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Abstract

Introduction: Acute respiratory tract infection (ARI) is a leading cause of morbidity

and mortality in children under the age of 5 years throughout the world. In Ethiopia

the prevalence of ARI among under five children was 7% according to 2016 EDHS

report.

Objective: This study was aimed to determine factors associated with the preva-

lence of acute respiratory infection (ARI) among under-five children in Ethiopia using

Bayesian multilevel approach.

Methods: This study has been conducted in Ethiopia based on data obtained from

EDHS 2016 which mainly focused on under-five children (age from 0-59 months). The

survey was collected from a total of 10,641 children aged less than five years out of

which 9,918 children were considered in this study. The study was used Bayesian

Multilevel Logistic Regression Model to investigate the major risk factors and regional

variations in ARI among under five children in Ethiopia. To determine the posterior

marginal, the MCMC methods with non-informative priors have been applied. De-

viance information criterion was used to compare models.

Results:The analysis showed that the overall ARI prevalence rate between 9,918 under

five children was 8.4%. Based on DIC, Bayesian multilevel logistic regression of random

coefficient model was found to be more appropriate than empty and intercept model.

According to the output of the model childs age, household wealth index, women’s

educational level, vitamin A supplement, history of diarrhea, maternal work, stunting

and source of drinking water were found to be significant factors for prevalence of ARI

among children under five years.

Conclusions: This study revealed that there is a significant variation of incidence of

ARI among under-five children between and within the regions of Ethiopia. The study

recommends all regional states to make remedial measures on public health policy and

improve the abilities of stakeholder living in their region toward those major factors

associated with the prevalence of ARI among under five children.

Key words: Acute Respiratory Infections, Bayesian Multilevel, MCMC
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1 Introduction

1.1 Background of the Study

Acute Respiratory Infections (ARIs) has been defined as one who has a cough, is

breathing faster than usual with short, quick breaths or is having difficulty breathing,

excluding children that have only a blocked nose (UNICEF, 2016). Acute Respiratory

Infections (ARIs) are a group of diseases that includes pneumonia, influenza, and

respiratory syncytial virus, and result in 4.25 million deaths worldwide every year

(World Lung Foundation, 2011).

Acute respiratory tract infection (ARI) is a leading cause of morbidity and mortality

in children under the age of 5 years throughout the world. Pneumonia is one of the most

serious manifestations of ARI. Each year, ARI causes 15% of all deaths in children under

the age of 5 years globally. About 50% of these deaths occur in Sub-Saharan Africa

(UNICEF, 2015).Globally, lower respiratory infections caused more than 2 to 6 million

deaths, attributing to the fifth leading cause of death overall and the leading cause of

death in children below five years of age (Mortal, 2015). The incidence and prevalence

of ARIs are a great burden on low and middle income countries in comparison to high

income countries. According to WHO, the annual number of ARI-related deaths in

children less than five years old (excluding death caused by measles, pertussis and

neonatal deaths) were about 2.1 million i.e., about 20% of all childhood deaths. Each

year about 10.8 million children die because of ARI. Estimates indicate that in 2000, 1.9

million children died due to ARI, 70% of them in Africa and Southeast Asia (Williams

et al., 2002).

Acute respiratory infections (ARIs), principally pneumonia, account for approxi-

mately 1.9 million (1.6 - 2.2 million) deaths globally in children under 5 years of age

each year, 90% of which occur in the developing world (Montasser et al., 2012). In low

and middle income countries, acute respiratory infections (ARIs) are a major cause of

morbidity and mortality among children less than five years of age. Indeed, it is esti-

mated that about 126 - 156 million cases of acute lower respiratory infections (ALRI)

such as pneumonia and bronchiolitis occur worldwide each year in children leading to

1



approximately 1.4 million deaths. More than 95% of these deaths occur in Africa and

in South-East Asia (Liu L.et al., 2012, Nair H.et al., 2013, Sonego M.et al., 2015).

Every year ARIs account for over 12 million hospital admissions among children

below five years of age (Nair H.et al., 2013). Nine out of ten children living in extreme

poverty were from Sub-Saharan Africa, this region is the home of the majority of

the worlds pre-school age children. Compared to children from richer households,

children from poor households are more likely to be exposed to poor environmental

conditions, such as indoor air pollution due to cooking fuels that may exacerbate

childhood diseases, specifically ARI symptoms (UNICEF, 2017, IVAC, 2016).

Study conducted in Bangladesh reported that 21.3% under five children suffered

from ARI two weeks preceding the survey and the Prevalence of severe ARI is higher

among children born to mothers with primary education compared to children of moth-

ers completing secondary or higher education (Azad, 2009). Malnourished children

from a lower socioeconomic category are more likely to suffer from ARI (Geberetsadik et

al., 2015). According to the 2016 Ethiopia Demographic and Health Survey (EDHS),the

prevalence of ARI was 7% (CSA, 2016) and other study conducted in the Northwest,

Ethiopia showed overall two week prevalence of acute respiratory infection and pneu-

monia among under-fives was 20.6% and 16.1% respectively(Fekadu, 2014).

According to 2012 central statistical agency report, there is the highest burden of

pneumonia in Ethiopia that is 88 in 1,000 children under age 5 die before their fifth

birthday (CSA, 2012). Acute respiratory infection (ARI), and particularly pneumonia,

accounts for 18% of death in Ethiopia; improving early care are a key strategy for

early diagnosis and treatment (UNICEF, 2014). Integrated management of common

childhood illness and community case management are among the program initiatives

scaled up nationally to address ARI (Miller, 2014).

The 2016 Ethiopian Demographic and Health Survey (EDHS) data used for this

study are based on two stage stratified cluster sampling. The appropriate approach to

analyzing ARI among under five children from this survey is therefore based on nested

sources of variability. Here the units at lower level (level-1) are individuals (under-

five children) who are nested within units at higher level (region). Beside the nested

source of variability; the response variable in this study is ARI status of under five

2



children which is binary response. Because of this, multilevel logistic regression analysis

considers the variations due to hierarchy structure for binary response. Therefore, for

analyzing the data, Bayesian multilevel approach was used.

With this study, the reason why the Bayesian approach is preferred over the usual

frequentist technique is that the power of information obtained from the approach is

much better as it is the combination of likelihood data and prior information about

the distribution of the parameter. The other advantage of Bayesian approach is the

possibility of improving the precision of the results by introducing external information

in terms of the priori distribution (M.L. Calle et al., 2006). Various studies show that

Bayesian approach may have advantages over the frequentist one, particularly in case

of a low power of the frequentist analysis (Salameh, 2014).

Most studies in this area was tried to use statistical models like Binary logistic

regression model to identify the determinant factors of ARI. Those studies were more

of classical, such studies have no power to handle the geographical variation as well as

the variation within individuals. Due to this they didnt focus on regional variations.

In another way, classical model is naturally less accurate than the Bayesian approach

models since all information in the classical has been obtained from likelihood only

wherein the Bayesian approach it was the integration of prior information and that of

likelihood. Thus, to fill the gaps with those previous studies we investigate the factors

associated with ARI among under-five children and regional variations using, Bayesian

multilevel logistic regression model. In this study, we present the Bayesian estimation

of hierarchical models, using Markov Chain Monte Carlo (MCMC) simulation methods

(Gilks, 1995, Browne et al., 1998).

ARI cannot be tackled without understanding its causes; there is also inconsistency

across studies regarding the determinants factor behind occurrence of ARI in under-five

children therefore that is why this study is crucial to assess the prevalence of ARI and

identify underling factors of ARI among under-five children in Ethiopia. Therefore, the

main aim of this study was to investigate the determinant factors associated with acute

respiratory infections among under five children in Ethiopia, using Bayesian multilevel

logistic regression model.
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1.2 Statement of the Problem

In 2016, an estimated 5.6 million children died before reaching their fifth birthday

(UNICEF. 2016).This due to lack of health care services, poverty and low levels of

education in developing countries are all major risk factors that are contributing to

high mortality rates of ARI in under-five children. Acute Respiratory Infections (ARI)

like pneumonia are among the leading causes of morbidity and mortality in children

under five in developing nations (Hug L., 2017). Children living in developing countries

are ten to fifty times more likely to die from ARI than those living in developed

countries (Chatterjee S., 2016). In Ethiopia, about 190, 000 children are still dying

each year, although Ethiopia has achieved fourth MDG target three years earlier by

reducing under-five mortality by 67% from the 1990 estimate. Based on the 2014

WHO estimates ARI is the leading causes of under-five mortality, which accounts 18%

of total death among under five children (FDRE, MOH, 2015). Also a study conducted

in Ethiopia by Integrated Community Case Management Survey in Amhara, SNNP,

and Tigray Regions revealed that 19% of the children had had ARI in the preceding

two weeks (A survey of the last ten kilometers project, 2013).

