.46 

Elgeyo Marakwet 50.74 46.18 55.30 52.20 48.52 55.86 

Trans Nzoia 46.36 41.58 51.14 47.64 44.34 50.99 

Bungoma 43.80 40.35 47.26 43.73 40.74 46.67 

Garissa 8.32 2.21 14.43 2.75 2.00 3.67 

Uasin Gishu 49.10 45.41 52.78 50.23 46.95 53.52 

Kakamega 46.60 43.26 49.93 46.09 43.11 49.12 

Laikipia 44.54 40.12 48.96 44.23 40.64 47.76 

Busia 39.40 35.63 43.18 41.21 37.97 44.42 

Meru 51.31 46.43 56.20 50.44 46.88 53.95 

Nandi 44.03 39.68 48.37 48.30 44.96 51.69 

Siaya 33.09 28.96 37.21 35.36 32.12 38.67 

Nakuru 46.58 42.31 50.86 47.57 44.40 50.77 

Vihiga 36.64 32.98 40.30 34.52 31.52 37.58 

Nyandarua 41.76 36.83 46.69 44.84 41.13 48.53 

Tharaka Nithi 51.34 47.72 55.00 49.73 45.92 53.43 

Kericho 45.19 41.50 48.89 45.35 42.27 48.43 

Kisumu 42.62 38.63 46.62 42.67 39.53 45.84 

Nyeri 51.17 46.42 55.92 50.60 46.88 54.37 

Tana river 20.22 14.12 25.23 19.68 17.47 23.13 

Kitui 44.22 38.64 49.80 46.08 42.70 49.49 

Kirinyaga 49.94 46.39 53.48 50.23 46.60 53.81 

Embu 57.19 52.53 61.85 56.19 52.61 59.70 

Homa Bay 45.50 40.85 50.14 44.94 41.79 48.10 

Bomet 38.87 33.93 43.80 39.07 36.03 42.17 

Nyamira 44.10 39.24 48.96 44.40 40.93 47.87 

Narok 42.58 39.36 45.80 41.84 38.67 44.98 

Kisii 49.42 45.53 53.32 49.33 46.05 52.65 

Murang’a 47.04 41.52 52.56 49.16 45.42 52.89 

Migori 45.09 40.62 49.55 46.09 42.90 49.30 

Kiambu 49.87 45.74 53.99 50.75 47.28 54.15 
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Machakos 46.97 42.63 51.32 45.45 42.23 48.66 

Kajiado 45.13 39.62 50.63 41.69 38.40 44.94 

Nairobi 40.79 36.84 44.73 42.84 39.87 45.82 

Makueni 41.77 37.54 46.00 42.96 39.66 46.26 

Lamu 29.75 23.88 35.62 27.90 25.69 29.96 

Kilifi 31.95 28.05 35.85 31.27 28.30 34.30 

Taita Taveta 47.43 42.29 52.58 47.03 43.05 51.02 

Kwale 24.26 20.12 28.40 25.55 22.61 28.57 

Mombasa 29.67 25.09 34.30 31.29 28.21 34.48 

 

 

4.8 Maps for the unadjusted and adjusted prevalence for modern contraceptive use 

Two maps; unadjusted and adjusted maps were generated.  The unadjusted map was generated 

using R software.  Crude data was grouped by counties and instructed to use values for “modern” 

to draw the map.  On the other hand, the adjusted map was generated in WinBUGS software using 

modelled data for prevalence of modern contraceptive use.   

Adjusted and unadjusted prevalence of modern contraceptive use as demonstrated by the two 

maps was generally the same.  Out of the 47 counties, only two counties (Isiolo and Tana River) 

showed a discrepancy.  In the two counties, the unadjusted map showed that the prevalence of 

modern contraceptive use was between 20-30 percent while the adjusted map displayed a 

prevalence of 10-20 percent for both counties.  This was attributed to a rounding off effect. 
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Figure 2: Unadjusted (left) and adjusted (right) prevalence of modern contraceptive use in 

Kenya 

1  

                                                 

1 The unadjusted map was generated by using crude values of modern contraceptive use in each of the counties.  

Adjusted map was obtained after adjusting for age, wealth index, employment, residence, parity, religion, marital 

status, education, and counties. 
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5.  CHAPTER FIVE: DISCUSSION  

The primary aim of this study was to model the factors influencing spatial variation of modern 

contraceptive use across the 47 counties of Kenya in 2022.  The best model fit was the binary 

logistic mixed model with both non-spatial and spatial random effects fitted: The model had the 

lowest DIC value (34433.900).  We can therefore deduce that both spatial and non-spatial random 

effects were important in explaining the findings from this study.  Our findings revealed spatial 

variation in modern contraceptives use across the 47 counties in Kenya.  Notably, counties like 

Embu, and Meru exhibited a high prevalence for modern contraceptive use while counties such as 

Wajir, Mandera and Marsabit showed a considerably lower prevalence.  This finding concurs with 

previous studies where contraceptive use varied across the regions (Habyarimana & Ramroop, 

2018).  These geographical disparities indicate the regional imbalance in the utilization of modern 

contraceptives, emphasizing the need for region-specific strategies to address these disparities 

(Tsui et al., 2017).  From the maps, the discrepancy in prevalence for Isiolo and Tana River occurs 

due to a rounding off effect.  After rounding off there is no discrepancy (prevalence is 20%). 

Age demonstrated an inverse relationship with modern contraceptive use implying that older 

women were less likely to use modern contraceptives, which could be attributed to reduced 

sexual activity in this group.  These findings are supported by other study findings (Palamuleni, 

2013).  Conversely, in Ghana, contraceptive use increased with age except for the age group 40-

49 (Nyarko, 2020).  Although older women may perceive to have a low risk of getting pregnant, 

it is important for them to be knowledgeable that they may get pregnant and thus need to use 

modern contraceptives to prevent unintended pregnancies (Black et al., 2009).  Modern 

contraceptive use should thus cut across all age groups despite the level of risk of getting 

pregnant.  

 

Married women and those who lived with their partner were more likely (OR: 5.46; CI: 5.05-

5.93) to use modern contraceptives.  This could be attributed to being more sexually active and 

hence the need for family planning.  The findings in this study were comparable to other studies 

(Habyarimana & Ramroop, 2018; Kamuyango et al., 2020; Nyarko, 2020).  These findings are 

however worrying because the prevalence of premarital sex among unmarried women worldwide 

is approximately 42 percent and yet there is low contraceptive utilization in these group of 
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women (Wang et al., 2020).  The risk of unwanted pregnancies among those who are not 

married, widowed and divorced needs to be addressed.  Programs, campaigns and National 

strategies that promote modern contraceptive use across all marital status levels are paramount.  

 

In this study, there was no specific trend in the wealth index hierarchy for use of modern 

contraceptives.   Previous studies yielded different findings;  while contraceptive use increased 

with the family’s wealth in Rwanda,  women from affluent households in Ghana had lower 

probabilities of using contraceptives compared to those from impoverished households 

(Habyarimana & Ramroop, 2018; Nyarko, 2020). 

 

Unemployed women were less likely to use modern contraceptives compared to their employed 

counterparts, possibly due to economic empowerment of employed women, enabling them to 

afford family planning services (Nyarko, 2020).  Other research corroborates with this finding 

(Nyarko, 2020).  Women need to be empowered to counter gender inequality and power 

imbalance in order for them to participate in important decision making including choice to use 

modern contraceptives (Some et al., 2021).  A poor understanding of the risk of pregnancy and 

health concerns related to side effects of contraceptives are major contributors of contraceptives 

non-use (Darroch & Singh, 2013).  Other than advocating for individual education, the 

government of Kenya needs to facilitate health education campaigns to curb the barriers of using 

modern contraceptive methods.   

 

Higher levels of education was positively associated (OR: 3.49; CI: 2.96-4.10) with modern 

contraceptive use compared to no education.  This suggests that education empowers women 

with knowledge and access to family planning.  Similar findings were observed in other studies 

conducted by Kamuyango et al. (2020), Nyarko (2020) and Okoli et al. (2019).  Additionally, a 

higher unmet need of contraception was associated with decreased education level (Munga et al., 

2014).  Given the importance of education in enhancing modern contraceptives use, factors that 

may lead to early dropout by girls need to be addressed.   Ensuring separate sanitary facilities for 

boys and girls and improving the quality of schools can encourage girls to stay in schools 

(Buyinza & Hisali, 2014).   
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Modern contraception was higher among women residing in urban areas, which could be 

attributed to easier accessibility to modern contraceptives.  These findings are consistent with 

other studies (Admassu & Tegegne, 2021; Kamuyango et al., 2020; Munga et al., 2014).  Access 

to modern contraceptives need to be improved both globally and in different countries including 

Kenya through increased allocation of funding (Darroch & Singh, 2013).  Health care services in 

the rural facilities can be improved through decentralization of services, interdisciplinary and 

team based working as well as flexibility of roles (Rygh & Hjortdahl, 2007). 

 

Surprisingly, Islam (OR: 0.47; CI: 0.39-0.58) and combined religion (OR: 0.59; CI: 0.38-0.88) 

were the only levels in religion found to be significant associates of modern contraceptive use.  