The achievement of health care intervention depends on a correct understanding of

the demographic, socioeconomic, health, environmental and nutritional factors which

may influence the prevalence of disease and deaths. So far, there are no such detailed

studies conducted to explore all aspects of the prevalence of ARI among under five

children in Ethiopia, particularly the effects of socioeconomic factors, regional variation,

and factors that contribute for a regional variation on the occurrence of ARI among

under five children using Bayesian multilevel logistic regression model.

Several researchers such as (Acquah, 2013) studied the comparison of Bayesian and

classical and found that Bayesian gave a better result than the classical statistics. Other

studies have also shown similar result (Kawo et al., 2018). In the frequentist approach

a parameter is treated as a single fixed value or constant, in the Bayesian approach

a parameter is treated as a random variable with a specific parameter distribution

(Gelman et al., 2014). The Bayesian approach gives the possibility of incorporating

additional information that is external to the sample by prior distributions (Gelman
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A., 2000, Ibrahim J.G., 2000). This additional information may improve accuracy

and credibility of estimations. The credible regions incorporate this prior information,

while frequentist confidence intervals are based only on the sample data.

Some scholars have used logistic regression to identify important risk factors of

acute respiratory infections (ARIs) among under-five children (Geberetsadik et al.,

2015, Harerimana et al., 2016), which actually cannot be empowered to answer whether

there were geographical variations or not. i.e. these statistical methodologies are not

capable to consider the regional variations. Although, classical technique fits the lo-

gistic regression by means of an iterative approach and in some cases, as a result of

this iterative approach, convergence may be difficult to achieve. The robustness and

accuracy of the results produced by Bayesian approach make its gain popularity in data

analysis. Therefore, considering the seriousness of the disease and gaps found with dif-

ferent studies, this study was intended to fill the gap on this regards by considering the

random effects under the multilevel model of the Bayesian approach because multilevel

consider the variations due to the hierarchical structure in the data. Also it allows

the simultaneous examination of the effects of group level (regional) and individual

level variables. Other studies conducted at hospital level with very limited covariates;

that have relative drawback. Thus, this study mainly concentrated on Bayesian mul-

tilevel approaches to identify significant factors associated with ARI among under five

children.Therefore, this study aims to address the following research questions:

1. Are socioeconomic, demographic,health, environmental and nutritional charac-

teristics experiencing ARI?

2. Do regions differ in the occurrence of ARI among under-five children?

3. From the study variables which predictors have variation across regions?

4. Which model is a good fit from empty model (null model), intercept model and

random coefficient model?
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1.3 Objectives of the study

1.3.1 General Objective

The general objective of this study was to investigate factors associated with the preva-

lence of ARI morbidity among under five children in Ethiopia: using Bayesian multilevel

logistic regression model.

1.3.2 Specific objectives

• To assess the effect of socioeconomic, demographic, health, environmental and

nutritional related factors associated with occurrence of ARI among under-five

children.

• To investigate between and within regional variations of ARI among under-five

children in Ethiopia.

• To determine from the study variables, the variation of predictors across regions.

• To compare empty model (null model), the intercept model and random coeffi-

cient model.

1.4 Significance of the study

The following are few points that can be taken as significance of this study to the users:

• The result of this study provide information to government and other concerned

bodies to make enabling environment for the intervention to reduce the occurrence

of ARIs.

• It helps to reduce the occurrence of ARI among under-five children by giving

awareness for the society on the factors that increase the probability of a child

suffered from ARIs.

• To give emphases on the factors that have strong association with the occurrence

of ARI among under-five children.
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• This study also useful to understand how important it is to consider the hier-

archical structure of the data, whether the magnitude of the random effects is

small or large. It is specifically helpful for those who want to deal with the varia-

tion between and within the clusters or groups for cross sectional data set of the

factors that affect Respiratory systems of under-five childrens.

• It serves as stepping-stone for those who are interested to undertake in depth

research on issues related to the incidence of ARI.

1.5 Scope of the study

This study uses secondary data collected by the Central Statistical Authority (CSA),

i.e., the Ethiopia Demographic and Health Survey of the year 2016 (EDHS 2016). The

study uses information on women of age 15-49 who had at least one child in the five

years before the survey. The study is used to identify the risk factors of ARI among

under five children using the Bayesian multilevel logistic model.

1.6 Organization of the Study

This study was structured into five sections. The first chapter gives a general back-

ground of the study, statement of the problem, objective, and its significance of the

study. Chapter 2 deals with the review of literature on ARI among under five chil-

dren in Ethiopia and the rest of the world, whereas chapter three specifies the data

and methodology of the study such as sources of data and variables to be included

in the study. Methods of data analysis are also described in this chapter. Chapter 4

reports results from the Bayesian multilevel logistic regression analysis and provides

discussions. Finally, the last chapter draws conclusions and makes recommendations

for further studies.
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2 Literature Review

2.1 Overview of Acute Respiratory Infection Cases

In 2015, the global under-five mortality was 43 per 1000 live births, a 44% decline as

compared to the rates in 2000 (WHO, 2017). Newborn deaths were about half of all

under-five deaths in all WHO regions, except for WHO African Region where a third

of under-five deaths happened after the first month of life (WHO, 2017). The global

under-five mortality rate in 2015 was 43 per 1000 live births, while the neonatal mortal-

ity rate was 19 per 1000 live births representing declines of 44% and 37% respectively

compared to the rates in 2000. Estimates also indicate that 30-50% of outpatient de-

partment attendance and 20-40% of hospital admissions may be attributed to acute

respiratory infections and pneumonia (Walke et al., 2014).

Acute respiratory tract infections (ARIs) are classified as upper respiratory infec-

tions or lower respiratory tract infections (Simoes et al., 2006). The upper respiratory

tract comprised of the airways from the nostrils to the vocal cords in the larynx, and

include the paranasal sinuses and the middle ear. The continuation of the airways

from the trachea and bronchi down the bronchioles and alveoli are regarded as the

lower respiratory tract (Simoes et al.,2006).

In the developing world, ARI represent the major causes of mortality and morbidity

among children under five years (Ujunwa and Ezeonu, 2014). Children under five years

are high risk group and vulnerable to respiratory infection as this is the developmental

stage of their physical growth and lung function (Liu et al., 2013). Their respiratory

system is not completely developed until the age of six. Compared to adults, children

breath more air in proportion to their body weights. The incidence of ARI in children

for the first five years of life is about 6-8 episodes (Ujunwa and Ezeonu, 2014).

2.2 Determinants of ARI in under-five children

Risk factors for ARI can be categorized in three levels: on the societal level, there

are risk factors such as socioeconomic level of a community; on the household level

factors such as parental characteristics, household size and income, and indoor air
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pollution; and on the individual level characteristics of children such as the presence

of malnutrition (Harerimana et al., 2016).

2.2.1 Socio - economic and Demographic factors

Various studies identified different socioeconomic and demographic variables as influ-

ential for the occurrence of acute respiratory infection such as household wealth index,

mathers educational level, child age, maternal age and maternal working status.

The study conducted in Pakistan to establish health care seeking patterns for child-

hood illnesses revealed that, mothers educational status was strongly associated with

type of provider sought for childhood illness (p = 0.001). In addition, family income and

socio-economic status of the household were also associated with health care seeking

(Rehman, 2014). Also, another study carried out in Sub Saharan Africa, it revealed

that caregivers with high education level and those from high wealth quintiles were

more likely to seek appropriate care for their children (Noordam et al., 2015).

The study done in India showed that low socioeconomic status (OR=4.89), were

found to be significant risk factors of ARI (Bhat, 2013). Also, children within the

age group 6-23 months were more likely to have experienced the symptoms of ARI

compared to children below 6 months of age or older children (Mishira, 2013).

A lancet systematic analysis also examined that ALRI incidence was highest in

neonates aged 0-27 days and infants aged 0-11 months (Nair H, 2013). A study done

in Bangladesh using logistic regression revealed that age of child has a significant asso-

ciation with incidence of ARI. This variable had three groups, infant (age 12 months),

toddler (age 12-23 months), and child (24-59 months). It was found that an infant had

1.8 times and a toddler had 1.5 times significantly higher odds of suffering from ARI

than a child (Azad, 2009). Also the study done in Rwanda revealed that families hav-

ing more than two under five children at home were significantly associated with ALRI

and ALRI was particularly higher among children less than two years (0-11 months:

5.2%; 12-23 months: 5.1%) (Harerimana et al., 2016).