Combined religion, which consisted of Traditionists, Hindus, other Christians and Orthodox, had 

small sample sizes, which led to their grouping to improve the accuracy of the results.  The 

findings of this study regarding Islam being less likely (OR:0.47; CI:0.39-0.58)  to use modern 

contraceptives is comparable to a study conducted in Ghana (Nyarko, 2020).  Despite religious 

norms discouraging contraceptive use especially amongst Catholics, a woman’s religious 

affiliation did not significantly affect her current contraceptive use.  In fact, the compatibility for 

women using contraceptives and them being religious is strong (Rachel K & Dreweke, 2011).  

From this finding, we can conclude that religion hardly influences the use of modern 

contraceptives and it should therefore not be a major focus area when it comes to policy 

implication.  

Generally, the Kenyan government can adopt findings from this study and implement policies on 

reproductive health based on these findings to improve the prevalence of modern contraceptives 

in all sub-national regions of Kenya.  Not only will this expedite achievement of universal access 

to sexual and reproductive health, but sustainable economic growth and decent productive 

employment for all will be attained.   
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6.  CHAPTER SIX: CONCLUSION AND RECOMMENDATIONS 

The findings from this study show that modern contraceptive use in Kenya is relatively low, with 

only 7 out of 47 counties having a prevalence above 50 percent.  Regional disparities in modern 

contraceptives use are notable, with North Eastern counties at a disadvantage compared to counties 

in the central region of Kenya.  The inequality in reproductive health services across the counties 

need to be addressed.  The government of Kenya can use this study as a guide to allocate resources 

paying more attention to North Eastern counties where prevalence for modern contraceptive use 

was less than 10 percent. 

The findings from this study will help inform policy makers, reproductive health experts and other 

relevant stakeholder about the status of modern contraceptive use in Kenya.  This study reinforces 

sustainable development goal number 3 and further emphasizes access to sexual reproductive and 

health-care services, including family planning, information and education as well as integration 

of reproductive health into national strategies programs.  Family planning programs should put 

more emphasis and empower women who are unemployed, uneducated and those who are not in 

a union to bridge the gap of modern contraceptive use.  Lastly, the study’s findings show the need 

for county specific programs in order to address the regional disparity in modern contraception.  
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APPENDICES  

Questionnaire  

2022 KENYA DEMOGRAPHIC HEALTH SURVEY (KDHS) WOMAN’S QUESTIONNAIRE 

WITH VARIABLES OF INTEREST 

A: AGE  

 

B: COUNTY AND RESIDENCE 

 

 

C: LEVEL OF EDUCATION 
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D: RELIGION 

 

E:PARITY 
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F: STATUS OF MODERN CONTRACEPTIVE USE 
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G: MARITAL STATUS 

 

H: EMPLOYMENT STATUS 

 



 

 
51 

 

 

2022 KENYA DEMOGRAPHIC HEALTH SURVEY (KDHS) HOUSEHOLD 

QUESTIONNAIRE WITH VARIABLES OF INTEREST 

I: WEALTH INDEX 

 



 

 
52 
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Turnitin report          

 



 

 
58 

Description of the study variables 

Table 7. Description of the study variables 

Variable Variable description 

Dependent variable 

Status of modern contraceptive use Modern method = 1, then otherwise 0 for any 

other method that  is not modern. 

Independent variables 

Individual characteristics 

Employment status Currently working  = 1 

Currently not working = 0 

Level of education 

(Reference = no education) 

Suppose Primary = 1, then otherwise 0 for 

secondary or higher. 

Secondary = 1, then otherwise 0 for primary or 

higher. 

Higher = 1, then otherwise 0 for primary or 

secondary. 

Age Measured as a discrete variable. 

Parity A discrete variable measured as the total 

number of children ever born. 

Religion 

(Reference = other) 

Catholic = 1, then otherwise 0 for Protestant, 

Evangelical churches, African instituted 

churches, Islam, Atheists, Combined religion.  

 

Protestant = 1, then otherwise 0 for Catholic, 

Evangelical churches, African instituted 

churches, Islam, Atheists, Combined religion. 

 

Evangelical churches =1, then otherwise 0 for 

Protestant, Catholic, African instituted 

churches, Islam, Atheists, Combined religion. 



 

 
59 

 

African instituted churches = 1, then otherwise 

0 for Protestant, Evangelical churches, 

Catholic, Islam, Atheists, Combined religion. 

 

Islam = 1, then otherwise 0 for Protestant, 

Evangelical churches, African instituted 

churches, Catholic, Atheists, Combined 

religion. 

 

Atheists = 1, then otherwise 0 for Protestant, 

Evangelical churches, African instituted 

churches, Islam, Catholic, Combined religion. 

 

Combined religion = 1, then otherwise 0 for 

Protestant, Evangelical churches, African 

instituted churches, Islam, Atheists, Catholic. 

Marital status 

(Reference = never in union) 

Suppose Married = 1, then otherwise 0 for 

Living with partner, Widowed, Divorced, 

Separated. 

 

Suppose Living with partner = 1, then 

otherwise 0 for Married, Widowed, Divorced, 

Separated. 