A longitudinal cohort study conducted on 400 children in Gulbarga to assess the

morbidity pattern and determinants of ARI found a significantly higher susceptibility

to ARI of boys than girls (Ramani et al., 2016).The likely reason highlighted by this
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study could be that boys spend more time outdoors than girls thereby increasing their

risk of exposure. The study done in Kenya revealed that, children living in urban areas

are 1.674 more times likely to develop ARI as to those of the same age living in rural

areas (Muthoni et al., 2017).

The study conducted to determine healthcare-seeking behavior for childhood ill-

nesses in Kenya revealed that, children from households with higher socioeconomic

status were more likely to be taken to a hospital than those children from low socio-

economic status (Burton et al., 2011). Likewise, another study carried out in Nandi

County, it was shown that, mothers with higher levels of education were more likely to

seek immediate health facility care compared to those with lower levels of education

(Keter, 2015).

The study conducted in Kenya using Bayesian hierarchical spatial modelling ap-

proach to investigate the spatial variation in the prevalence of ARI revealed that, both

geographical heterogeneity and the high prevalence rate of ARI was observed. Accord-

ingly, disease prevalence is often associated with many socioeconomic status factors

such as overcrowding, unemployment rates, educational and housing quality were sig-

nificantly affected under five children. From the analysis the risk of ARI was found to

vary in a decreasing manner from poorest, poorer and middle class with the highest

being in the household in the poorest category. However, there was a reduction in

the risk in children whose households were richer. But, mothers age, and mother’s

education level were found to be insignificant (Muthoni et al., 2017).

Geberetsadik et al., (2015) revealed that based on logistic regression analysis, the

odds of ARI decreased as the age of the child increased. A 50% reduction in the odds

of ARI was followed in children aged 48-59 months as compared with infants under 6

months of age. Study conducted in the Wondo Genet district, Sidama zone, SNNPR,

Ethiopia showed that children at the age range of 2-12 months were 4 times more likely

to develop pneumonia as compared to older age groups (Abuka T., 2016).

Ethiopia is a diverse country and incidence of ARI in under five children is not

evenly distributed throughout the country. Regional disparities in prevalence of ARI

among under five children are associated with factors at the community level that dis-

tinguish these regions from each other. The availability of services and social amenities
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in communities, or the lack of infrastructure, may positively or negatively influence

the health of the residents of communities. Some of these factors include differences in

community-level development, population density, the prevalence of poverty, and the

availability of child health care services. The study developed on Acute Respiratory

Infection Symptoms among under Five Children in Ethiopia by using multilevel analy-

sis shows the odds of having ARI symptoms estimated to be higher among children in

Tigray, Amhara, Oromia, Somale, Benishangul-Gumuz and Gambela regions compared

to those in Dire Dawa. From regional and two city administrations of Ethiopia, Chil-

dren in Dire Dara had the lowest exposure to ARI symptoms. As this study shows both

mothers education level, and mothers occupation emerged among the most important

predictors of incidence of ARI among under five children (Jabessa S, 2015).

The study carried out in Ethiopia to establish healthcare-seeking behavior for ARI,

it revealed that children from the two highest economic quintiles were 35 to 39% more

likely to seek health care immediately as compared with households in lower economic

quintiles. In addition, household heads with informal education were 1.6 times more

likely to take their children to a health facility compared with household heads with

no education households (Mebratie et al., 2014). Also other study revealed that, the

odds of under five children having mother with no education, to have symptoms of

ARI is increased by 16.69% as compared to above the secondary educational level and

the risk of ARI symptoms among under five children is significantly less, on average,

for children whose mothers are not working compared to whose mothers have work

(Jabessa S, 2015).

2.2.2 Health, nutritional and environmental factors

Several studies show that there are many nutritional, health and environmental factors

like types of cooking fuel, duration of breastfeeding, received vitamin A recently, stunt-

ing, wasting, history of diarrhea and source of drinking water is important determinant

factors for childhood health status related to ARI.

Environmental factors similarly increases a childs susceptibility to ARI: such as

indoor air pollution caused by cooking and heating with biomass fuels (such as wood

or dung); living in crowded homes; and parental smoking (WHO, 2016). The risk of
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ARI, ALRI in children and exposure biomass fuels in the world especially in developing

countries. According to this study, exposure with biomass fuels was recognized as a

cause of lower respiratory infection in children. In need, resulting increased risk, lower

respiratory infection and acute respiratory infection in children (Mohammadi et al.,

2018).

Environmental conditions such as contaminated water and inadequate sanitation

can contribute to acute diarrhea while poor air quality can be a factor to ARI. Multiple

exposures to environmental contaminants may increase the occurrence of acute diarrhea

and ARI among children under five years of age (Briggs, 2003). Acute diarrhea can

lead to acute weight loss, malnutrition and stunting, which are risk factors for ARI

in a low income setting. This association has a considerable public health importance

(Schmidt, 2009). Problem of both diseases can be duly reduced by implementing

community-based prevention strategies such as improved water quality, sanitation and

hygiene, and better quality of fuel for cooking (Ghimire M, 2010).

The WHO defines exclusive breastfeeding as the practice of only giving an infant

breast-milk for the first six months of life (WHO, 2018). A systematic review of 19

studies that investigated 19 risk factors of acute lower respiratory tract infection found

the lack of exclusive breastfeeding (OR = 2.34) as one of the seven risk factors that were

significantly associated with severe acute lower respiratory tract infection (Jackson et

al., 2013).Other study done in Netherlands has examined that compared with never-

breastfed infants, those who were breastfed exclusively until the age of 4 months and

partially thereafter had lower risks of infections in LRTI until the age of 6 months (OR

= 0.50) and of LRTI infections between the ages of 7 and 12 months (OR = 0.46)

(Taylor, 2012).

Azad, (2009) showed that a child without taking vitamin A in the last six months

had 29% higher odds of suffering from ARI. Children from poorest families had 30%

higher odds of suffering from ARI. A child with stunted growth has 19% more odds of

suffering from ARI (p < 0.001) compared to children without stunting growth.

Bbaale, (2011) revealed that child age and nutritional status are imperatively asso-

ciated with the incidence of diseases. Children who are 0-12 months of age, children in

older age cohorts reduce the probability of occurrence of diarrhea and ARI by 16-23%
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and 11-20%. Another study done using case control study showed that childrens hav-

ing, history of diarrhea (AOR = 3.06) and household history of acute lower respiratory

infection (AOR = 3.04) respectively, were at higher odds of developing pneumonia

(Dadi et al., 2014). In Nepali children, diarrhea and acute LRI occurred simultane-

ously more than chance alone. Incidence of ALRI increased as the number of days with

diarrhea in the prior 28 days increased; the greatest incident rate ratio was reported

among children with 20 or more days of diarrhea (OR=1.02) in Nepal (Walkeret et

al.,2013).

Ekure et al., (2013) a study carried out in Nigeria to establish level of mothers

knowledge on childhood pneumonia showed that about 50% were able to correctly

identify fast or difficult breathing as a symptom of pneumonia. However, 75% listed

cold as a cause of childhood pneumonia. Furthermore, 75.8% and 49.5% of the mothers

respectively said reducing exposure to cold and wearing warm clothes were the two

commonest way of preventing pneumonia.

Geberetsadik et al., (2015) revealed that the prevalence of ARI was found to be

higher in children with malnutrition. The odds of ARI among severely wasted children

were 1.7 times higher than in normal children. Also the study shows that age of the

child, fathers educational status, and maternal occupation were statistically significant.

But, duration of breastfeeding, had received vitamin A in the previous 6 months and

place of residence were statistically insignificant.

2.3 Overview of Bayesian Multilevel Modeling

The Bayesian approach presents a well-established framework for making an inference

from observed data for quantities of interest by using an underlying probability model

for a comprehensive overview of modern Bayesian statistical analysis. The Bayesian

methodology differs from the classical frequentist approach in that all of the unknown

parameters in the underlying probability model are treated as random variables, as

opposed to unknown constants in the classical frequentist approach. As such, the

unknown parameters are assigned prior distributions which are based on a priori sub-

jective beliefs or scientific knowledge about the unknown parameters. In other words,

prior distributions serve as probabilistic descriptions of what is known about the un-
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known parameters before observational data are collected and analyzed (Gelman et

al., 2013; Berger, 2013).Bayesian methods may also improve on classical estimators

in terms of the precision of estimates. This happens because of specifying the prior

that brings extra information or data based on accumulated knowledge, and the pos-

terior estimate is based on the combined sources of information (prior and likelihood)

therefore has greater precision (Richardson, 2003).

The study conducted using classical and Bayesian approach in the logistic regression

model on the child’s attention deficit hyperactivity disorder revealed that the Bayesian

approach in statistical analysis is an alternative to be considered, given that it makes

it possible to introduce prior information about the phenomenon under study. The

result shows a reduction of standard errors associated to the coefficients obtained from

the Bayesian analysis, thus bringing a greater stability to the coefficients. Therefore,

they concluded that Bayesian methods provide a more precise and powerful result

(Gordvil-Merino et al., 2010).

The study applied to longitudinal data on pregnancy complication in rural Bangladesh.

As the authors comparisons between classical and Bayesian approach. In the Bayesian

approach under squared error of loss function were used and compare with method of

maximum likelihood and we have found that length of the Bayesian credible interval

is smaller than length of the confidence interval for classical approach. So, Bayesian

estimation found to be better.(Mahanta et al., 2015).

The study developed on anemia prevalence among children aged 6-59 months in

Ethiopia by comparing classical and Bayesian approaches. As the author comparison

between Bayesian approach and classical approach results indicated a reduction of

standard errors is associated with the coefficients obtained from the Bayesian approach

and Bayesian produces precise estimates and more robust compared to the classical

(Kawo et al., 2018).

Multilevel logistic regression is a powerful statistical modeling method that allows

the incorporation of explanatory variables at different levels of hierarchy so that un-

der five children and regional level clustering of the outcome are taken into account.

Generally ignoring the correlated or nested data can completely be resulted with the

wrong estimation which in turn leads to a wrong conclusion (Sainani, 2010). There-
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fore, the nature of EDHS data is hierarchical in which individuals are nested within

regions for which multilevel models are advisable. Moreover, the Bayesian approach

offers a natural solution to the problem of multiple comparisons, when the situation

is adequately modeled in a multilevel framework (Gelman, 2010), and allows a priori

knowledge to be incorporated in data analysis via the prior distribution.

A number of efficient algorithms are available for obtaining maximum likelihood

(ML) estimates of a multilevel model, for example the iterative generalized least squares

procedure (IGLS) or restricted maximum likelihood estimates (RIGLS). Nevertheless,

Bayesian methods can implement multilevel models without statistical limitations.

Bayesian MCMC methods yield inferences based upon samples from the full poste-

rior distribution and allow exact inference in cases where, as mentioned above, the

likelihood based methods yield approximations. Here, we apply a fully Bayesian ap-

proach as suggested in (Fahrmeir L, 2001) which is based on Markov priors and uses

Markov Chain Monte Carlo (MCMC) techniques for inference and model checking.

There is no established method for determining an appropriate number of iterations

and burn-in size. Rather, the researcher use a trial-and-error process in which the

ultimate goal is to obtain stable parameter estimates that minimize simulation error.

As with the computational intensity this steps require more time on the part of the

researcher. However,for choice of the model, we routinely used the DIC developed in

(Spiegelhalter et al., 2002), as a measure of fit and model complexity.
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3 Data and Methodology

3.1 Description of the Study Area

Ethiopia is situated in the Horn of Africa between 3 and 15 degrees north latitude

and 33 and 48 degrees east longitude. It is the second-most populous nation in Africa

next to Nigeria. Ethiopia is bordered by Eritrea to the North, Djibouti, and Somalia

to the East, Sudan and South Sudan to the West, and Kenya to the South. Ethiopia

has eleven geographic or administrative regions: nine regional states (Tigray, Afar,

Amhara, Oromia, Somali, Benishangul-Gumuz, SNNPR, and Harari) and two city

administrations (Addis Ababa and Dire Dawa) with a capital city of Addis Ababa.

3.2 Source of data

The dataset in this study was obtained from the Demographic and Health Survey

conducted in Ethiopia in 2016. The 2016 Ethiopia Demographic and Health Survey

(EDHS) was the fourth survey conducted in Ethiopia as part of the worldwide Demo-

graphic and Health Surveys project. It was implemented by the Central Statistical

Agency (CSA) at the request of the Federal Ministry of Health (FMoH). Data collec-

tion took place from January 18, 2016, to June 27, 2016 with national representative of

18,008 households were selected based on a nationally representative sample that pro-

vides estimates at the national and regional levels and for urban and rural areas. The

data provide in-depth information on family planning, fertility, marriage, infant, child,

adult and maternal mortality, maternal and child health, gender, nutrition, malaria,

knowledge of HIV/AIDS and other sexually transmitted diseases.

The 2016 EDHS sample was selected by considering two-stage cluster design and

census enumeration areas (EAs) were the sampling units for the first stage. A typical

two-level stratification involves first stratifying the population by region at the first

level and then by urban-rural within each region. The sample included 645 EAs (202

in urban areas and 443 in rural areas).In the sampling procedure, households comprised

the second stage of sampling. A complete listing of households was carried out in each of

the 645 selected enumeration areas by equal probability systematic sampling according
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to proportional to EAs measure of size from January 18, 2016, to June 27, 2016.

All women aged 15-49 years who had at least one child in the five years before

the survey were eligible for participation. To handle missing values we used list wise

deletion which is a common approach and easy to perform by deleting all incomplete

observations from the analysis. The result was unbiased when data are MCAR. Even so,

the disadvantage of this method is reduction of sample size. The sample for this study

would be consisted of 10,641 under-five children, from which only 9,918 of them would

be considered in this study.Thus, the analysis for this study was on the occurrence of

acute respiratory infection would be presented based on children less than five years

age.

3.3 Variables in the Study

Variables considered in this study were selected based on literature review such as

socio-economic, demographic, health, environmental and nutritional related factors

are considered as the risk factor for the occurrence of ARI in under-five children.

3.3.1 The response variable

In this study the response variable was the presence or absence of ARI symptoms in a

child who was under five years of age, which was coded with a value zero to indicate

absence of ARI symptoms and one to indicate presence of ARI symptoms. The two

conditions required for a child to be classified as having ARI were having a cough and

short, rapid breaths in the last two weeks, which were measured based on mothers

reports about the symptoms of these conditions. The symptoms are compatible with

ARIs. Therefore the ith child in the jth region is represented by a random variable Yij,

with two possible values coded as 1 and 0. Hence, the response variable for the ith

child in the jth region is measured as a dichotomous variable.

Yij =

{
1, if the ith child suffered from ARI in the jth region

0, otherewise
(1)

With i=1,2,3,....n and j=1,2,3,....,k. Where: n- is the number of under five children

in each region j and k-is the number of regions.
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Let denote the proportion of success ( child suffered from ARI)

P (Yij = 1) = πij, P (Yij = 0) = 1− πij (2)

and Yi ∼ Bernoulli(πi)

3.3.2 Explanatory Variables

The independent variables that are used in this study will be classified as socio-

economic, demographic, health, environmental and nutritional related factors.

Demographic and socio-economic characteristics:- In this study maternal edu-

cation level, mother working status, household wealth index, place of residence,sex of

child, child age, number of children, maternal age and geographical region would be

expected as demographic and socio-economic risk factors.

Health, environmental and nutritional related characteristics:- There are cer-

tain health, environmental and nutritional related characteristics that may affect the

occurrence of ARI among under-five children were: received vitamin A recently, wast-

ing (acute malnutrition), stunting (chronic malnutrition), duration of breast feeding,

fuel used for cooking, source of drinking water and history of diarrhea are important

health, environmental and nutritional characteristics that had been included in this

study.