 

Suppose Widowed = 1, then otherwise 0 for 

Living with partner, Married, Divorced, 

Separated. 
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Suppose Divorced = 1, then otherwise 0 for 

Living with partner, Widowed, Married, 

Separated. 

 

Suppose Separated = 1, then otherwise 0 for 

Living with partner, Widowed, Divorced, 

Married. 

 

Household characteristics 

Wealth index 

(Reference = poorest) 

Suppose Poor = 1, then otherwise 0 for Middle, 

Richer, Richer, Richest. 

Middle = 1, then otherwise 0 for Poor, Richer, 

Richer, Richest. 

Richer = 1, then otherwise 0 for Middle, 

Richer, Poor, Richest. 

Richest = 1, then otherwise 0 for Middle, 

Richer, Richer, Poor. 

Residence Urban = 1 

Rural = 0 

Spatial characteristics 

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 
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 WinBUGS codes 

#Objective one analysis  

model 

{ 

#likelihood 

for(i in 1: N) 

{ 

modern[i]~dbern(p[i]) 

p[i]<-min(1,max(0,pmodern[i])) 

 

#weighted likelihood 

pw[i]<-pmodern[i]*weight[i] 

 

A[i]<-

beta0+beta1*age[i]+beta2*catholic[i]+beta3*protestant[i]+beta4*evangelical_churches[i]+beta5

*african_instituted_churches[i]+beta6*islam[i]+beta7*atheists[i]+beta8*combinedreligion[i] 

 

B[i]<-

beta9*married[i]+beta10*living_with_partner[i]+beta11*widowed[i]+beta12*divorced[i]+beta1

3*separated[i] 

 

C[i]<-

beta14*poorer[i]+beta15*middle[i]+beta16*richer[i]+beta17*richest[i]+beta18*employment_sta

tus[i]+beta19*primary[i]+beta20*secondary[i]+beta21*higher[i]+beta22*residence[i]+beta23*p

arity[i] 

 

logit(pmodern[i])<-A[i]+B[i]+C[i] 

} 

 

#priors 

beta0~dnorm(0.0001,0.0001) 

beta1~dnorm(0.0001,0.001) 

beta2~dnorm(0.0001,0.0001) 

beta3~dnorm(0.0001,0.0001) 

beta4~dnorm(0.0001,0.0001) 

beta5~dnorm(0.0001,0.0001) 

beta6~dnorm(0.0001,0.001) 

beta7~dnorm(0.0001,0.0001) 

beta8~dnorm(0.0001,0.0001) 

beta9~dnorm(0.0001,0.0001) 

beta10~dnorm(0.0001,0.0001) 

beta11~dnorm(0.0001,0.001) 

beta12~dnorm(0.0001,0.0001) 

beta13~dnorm(0.0001,0.0001) 

beta14~dnorm(0.0001,0.0001) 
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beta15~dnorm(0.0001,0.0001) 

beta16~dnorm(0.0001,0.001) 

beta17~dnorm(0.0001,0.0001) 

beta18~dnorm(0.0001,0.0001) 

beta19~dnorm(0.0001,0.0001) 

beta20~dnorm(0.0001,0.0001) 

beta21~dnorm(0.0001,0.001) 

beta22~dnorm(0.0001,0.0001) 

beta23~dnorm(0.0001,0.0001) 

} 

 

#initials 

list(beta0=0,beta1=0,beta2=0,beta3=0,beta4=0,beta5=0,beta6=0,beta7=0,beta8=0,beta9=0,beta1

0=0,beta11=0,beta12=0,beta13=0,beta14=0,beta15=0,beta16=0,beta17=0,beta18=0,beta19=0,bet

a20=0,beta21=0,beta22=0,beta23=0) 

 

 

#data 

 

list(N=32156,age=c(34,38,33….35),catholic=c(1,0,0,…,1),protestant=c(1,0,1,…,1),evangelical_

churches=c(0,0,1,…,1),african_instituted_churches=c(1,0,1,…,1),islam=c(0,0,1,…,0),atheists=c(

1,1,0,…,0),combinedreligion=c(1,1,1,…,0),married=c(1,0,1,…,1),living_with_partner=c(0,0,1,

…,1),widowed=c(0,1,0,…1),divorced=(0,0,1,…,1),separated=c(1,1,0,…,0),poorer=c(0,0,1,…,0),

middle=c(1,0,1,…,0),richer=c(0,0,1,…,1),richest=c(0,1,0,…,1),employment_status=c(1,0,1,…,1)

,primary=c(0,1,1,…,0),secondary=c(1,0,1,…,1),higher=c(0,0,1,…,1),residence=c(1,0,1,…,1),par

ity=c(4,3,1,…,2),weight=c(1.296049,1.296049,1.296049,…,8.074191)) 