Table 3.1: Description of Demographic and socio-economic factors and categories.

variable names codes and categories used in this study

Maternal education (0) No education

(1) Primary

(2) Secondary and above

Mother currently working (0) Not working

(1)Working

Place of residence (0) Rural

(1) Urban

18



Household wealth index (0) Poorest

(1) Poorer

(2) Medium

(3) Richer

(4) Richest

Current age of the child (0) less than 6 months

(1) 6-11 months

(2) 12-23 months

(3) 24-35 months

(4) 36-47 months

(5) 48-59 months

Region (1) Tigray

(2) Afar

(3) Amhara

(4) Oromia

(5) Somali

(6) Benshangulgumize

(7) SNNP

(8) Gambela

(9) Harari

(10) Addis Ababa

(11) Dire Dawa

Sex of the child (1) Male

(2) Female

Number of children (0) 1-3 child

(1) 4-6 child

(2) above 6 child

Maternal age (0) 15-19

(1) 20-34

(2) 35-49
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Table 3.2: Description of Health, environmental and nutritional related characteristics

and categories.

variable names codes and categories used in this study

Received vitamin A recently (0) No

(1) Yes

Wasting (0) Not wasted

(1) Wasted

Stunting (0) Not stunted

(1) Stunted

Duration of breast Feeding (0) Never breast feeding

(1) Ever breast feeding, not currently

(2) Still breast feeding

Types of cooking fuel (1) unsafe/unclean

(2) safe/clean

Source of drinking water (0) Unprotected

(1) Protected

Had diarrhea (1) Had no diarrhea

(2) Had diarrhea

3.4 Methods of Data Analysis

The statistical analysis in this research is based on Bayesian multilevel logistic model.

The data collection procedure is the hierarchical level or structures that means the

levels are nested one another; thus why the reason for selecting this model. The data

analysis was taken place using MLwiN 2.02 and SPSS version 20 software.

3.4.1 Bayesian multilevel logistic regression model

In this study a Bayesian multilevel logistic regression approach for binary outcomes

was preferred, which takes into account the hierarchical structure of data and properly

estimates the parameters and accuracy intervals (Bornmann et al., 2013).The multilevel
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logistic regression model is appropriate for research designs where data for respondents

are organized more than one level i.e, nested data. The units of analysis are individuals

at a lower level i.e, under five-children in our case who are nested within aggregate units

at a higher level i.e. regions. A multilevel logistic regression model is also referred to

as a hierarchical logistic regression model, or as random effects (mixed effects) logistic

regression model. The multilevel logistic regression extends from single level logistic

regression model by including random effects to the model (Snijders and Bosker, 1999).

The appropriate approach to analyzing under-five childrens data from this survey is

therefore based on nested sources of variability. Here the units at lower level are under-

five children who are nested within units at higher level (regions). Due to this nested

structure, the odds of childs experiencing ARIs are not independent, because children

from the same cluster (region) may share common exposure to the outcome of interest.

The response variable in this study is ARIs status which is binary and hence multilevel

logistic regression model is a natural choice for modeling. In this data structure, level-1

is the under-five childrens level and level-2 is the regional level. Within each level-2

unit, there is nj in the jth region.

We further simplify the presentation by assuming there is under-five children-level

predictor and regional level factor of ARI. To provide a familiar starting point, we will

first consider a two-level model for binary Outcomes with a single explanatory vari-

able. Suppose we have data consisting of under-five childrens, (level one) grouped into

regions (level two).Let Yij be the binary response for ARI among ith under five children

in region j and Xij be an explanatory variable at the under five children level.We define

the probability of the response equal to one πij = P (yij = 1) Where;πij be modeled

using a logit link function. The standard assumption is that Yij has a Bernoulli distri-

bution. Then, the two-level models are given by:

logit(πij) = log[
πij

1− πij
] = βoj + Σk

h=1βhjXhij (3)

where i=1,2....nj,h=1,2...k and j=1,2,....11

βoj = βo + Uoj, β1j = β1 + U1j...βkj = βk + Ukj

21



Logit(πij) = Log[
πij

1− πij
] = βo + Σk

h=1βhjXhij + Uoj + Σk
h=1UhjXhij (4)

Xi = (X1ij, X2ij....Xkij) represent the first and the second level covariates, for variable

k (β = βo, β1, ....βk) are the regression parameter coefficient. Uoj, U1j, ...., Ukj is the

random effect of the model parameter at level two. With the assumption Uuj,follows a

normal distribution with mean zero and variance σ2
u. Without Uhj the above equation

can be the single-level logistic regression. That means the 3rd equation is the single

level logistic model and the 4th equation is two levels model. Therefore conditional on

Uoj, U1j, ...., Ukj the Yij can be assumed to be independently distributed as Bernoulli

random variables.

3.4.2 Multilevel Analysis of Empty Model (Null Model)

The empty two-level model for a binary outcome variable refers to a population of

groups (level-two units (regions)) and specifies the probability distribution for group-

dependent probabilities Pj in Yij = Pj+εij without taking further explanatory variables

into account. Here, the logit transformed model,logit(πij) can have the normal distri-

bution. Consequently, the empty model can possibly be expressed in the form of the

following formula:

Logit(πij) = βo + Uoj (5)

In the equation above, βo indicates the population average of the transformed prob-

ability and U0j is the random deviations from this average for region j. The residual

term that is associated with the group dependent deviations, U0j has a unique effect of

region j on the response variable; and it is assumed to be normally and independently

distributed with mean zero and variance ,σ2
o that is Uoj ∼ N(0, σ2

0).In this situations,

the level 2 residual can possibly capture the variations across regional means. In this

model, the amount of variance regarding ARIs that is attributable within group charac-

teristics (under-five children) and between group difference (region) can be investigated.
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Equation (5) does not include a separate parameter for the level one variance (Snijders,

1999).The reason is the level one residual variance of binary outcome variable follows

directly the success probability indicated as follow: V ar(εij) = πij(1− πij) where εij is

a child suffered from ARIs dependent residuals.

The other reason of applying multilevel analysis is the existence of intra-class (intra-

regional) correlation arising from similarity of under-five children in the same region

compared to those of different regions.

The intra-class correlation coefficient (ICC) measures the proportion of variance

in the outcome explained by the grouping structure. ICC can be calculated using an

intercept-only model or an empty model. The ICC can be calculated as:

ICC =
σ2
u

σ2
u + σ2

ε

(6)

Where σ2
u is the variance between the group which can be estimated by Uoj and σ2

e is

within-group variance (John, 2009). Denote πo the probability corresponding to the

average values βo as defined by P (πo) = βo for the logit function, the so-called logistic

transformation of βo, is defined as:

πo = logit(βo) =
eβo

1 + eβo
(7)

Note that due to the non-linear nature of the logit link function, there is no simple

relation between the variance of the deviations Uoj . However, there is an approximate

formula which is valid when the variances are small and is given by:

V ar(πj) = (πo(1− πo))2σ2
o (8)

Note that an estimate of population variance V ar(πj) can be obtained by replacing

sample estimates of πo and σ2
o . The resulting approximation can be compared with the

nonparametric estimate:
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τ 2 = S2
between −

S2
within

n

Hypothesis:

H0: There is no regional variation in ARI among under-five children in Ethiopia.

H1: There is a regional variation in ARI among under-five children in Ethiopia.

3.4.3 Bayesian Multilevel Analysis of Random Intercept Model

The random intercept model is used to model unobserved heterogeneity in the overall

response by introducing random effects. In the random intercept model the intercept is

the only random effect meaning that the groups differ with respect to the average value

of the response variable, but the relation between explanatory and response variables

cannot be differ between groups. The random intercept model expresses the log odds,

i.e the logit of πij , as a sum of linear functions of the explanatory variables. That is,

Logit(πij) = log[
πij

1− πij
] = βoj + Σk

h=1βhXhij (9)

i=1,2,.....,n, j=1,2,....,11

Where the intercept term β0j is assumed to vary randomly and is given by the sum of

an average intercept β0 and group-dependent deviations; β0j = β0 + U0j.

As a result we have:

Logit(πij) = βo + Σk
h=1βhXhij + Uoj (10)

Solving for πij

πij =
eβo+Σk

h=1Xhij+Uoj

1 + eβo+Σk
h=1βhXhij+Uoj

(11)

Equation (10) does not include a level one residual because it is an equation for the

probability πij rather than for the outcome Yij, where βo + Σk
h=1βhXhij is the fixed
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part of the model. The remaining U0j is called the random or the stochastic part of

the model. It is assumed that the residual U0j is mutually independent and normally

distributed with mean zero and variance σ2
u (Snijders and Bosker, 1999).

3.4.4 Bayesian multilevel Analysis of Random Coefficients Model

Random coefficient logistic regression is based on linear models for the log-odds that

include random effects for the groups or other higher level units. The random coef-

ficients build upon the random intercept model by allowing the effects of individual

predictors to vary randomly across level 2, that is, level 1 slope coefficients are allowed

to take on different values in different aggregate groups. In the random coefficient

model both the intercepts and slopes are allowed to differ across the regions.

Consider a model with group-specific regression of logit of the success probability

logit(πij) on a single level -one explanatory variable X:

Logit(πij) = log[
πij

1− πij
] = βo + Σk

h=1βhXhij + Uoj + Σk
h=1UhjXhij (12)

The term Σk
h=1UhjXhij can be regarded as a random interaction between group and

the explanatory variables. This model implies that the groups are characterized by

two random effects: their intercepts and their slopes. It assumes that for different

groups, the pairs of random effects (Uo, Uh, h = 1, 2, ...., k) are independent and iden-

tical distributed. The random intercept variance,var(Uoj) = σ2
o , the random slope

variance,var(U1j) = σ2
1 and the covariance between the random effects cov(Uoj, U1j) =

σ01 are called variance components (Snijders and Bosker,1999).

3.4.5 Likelihood Function

Statistical inferences are usually based on maximum likelihood estimation (MLE). MLE

chooses the parameters that maximize the likelihood of the data, and is intuitively ap-

pealing. In MLE, parameters are assumed to be unknown but fixed and are estimated

with some confidence. In Bayesian statistics, the uncertainty about the unknown pa-

rameters is quantified using probability. So that, the unknown parameters are regarded

as random variables.
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The likelihood function used in the Bayesian approach is equivalent to that of

the classical inference. The joint distribution of n independent Bernoulli trials is the

product of each Bernoulli densities, where the sum of independent and identically dis-

tributed Bernoulli trials has a Binomial distribution. Specifically, let Y1j, Y2j, ...., Yij

be independent Bernoulli trials with success probabilities π1j, π2j, ...., πij that is Yij =

1(the probability of having ARI for ith children in the jth region) and also 1−πij (fail-

ure probabilities) is the probability of ith children not having ARI in the jth region,for

i = 1, 2, ..., n and j = 1, 2, ...11. Since, the trials are independent, the joint distribution

of Y1j, Y2j, ..., Yij is the product of n Bernoulli probabilities. The probability of success

in logistic regression varies from one subject to another, depending on their covariates.

Thus, the likelihood function is illustrated below as product of n Bernoulli trials:

L(πij/yij) = Πij(πij)
yij(1− πij)1−yij

and the linear predictor or the logit functions is:

Logit(πij) = log[
πij

1− πij
] = βoj + Σk

h=1βhjXhij + Uoj + Σk
h=1UhjXhij

Where:

πij =
exp(βoj + Uoj + Σk

h=1βhjXhij + Σk
h=1UhjXhij)

1 + exp(βoj + Uoj + Σk
h=1βhjXhij + Σk

h=1UhjXhij)

πij represents the probability of the event for subject ij who has covariate vector Xij

, Yij = 1 indicates the presence (child having ARI) and Yij = 0 the absence (child not

having ARI) of the event for the given subject.

3.4.6 Prior distribution.

The prior distribution is a probability distribution that represents the prior information

associated with the parameters of interest. It is a key aspect of a Bayesian analysis.

There are two types of prior distribution: Informative priors and Non-informative

priors.

An informative prior is a prior distribution that is used when information about the

parameter of interest is available before the data is collected. Typically, informative
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prior distributions are created from historical studies, pure expert knowledge (experi-

ence) and a combination of both. Even if there is prior knowledge about what we are

examining, in some cases we might prefer not to use this and let the data speak for

themselves. In this study, we wish to express our prior ignorance in to the Bayesian

system. This leads to non-informative priors. A non-informative prior distribution

that is used to express complete ignorance of the value before the data is collected.

In this study, the prior distributions for fixed effect parameter was P (β) ∼Uniform

distributions (1) and for random effect terms was, P (1/σ2) ∼ Gamma(α, θ) where α

and θ are fixed constant parameters were used.

Let us denote the parameters βo, β1, ...βk and Ωu as prior distributions would

be given as follows; P (βo) ∝ 1, P (β1) ∝ 1, ....P (βk) ∝ 1 and P (Ωu) ∝ inverse −

wishart(m ∗ Su, v) distribution. The parameter Ωu is the variance-covariance matri-

ces and Su is an estimate for the true value of Ωu and v is the number of row in the

variance-covariance matrix. The Wishart distribution is the multivariate extension of

the gamma distribution; although most statisticians use the Wishart distribution in

the special case of integer degrees of freedom, in which case it simplifies to a multi-

variate generalization of the χ2 distribution. As the distribution χ2 describes the sums

of squares of n draws from a univariate normal distribution, the Wishart distribution

represents the sums of squares (and cross-products) of n draws from a multivariate

normal distribution.

3.4.7 Posterior Distribution

Posterior distribution is obtained by multiplying the prior distribution over all param-

eters by the full likelihood function. All Bayesian inferential conclusions are based

on the posterior distribution of the model generated. Using the prior and likelihood

function above the full conditional distribution of posterior parameter βo, β1, ...., βk is

given by:

P (βh | Ωu, Uoj, yij) ∝ Πijπ
yij
ij (1− πij)1−yij

Where h = 1, 2, ....., k and the full conditional distribution of the variance-covariance
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parameter Ωu has been given as:

P (Ωu/βh, Uoj, Yij) ∝ P (Yij/βh,Ωu, Uoj)P (Uoj/Ωu)P (Ωu) (13)

Estimating β of the posterior distribution may be difficult, for this reason, we need to

use the non-analytic method such as simulation techniques. The most popular method

of simulation technique is Markov Chain Monte Carlo (MCMC) methods.

3.5 Estimation Techniques

3.5.1 Markov Chain Monte Carlo (MCMC) Methods

Bayesian inference is solved by randomly drawing a very large sample from the posterior

distribution. The idea of drawing a large sample from the posterior distribution is called

Markov Chain Monte Carlo using MCMC techniques.

The Bayesian approach applies probability theory to a model derived from sub-

stantive knowledge and theory, deal with realistically complex situations; the approach

can also be termed full probability modeling. There has recently been huge progress

in methods for Bayesian computation, generally exploiting modern computer power to

carry out simulations known as Markov Chain Monte Carlo (MCMC) methods. The

MCMC simulation is used to do the integration numerically rather than analytically

by sampling from the posterior distribution of interest even when the form of that

posterior has no known algebraic form (Spiegelhalter D., 2004).

3.5.2 Metropolis-Hastings Algorithm

Metropolis-Hasting algorithm is an iterative algorithm that produces a Markov chain

and permits empirical estimation of posterior distributions. Therefore, in this study

metropolis-hasting algorithm were used to estimate the fixed and the random effects pa-

rameters for prevalence of ARIs among under-five children. The Metropolis-Hasting al-

gorithm (MH) generates samples from a probability distribution using full joint density

function. Metropolis-Hastings algorithm correctly applied for non-Gaussian data and
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if the posterior distribution doesnt follow some known distribution (Gill, (2002).The

metropolis-Hasting Algorithm follows the following steps:

1. Establish starting values S for the parameter:θj=0 = S. set j = 1

The starting values can be obtained via maximum likelihood estimation.

2. Draw a candidate parameter,θc from a proposal density ,α(.).

The simulated value is considered a candidate because is not automatically ac-

cepted as a draw from the distribution of interest. It must be evaluated for

acceptance.

3. Compute the ratio = f(θc)α(θj−1|θc)
f(θj−1)α(θc|θj−1)

4. Compute R with a U(0, 1) random draw u. If R less than u, then set θj =

θc.Otherwise, set θj = θj−1.

5. Set j = j + 1 and return to step 2 until enough draws are obtained.

Once convergence is reached, all simulation values are from the target posterior distri-

bution and a sufficient number will be drawn so that all areas of the posterior will be

also explored.

3.6 Model selection and comparison

Model selection is to select the best model among several choices based on an evaluation

of the performance of the models. A widely used statistic for comparing models in a

Bayesian framework is the Deviance Information Criterion. The deviance information

criterion (DIC) is a hierarchical modeling generalization of the AIC (Akaike infor-

mation criterion) and BIC (Bayesian information criterion, also known as the Schwarz

criterion). It is particularly useful in Bayesian model selection problems where the pos-

terior distributions of the models have been obtained by Markov chain Monte Carlo

(MCMC) simulation. Like AIC and BIC it is an asymptotic approximation as the sam-

ple size becomes large. It is only valid when the posterior distribution is approximately

multivariate normal.

Define the deviance as D(θ) = −2 log(p(y | θ)) + c, where y are the data, θ are

the unknown parameters of the model and p(y | θ) is the likelihood function. C is a
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constant that cancels out in all calculations that compare different models, and which

therefore does not need to be known.