 

#Objective two analysis  

model 

{ 

#likelihood 

for(i in 1: N) 

{ 

modern[i]~dbern(p[i]) 

p[i]<-min(1,max(0,pmodern[i])) 

 

#weighted likelihood 

pw[i]<-pmodern[i]*weight[i] 

 

A[i]<-

beta0+beta1*age[i]+beta2*catholic[i]+beta3*protestant[i]+beta4*evangelical_churches[i]+beta5

*african_instituted_churches[i]+beta6*islam[i]+beta7*atheists[i]+beta8*combinedreligion[i] 
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B[i]<-

beta9*married[i]+beta10*living_with_partner[i]+beta11*widowed[i]+beta12*divorced[i]+beta1

3*separated[i] 

 

C[i]<-

beta14*poorer[i]+beta15*middle[i]+beta16*richer[i]+beta17*richest[i]+beta18*employment_sta

tus[i]+beta19*primary[i]+beta20*secondary[i]+beta21*higher[i]+beta22*residence[i]+beta23*p

arity[i]+v[county[i]] 

 

logit(pmodern[i])<-A[i]+B[i]+C[i] 

} 

 

#Random effects  

# M is number of counties 

for (j in 1:M) { 

 

v[j]~dnorm(0, tau) #non informative prior for random effect 

} 

 

# fixed effects priors 

beta0~dnorm(0.0001,0.0001) 

beta1~dnorm(0.0001,0.001) 

beta2~dnorm(0.0001,0.0001) 

beta3~dnorm(0.0001,0.0001) 

beta4~dnorm(0.0001,0.0001) 

beta5~dnorm(0.0001,0.0001) 

beta6~dnorm(0.0001,0.001) 

beta7~dnorm(0.0001,0.0001) 

beta8~dnorm(0.0001,0.0001) 

beta9~dnorm(0.0001,0.0001) 

beta10~dnorm(0.0001,0.0001) 

beta11~dnorm(0.0001,0.001) 

beta12~dnorm(0.0001,0.0001) 

beta13~dnorm(0.0001,0.0001) 

beta14~dnorm(0.0001,0.0001) 

beta15~dnorm(0.0001,0.0001) 

beta16~dnorm(0.0001,0.001) 

beta17~dnorm(0.0001,0.0001) 

beta18~dnorm(0.0001,0.0001) 

beta19~dnorm(0.0001,0.0001) 

beta20~dnorm(0.0001,0.0001) 

beta21~dnorm(0.0001,0.001) 

beta22~dnorm(0.0001,0.0001) 

beta23~dnorm(0.0001,0.0001) 
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#Hyperprior for random effect  precision  

 

tau~dgamma(0.001, 0.001) 

 

} 

 

#initials 

list(beta0=0,beta1=0,beta2=0,beta3=0,beta4=0,beta5=0,beta6=0,beta7=0,beta8=0,beta9=0,beta1

0=0,beta11=0,beta12=0,beta13=0,beta14=0,beta15=0,beta16=0,beta17=0,beta18=0,beta19=0,bet

a20=0,beta21=0,beta22=0,beta23=0,tau=1,v=c(0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,

0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0)) 

 

#data 

list(N=32156,M=47, age=c(34,38,33….35), 

catholic=c(1,0,0,…,1),protestant=c(1,0,1,…,1),evangelical_churches=c(0,0,1,…,1),african_instit

uted_churches=c(1,0,1,…,1),islam 

=c(0,0,1,…,0),atheists=c(1,1,0,…,0),combinedreligion=c(1,1,1,…,0),married=c(1,0,1,…,1),livin

g_with_partner=c(0,0,1,…,1),widowed=c(0,1,0,…1),divorced=(0,0,1,…,1),separated=c(1,1,0,…,

0),poorer=c(0,0,1,…,0),middle=c(1,0,1,…,0),richer=c(0,0,1,…,1),richest=c(0,1,0,…,1),employm

ent_status=c(1,0,1,…,1),primary=c(0,1,1,…,0),secondary=c(1,0,1,…,1),higher=c(0,0,1,…,1),resi

dence=c(1,0,1,…,1),parity=c(4,3,1,…,2),county=47,47,47,…,23),weight=c(1.296049,1.296049,1

.296049,…,8.074191)) 

 

#Objective three analysis  

model 

{ 

#likelihood 

for(i in 1: N) 

{ 

modern[i]~dbern(p[i]) 

p[i]<-min(1,max(0,pmodern[i])) 

 

#weighted likelihood 

pw[i]<-pmodern[i]*weight[i] 

 

A[i]<-

beta0+beta1*age[i]+beta2*catholic[i]+beta3*protestant[i]+beta4*evangelical_churches[i]+beta5

*african_instituted_churches[i]+beta6*islam[i]+beta7*atheists[i]+beta8*combinedreligion[i] 