The expectations D = E[D(θ)] is a measure of how well the model fits the data;

the larger this is, the worse the fit.The effective number of parameters of the model

is computed as pD = D − D(θ),where θ is the expectations of θ. The larger this is,

the better it is for the model to fit the data.The deviance information criterion can be

described as: DIC = D + pD

The idea is that models with smaller DIC should be preferred than models with

larger DIC. Models are penalized both by the value ofD,which favors a good fit, but also

(in common with AIC and BIC) by the effective number of parameters pD.Since D will

decrease as the number of parameters in a model increases, the pD term compensates

for this effect by favoring models with a smaller number of parameters.

The advantage of DIC over other criteria, for Bayesian model selection, is that

the DIC is easily calculated from the samples generated by a Markov chain Monte

Carlo simulation. AIC and BIC require calculating the likelihood at its maximum over

θ, which is not readily available from the MCMC simulation. But to calculate DIC,

simply compute D as the average of D(θ) over a sample values of θ, and D(θ) as the

value of D evaluated at the average of the samples of θ. Then the DIC follows directly

from these approximations.

3.7 Tests for Convergence

It is important to establish whether a sequence of Markov chain Monte Carlo iterations

has converged, that is, reached its stationary distribution. To examine the convergence

of MCMC, considering a different method will be useful for detecting poorly sampled

Markov Chains. Among several ways of a test of convergence, the most popular and

straight forward convergence assessment methods will be used for this study. The

following four methods are more likely to be considered for this study:

1. Autocorrelation: High correlation between the parameters of a chain tends to

give slow convergence, where as high autocorrelation within a single parameter

chain leads to slow mixing and possibly individual non convergence to the limiting
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distribution because the chain will tend to explore less space in finite time. That

is, low or high values indicate fast or slow convergence, respectively. In analyzing

Markov chain autocorrelation, it is helpful to identify lags in the series in order

to calculate the longer- run trends in correlation, and in particular whether they

decrease with increasing lags.

2. Time series plots or trace plots: Time series plots (iteration number on x-

axis and parameter value on y-axis) are commonly used to assess convergence. If

the plot looks like a horizontal band, with no long upward or downward trends,

then we have evidence that the chain has converged.

3. Density plot: The plots of all statistically significant covariates indicated that

none of the coefficients have bimodal density and hence the simulated parameter

values have converged.

4. The Effective Sample Size: The Effective Sample Size is a measure of effi-

ciency that provides an estimate of the equivalent number of independent obser-

vations that are contained in the chain; this will of course be directly related to

the degree of autocorrelation or dependence in the sequence for that parameter.

A related concept to the MCMC convergence would be the inefficiency factor

which is useful to measure the efficiency of the MCMC sampling algorithm. It is

given as:- Inefficiency factor = 1 + 2Σ∞k=1ρ(k) ,where ρ(k) is the sample autocor-

relation at lag k calculated from sample draws. A large value of efficiency factor

indicates that we need large MCMC iteration. The effective sample size, the

number of MCMC output divided by the inefficiency factor. Let the output of

MCMC denoted by N, then it can be given as: Effective sample size = N
1+2Σ∞k=1ρ(k)

.

Assessing Model Accuracy

After model convergence would be achieved, we need to run the simulation for a further

number of iterations to obtain samples that can be used for posterior inference. The

more samples we save, the more accurate would be our posterior estimates. One way

of assess the accuracy of the posterior estimates is by calculating the Monte Carlo

error for each parameter. This is an estimate of the difference between the mean of
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the sampled values (which we are using as our estimate of the posterior mean for each

parameter) and the true posterior mean. As a rule of thumb, the simulation should be

run until the Monte Carlo error for each parameter of interest is less than about 5% of

the sample standard deviation.
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4 Results and Discussion

4.1 Descriptive Result

In this study, the researcher answers the basic research questions and attained to

address the objectives by modeling the data with the appropriate model fit. In order

to study further the model, we were began from the simplest frequency table which

has the power to intend the appropriate candidate model.

4.1.1 Summary of the data

This study was carried out to investigate the determinant factors associated with acute

respiratory infections among under five children through analyzing the demographic,

socio-economic, health, environmental and nutritional factors which were considered in

similar studies conducted previously and using the geo-referenced data obtained from

Ethiopian Demographic Health Survey of 2016. Accordingly, the study used 9,918 from

2016 EDHS and the two weeks prevalence of ARI among under-five children was about

8.4% in Ethiopia.

The major demographic and socioeconomic background characteristics of the re-

spondents and children are presented in Table 4.1. Out of 9,918 under-five children,

51.04% and 48.96% were males and female respectively. The prevalence of ARI among

males and females were 8.5% and 8.38% respectively. About 81.12% of under-five chil-

dren were born to mothers who were residing in a rural area and had a higher prevalence

of ARI (8.95%) as compared to under-five children who were born to mothers who lived

in urban areas (6.25%).

Table 4.1 also showed that the majority of under-five children were born to the

mothers in the age group 20-34 years with lower prevalence of ARI (8.55%) compared to

the children were born to the mother in the age of 15-19 years (8.70%). The proportion

of under-five children suffered from ARI varies with the household economic status.

The highest incidence of ARI among under five children was found from a low income

household, whereas the lowest proportion of under-five children suffered from ARI was

recorded for those from higher income family.
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Similarly, Table 4.1 shows that, among 9,918 respondents, (27.78%) of them had

worked and the prevalence of ARI in under-five children whose mother had work was

(9.33%). Additionally the proportion of children who had ARI varied by educational

status of mothers. The highest proportion of the children with ARI was observed for

children whose mothers had no education was (64.07%) with the prevalence of ARI

were (9.60%) as opposed to the low prevalence of the ARI among under-five children,

which was recorded for children whose mothers had secondary and higher educational

level was (10.72%) with the prevalence of ARI (4.80%). Regarding with the age of

under five children the prevalence of suffering from ARI were 12.3%, 11.39%, 8.43%,

8.29%, 7.44%, 4.85% for childrens whose age are 6-11,12-23, less than 6 ,24-35,36-47

and 48-59 respectively. This show as 6-11 month child and 12-23 month child had the

highest percentage of ARI.

Also Table 4.1 shows that, the proportion of children who had ARI varied from

one region to another. For example the highest prevalence of ARI was observed in

Tigray (15.31%) followed by Oromia (14.40%) as opposed to the low prevalence which

was recorded in Benishangul gumuz (2.58%) in two weeks preceding the survey date.

Hence, there appears to be some variation in prevalence of ARI among the region of

Ethiopia.

Table 4.1: Distribution of Demographic and Socio-economic Factors on prevalence of

ARI among under-five children in Ethiopia (EDHS, 2016).

ARI Status

Variable Names Category Had no ARI Had ARI Total

Sex of child Male 4632(91.5%) 430(8.5%) 5062(51.04%)

Female 4449(91.62%) 407(8.38%) 4856(48.96%)

Place of residence Rural 7325(91.05%) 720(8.95%) 8045(81.12%)

Urban 1756(93.75%) 117(6.25%) 1873(18.88%)
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Maternal age 15-19 336(91.30%) 32(8.70%) 368(3.71%)

20-34 6565(91.45%) 614(8.55%) 7179(72.38%)

35-49 2180(91.90%) 191(8.05%) 2371(23.90%)

Wealth index Poorest 3325(90.50%) 3350(9.50%) 3675(37.05%)

Poorer 1493(89.72%) 171(10.28%) 1664(16.78%)

Middle 1272(92.17%) 108(7.83%) 1380(13.91%)

Richer 1134(93.33%) 81(6.67%) 1215(12.25%)

Richest 1857(93.60%) 127(6.40%) 1984(20.00%)

Mother occupation Not working 6583(91.90%) 580(8.10%) 7163(72.22%)

Working 2498(90.67%) 257(9.33%) 2755(27.78%)

Mother education No education 5806(91.40%) 548(9.60%) 6354(64.07%)

Primary 2261(90.40%) 240(8.60%) 2501(25.22%)

Secondary and above 1012(95.20%) 249(4.8%) 1063(10.72%)

Child age < 6 months 1022(91.57%) 94(8.43%) 1116(11.25%)

6-11 months 891(87.70%) 125(12.3%) 1016(10.24%)

12-23 months 1704(88.61%) 219(11.39)%) 1923(19.39%)

24-35 months 1748(91.71%) 158(8.29%) 1906(19.22%)