 

 

B[i]<-

beta9*married[i]+beta10*living_with_partner[i]+beta11*widowed[i]+beta12*divorced[i]+beta1

3*separated[i] 
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C[i]<-

beta14*poorer[i]+beta15*middle[i]+beta16*richer[i]+beta17*richest[i]+beta18*employment_sta

tus[i]+beta19*primary[i]+beta20*secondary[i]+beta21*higher[i]+beta22*residence[i]+beta23*p

arity[i]+U[county[i]] 

 

logit(pmodern[i])<-A[i]+B[i]+C[i] 

} 

 

# fixed effects priors 

beta0~dnorm(0.0001,0.0001) 

beta1~dnorm(0.0001,0.001) 

beta2~dnorm(0.0001,0.0001) 

beta3~dnorm(0.0001,0.0001) 

beta4~dnorm(0.0001,0.0001) 

beta5~dnorm(0.0001,0.0001) 

beta6~dnorm(0.0001,0.001) 

beta7~dnorm(0.0001,0.0001) 

beta8~dnorm(0.0001,0.0001) 

beta9~dnorm(0.0001,0.0001) 

beta10~dnorm(0.0001,0.0001) 

beta11~dnorm(0.0001,0.001) 

beta12~dnorm(0.0001,0.0001) 

beta13~dnorm(0.0001,0.0001) 

beta14~dnorm(0.0001,0.0001) 

beta15~dnorm(0.0001,0.0001) 

beta16~dnorm(0.0001,0.001) 

beta17~dnorm(0.0001,0.0001) 

beta18~dnorm(0.0001,0.0001) 

beta19~dnorm(0.0001,0.0001) 

beta20~dnorm(0.0001,0.0001) 

beta21~dnorm(0.0001,0.001) 

beta22~dnorm(0.0001,0.0001) 

beta23~dnorm(0.0001,0.0001) 

 

#Hyperprior for random effect  precision  

 

omega.spatial~dgamma(0.5,0.005) 

 

omega.spatialsq<-1/omega.spatial 

 

U[1:M] ~ car.normal(adj[], weights[], num[], omega.spatial) 

 

for (k in 1:sumNumNeigh) { 

               weights[k] <- 1  

            }  

for(i in 1:N) 
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      { 

   for(j in 1: M) 

     { 

      PM[j,i]<-(pmodern[i]*(equals(county[i],j))) 

     } 

  } 

for(j in 1:M) 

     {  

    for(i in 1: N) 

      { 

       count[j,i]<-equals(county[i],j) 

      } 

   

  number[j]<-sum(count[j,]) 

   PCM[j]<-sum(PM[j,])/number[j]   

   } 

} 

 

#initials 

list(beta0=0,beta1=0,beta2=0,beta3=0,beta4=0,beta5=0,beta6=0,beta7=0,beta8=0,beta9=0,beta1

0=0,beta11=0,beta12=0,beta13=0,beta14=0,beta15=0,beta16=0,beta17=0,beta18=0,beta19=0,bet

a20=0,beta21=0,beta22=0,beta23=0,omega.spatial=0.01,U=c(0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0

,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0)) 

 

#data 

list( N=32156,num = c(4, 4, 1, 4, 4, 5, 8, 8, 4, 5,  

3, 3, 6, 7, 7, 3, 7, 5, 5, 8,  

4, 5, 5, 8, 5, 7, 4, 8, 6, 7,  

6, 5, 5, 6, 5, 6, 3, 6, 8, 7,  

3, 4, 0, 2, 4, 2, 2 

), 

adj = c( 

8, 6, 5, 2,  

7, 6, 4, 1,  

4,  

12, 7, 3, 2,  

10, 9, 8, 1,  

15, 8, 7, 2, 1,  

28, 27, 17, 15, 12, 6, 4, 2,  

24, 20, 15, 13, 9, 6, 5, 1,  

13, 10, 8, 5,  

14, 13, 11, 9, 5,  

16, 14, 10,  

27, 7, 4,  

24, 18, 14, 10, 9, 8,  

21, 19, 18, 16, 13, 11, 10,  
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26, 22, 20, 17, 8, 7, 6,  

19, 14, 11,  

30, 29, 28, 26, 23, 15, 7,  

25, 24, 21, 14, 13,  

31, 25, 21, 16, 14,  

40, 38, 34, 32, 24, 22, 15, 8,  

25, 19, 18, 14,  

38, 36, 26, 20, 15,  

30, 29, 28, 26, 17,  

33, 32, 31, 25, 20, 18, 13, 8,  

31, 24, 21, 19, 18,  

36, 30, 29, 23, 22, 17, 15,  

45, 28, 12, 7,  

45, 42, 39, 30, 27, 23, 17, 7,  

39, 36, 30, 26, 23, 17,  

39, 36, 29, 28, 26, 23, 17,  

37, 35, 33, 25, 24, 19,  

35, 34, 33, 24, 20,  

35, 34, 32, 31, 24,  

40, 37, 35, 33, 32, 20,  

37, 34, 33, 32, 31,  

39, 38, 30, 29, 26, 22,  

35, 34, 31,  

41, 40, 39, 36, 22, 20,  

42, 41, 40, 38, 36, 30, 29, 28,  

45, 42, 41, 39, 38, 34, 20,  

40, 39, 38,  

45, 40, 39, 28,  

47, 46,  

42, 40, 28, 27,  

47, 44,  

46, 44 

), 

sumNumNeigh = 234, 

age=c(34,38,33….35), 

catholic=c(1,0,0,…,1),protestant=c(1,0,1,…,1),evangelical_churches=c(0,0,1,…,1),african_instit

uted_churches=c(1,0,1,…,1),islam 

=c(0,0,1,…,0),atheists=c(1,1,0,…,0),combinedreligion=c(1,1,1,…,0),married=c(1,0,1,…,1),livin

g_with_partner=c(0,0,1,…,1),widowed=c(0,1,0,…1),divorced=(0,0,1,…,1),separated=c(1,1,0,…,

0),poorer=c(0,0,1,…,0),middle=c(1,0,1,…,0),richer=c(0,0,1,…,1),richest=c(0,1,0,…,1),employm

ent_status=c(1,0,1,…,1),primary=c(0,1,1,…,0),secondary=c(1,0,1,…,1),higher=c(0,0,1,…,1),resi

dence=c(1,0,1,…,1),parity=c(4,3,1,…,2),county=47,47,47,…,23),weight=c(1.296049,1.296049,1

.296049,…,8.074191)) 

 

#Objective four analysis  
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model 

{ 

#likelihood 

for(i in 1: N) 

{ 

modern[i]~dbern(p[i]) 

p[i]<-min(1,max(0,pmodern[i])) 

 

A[i]<-

beta0+beta1*age[i]+beta2*catholic[i]+beta3*protestant[i]+beta4*evangelical_churches[i]+beta5

*african_instituted_churches[i]+beta6*islam[i]+beta7*atheists[i]+beta8*combinedreligion[i] 

 

 

B[i]<-

beta9*married[i]+beta10*living_with_partner[i]+beta11*widowed[i]+beta12*divorced[i]+beta1

3*separated[i] 

 

C[i]<-

beta14*poorer[i]+beta15*middle[i]+beta16*richer[i]+beta17*richest[i]+beta18*employment_sta

tus[i]+beta19*primary[i]+beta20*secondary[i]+beta21*higher[i]+beta22*residence[i]+beta23*p

arity[i]+V[county[i]]+U[county[i]] 

 

logit(pmodern[i])<-A[i]+B[i]+C[i] 

} 

 

#Random effects  

# M is number of counties 

for (j in 1:M) { 

 

V[j]~dnorm(0, omega.v) #non informative prior for random effect 

} 

 

# fixed effects priors 

beta0~dnorm(0.0001,0.0001) 

beta1~dnorm(0.0001,0.001) 

beta2~dnorm(0.0001,0.0001) 

beta3~dnorm(0.0001,0.0001) 

beta4~dnorm(0.0001,0.0001) 

beta5~dnorm(0.0001,0.0001) 

beta6~dnorm(0.0001,0.001) 

beta7~dnorm(0.0001,0.0001) 

beta8~dnorm(0.0001,0.0001) 

beta9~dnorm(0.0001,0.0001) 

beta10~dnorm(0.0001,0.0001) 

beta11~dnorm(0.0001,0.001) 

beta12~dnorm(0.0001,0.0001) 
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beta13~dnorm(0.0001,0.0001) 

beta14~dnorm(0.0001,0.0001) 

beta15~dnorm(0.0001,0.0001) 

beta16~dnorm(0.0001,0.001) 

beta17~dnorm(0.0001,0.0001) 

beta18~dnorm(0.0001,0.0001) 

beta19~dnorm(0.0001,0.0001) 

beta20~dnorm(0.0001,0.0001) 

beta21~dnorm(0.0001,0.001) 

beta22~dnorm(0.0001,0.0001) 

beta23~dnorm(0.0001,0.0001) 

 

#Hyperprior for random effect  precision  

 

omega.v~dgamma(0.5, 0.005) 

omega.spatial~dgamma(0.5,0.005) 

 

omega.vsq<-1/omega.v 

omega.spatialsq<-1/omega.spatial 

 

U[1:M] ~ car.normal(adj[], weights[], num[], omega.spatial) 

 

for (k in 1:sumNumNeigh) { 

               weights[k] <- 1  

            }  

for(i in 1:N) 

      { 

   for(j in 1: M) 

     { 

      PM[j,i]<-(pmodern[i]*(equals(county[i],j))) 

     } 

  } 

for(j in 1:M) 

     {  

    for(i in 1: N) 

      { 

       count[j,i]<-equals(county[i],j) 

      } 

   

  number[j]<-sum(count[j,]) 

   PCM[j]<-sum(PM[j,])/number[j]   

   } 

} 

 

#initials 
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list(beta0=0,beta1=0,beta2=0,beta3=0,beta4=0,beta5=0,beta6=0,beta7=0,beta8=0,beta9=0,beta1

0=0,beta11=0,beta12=0,beta13=0,beta14=0,beta15=0,beta16=0,beta17=0,beta18=0,beta19=0,bet

a20=0,beta21=0,beta22=0,beta23=0,omega.v=1,omega.spatial=0.01,V=c(0,0,0,0,0,0,0,0,0,0,0,0,

0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0),U=c(0,0,0,0,0,0,0,0,0,0,0,0,0,0

,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0)) 

 

#data 

 

list( N=32156,M=47,num = c(4, 4, 1, 4, 4, 5, 8, 8, 4, 5,  

3, 3, 6, 7, 7, 3, 7, 5, 5, 8,  

4, 5, 5, 8, 5, 7, 4, 8, 6, 7,  

6, 5, 5, 6, 5, 6, 3, 6, 8, 7,  

3, 4, 0, 2, 4, 2, 2 

), 

adj = c( 

8, 6, 5, 2,  

7, 6, 4, 1,  

4,  

12, 7, 3, 2,  

10, 9, 8, 1,  

15, 8, 7, 2, 1,  

28, 27, 17, 15, 12, 6, 4, 2,  

24, 20, 15, 13, 9, 6, 5, 1,  

13, 10, 8, 5,  

14, 13, 11, 9, 5,  

16, 14, 10,  

27, 7, 4,  

24, 18, 14, 10, 9, 8,  

21, 19, 18, 16, 13, 11, 10,  

26, 22, 20, 17, 8, 7, 6,  

19, 14, 11,  

30, 29, 28, 26, 23, 15, 7,  

25, 24, 21, 14, 13,  

31, 25, 21, 16, 14,  

40, 38, 34, 32, 24, 22, 15, 8,  

25, 19, 18, 14,  

38, 36, 26, 20, 15,  

30, 29, 28, 26, 17,  

33, 32, 31, 25, 20, 18, 13, 8,  

31, 24, 21, 19, 18,  

36, 30, 29, 23, 22, 17, 15,  

45, 28, 12, 7,  

45, 42, 39, 30, 27, 23, 17, 7,  

39, 36, 30, 26, 23, 17,  

39, 36, 29, 28, 26, 23, 17,  

37, 35, 33, 25, 24, 19,  
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35, 34, 33, 24, 20,  

35, 34, 32, 31, 24,  

40, 37, 35, 33, 32, 20,  

37, 34, 33, 32, 31,  

39, 38, 30, 29, 26, 22,  

35, 34, 31,  

41, 40, 39, 36, 22, 20,  

42, 41, 40, 38, 36, 30, 29, 28,  

45, 42, 41, 39, 38, 34, 20,  

40, 39, 38,  

45, 40, 39, 28,  

47, 46,  

42, 40, 28, 27,  

47, 44,  

46, 44 

), 

sumNumNeigh = 234, 

age=c(34,38,33….35), 

catholic=c(1,0,0,…,1),protestant=c(1,0,1,…,1),evangelical_churches=c(0,0,1,…,1),african_instit

uted_churches=c(1,0,1,…,1),islam 

=c(0,0,1,…,0),atheists=c(1,1,0,…,0),combinedreligion=c(1,1,1,…,0),married=c(1,0,1,…,1),livin

g_with_partner=c(0,0,1,…,1),widowed=c(0,1,0,…1),divorced=(0,0,1,…,1),separated=c(1,1,0,…,

0),poorer=c(0,0,1,…,0),middle=c(1,0,1,…,0),richer=c(0,0,1,…,1),richest=c(0,1,0,…,1),employm

ent_status=c(1,0,1,…,1),primary=c(0,1,1,…,0),secondary=c(1,0,1,…,1),higher=c(0,0,1,…,1),resi

dence=c(1,0,1,…,1),parity=c(4,3,1,…,2),county=47,47,47,…,23),weight=c(1.296049,1.296049,1

.296049,…,8.074191)) 

 

Trace plots MCMC algorithm (convergence) 
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Figure 3: Trace plots for fixed effects model  
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Figure 4: Trace plots for mixed effects model (non-spatial random effects)  
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Figure 5: Trace plots for mixed effects model (spatial random effects)  
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Figure 6: Trace plots for mixed effects model (spatial and non-spatial random effects) 
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