36-47 months 1755(92.56%) 141(7.44%) 1896(19.22%)

48-59 months 1961(95.14%) 100(4.85%) 2061(20.78%)
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Number of child 1-3 child 4551(92.00%) 397(8.00%) 4948(49.89%)

4-6 child 3226(91.05%) 317(8.95%) 3543(35.72%)

above 6 child 1304(91.40%) 123(8.60%) 1427(14.39%)

Region Tigray 835(84.69%) 151(15.31%) 986(9.94%)

Affar 892(92.44%) 73(7.56%) 965(9.73%)

Amhara 824(89.18%) 100(10.82%) 924(9.32%)

Oromia 1272(85.60%) 214(14.40%) 1486(14.98%)

Somale 1329(95.68%) 60(4.32%) 1389(14.00%)

Benishangul gumuz 793(97.42)%) 21(2.58%) 814(8.21%)

SNNPS 1081(90.31%) 116(9.69%) 1197(12.07%)

Gambela 624(95.41%) 30(4.59%) 654(6.59%)

Harari 543(97.31%) 15(2.69%) 558(5.63%)

Addis Ababa 411(94.05%) 26(5.95%) 437(4.41%)

Dire Dawa 477(93.90%) 31(6.10%) 508(5.12%)

The major health, environmental and nutritional related background characteris-

tics of the respondents and children are presented in Table 4.2. It shows that there is

the highest prevalence of ARI was recorded for those households used unsafe fuel for

cooking (8.60%) compared to the lowest proportion of ARI recorded for those house-

holds used safe fuel for cooking (5.30%). Among 9,918 under-five children, 43.10% of

them received vitamin A recently with the lowest proportion on the prevalence of ARI

(7.75%) compared to not having vitamin A recently (9%). Additionally, 11.13% of

under-five children had Diarrhea recently with the highest prevalence of ARI (24.64%)
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compared to not having Diarrhea recently (6.41%).

The proportion of under five children suffered from ARI also differ from the source

of water in their household used. The highest prevalence of ARI was observed for

the child whose source of drinking water were unprotected/unimproved (9.39%).From

the nutritional status of children like stunting and wasting, the result indicates that

36.10% of under-five children were stunted (chronic malnutrition) and 11.46% of under-

five children were wasted (acute malnutrition). The prevalence of ARI in under-five

children with stunting and wasting were 10.59%, 10.03% respectively.

Table 4.2: Distribution of Health, Environmental and Nutritional related Factors on

prevalence of ARI among under-five children in Ethiopia (EDHS, 2016).

ARI Status

Variable Names Category Had no ARI Had ARI Total

Vitamin A supplement No 5134(91.00%) 505(9.00%) 5639(56.90%)

Yes 3947(92.25%) 332(7.75%) 4279(43.10%)

Breast feeding Never breast feed 358(94.46%) 21(5.54%) 379(3.82%)

Not currently 4932(93.25%) 357(6.75%) 5289(53.33%)

Still breast feed 3791(89.20%) 459(10.80%) 4250(42.85%)

History of diarrhea No 8249(93.59%) 565(6.41%) 8814(88.87%)

Yes 832(75.36%) 272(24.64%) 1104(11.13%)

Type of cooking fuel Unclean/unsafe 8599(91.40%) 810(8.6%) 9409(94.87%)

Clean/Safe 482(94.70%) 27(5.30%) 509(5.13%)

Wasting Not wasted 8058(91.80%) 723(8.20%) 8781(88.50%)

Wasted 1023(89.97%) 114(10.03%) 1137(11.50%)

37



Stunting Not stunted 5880(92.77%) 458(7.23%) 6338(63.90%)

Stunted 3201(89.41%) 379(10.59%) 3580(36.10%)

Source of water Unprotected 5182(90.61%) 537(9.39%) 5719(57.66%)

Protected 3899(92.85%) 300(7.15%) 4199(42.34%)

The bivariate association between ARI status of under-five children and predictors

were showed in Appendix A:Table 5.1 indicates that ARI status was strongly associated

with region, age of child, wealth index of household, place of residence, breastfeeding,

maternal educations, vitamin A supplement, had diarrhea recently, type of cooking

fuel, maternal work, wasting, stunting and source of drinking water used were found to

have a significant association with the two weeks incidence of ARI at the 5% significance

level.

4.2 Test of Heterogeneity.

Before analyzing multilevel data, one has to test the heterogeneity of ARI status among

regional states of Ethiopia from which essential clues would be obtained for incorporat-

ing the random effects. Therefore, the Pearson chi-square for the proportion of acute

respiratory infections among under five children across the region has been investigated

in the Table 4.3. Consequently, as it obtained by cross tabulations the Pearson Chi-

square (χ2) = 249.058 with 10 degrees of freedom. The P-value is less than 0.05 level of

significance, implying strong evidence of heterogeneity for the ARI status of under-five

children across regional states of Ethiopia. Hence we have enough evidence to reject the

null hypothesis and conclude that there is heterogeneity of acute respiratory infections

among under five children in regional states of Ethiopia.
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Table 4.3: Heterogeneity of ARI of under-five children between Regional States of

Ethiopia.

Chi-square test

Statistics Value D.f P-value

Pearson Chi-square 249.058 10 0.000*

N of valid cases 9918

4.3 Bayesian Multilevel Logistic Regression model

Bayesian multilevel logistic analysis procedure was used to make inference about the

parameters of a multilevel logistic model. Bayesian procedure was considered in this

study to make inference about the parameters of a logistic regression model. The

Bayesian method gives estimates of parameters by sampling them from their posterior

distributions through an MCMC method. This approach was employed to model ARI

status of under-five children. The metropolis Hasting algorithm were implemented

using non-informative uniform prior distribution with scale parameter (0, 1) for the

fixed effects and inverse gamma distribution with a scale of 0.001 and shape 0.001

for random effect (Browne, 2009). The data used in this study have a hierarchical

structure. Here, the level-1 units are the individual under-five children, and the level-2

units are the regions that constitute the groups into which the children are clustered

or nested.

In Bayesian multilevel models,three models were fitted. Model 1 does not include

any covariate; Model 2 includes fixed effects and regional random effects; and Model

3 includes variables in Model 2 and variable that has a significant impact on ARI

among under five children in the Bayesian multilevel intercept model by observing

their respective region effect to identify the appropriate model which fits our data.

39



4.4 Model comparison of Bayesian multilevel logistic regres-

sions.

From Table 4.4 we see that the comparison of the fit of Bayesian multilevel logistic

regression models using the summary of the fitted model. The researcher is going to

compare Bayesian multilevel empty model, Bayesian multilevel random intercept model

and Bayesian multilevel random coefficient model using DIC further strengthened the

advantage of the Bayesian multilevel model. The model which has small DIC is the

best model for the data set of under-five child ARIs in Ethiopia.

The result, shows that Bayesian multilevel random coefficient model was an im-

proved fit as compared to the rest models in any combination of variables in the data

set. The DIC diagnostics of random intercept Bayesian multilevel logistic regression

model are reduced by 375.16 from the Bayesian multilevel logistic regression of an

empty model. This show as adding covariate variables to the model indicates how the

variable was determined the occurrence of ARIs. Thus; Bayesian multilevel logistic

regression for random intercept was the better model as compared to Bayesian multi-

level for an empty model. DIC is a composite measure of how well the model does (it

is a compromise between fit and complexity), and small values of DIC is preferred. As

we can see in Table 4.4 the Bayesian multilevel random coefficient model has got the

smallest DIC value so, its the best model to determine the incidence of ARI among

under-five children in Ethiopia.

Therefore, this Bayesian deviance information criterion showed that Bayesian mul-

tilevel random coefficient model is the more significant model and best fit the data.

The average deviance from the complete set of iterations (D) also decreased from an

empty model to random intercept and from random intercept to the random coefficient

model. D(θ) shows that the deviance at the expected value of the unknown parameters

and it also shows the decreasing trend from an empty model to random intercept and

from random intercept to the random coefficient model. Also the model complexity is

measured by pD (The effective number of parameters in the model), the larger the pD

is easier to fit the data. Based on this fact, the third model has the largest value of

this measure, it is selected again.
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Table 4.4: DIC values for model comparisons.

BDIC for model comparison

Model D D(θ) pD DIC

BML logistic regression of Empty model 5097.64 4848.33 249.31 5346.95

BML logistic regression of Random intercept model 4699.42 4427.04 272.38 4971.79

BML logistic regression of Random coefficient model 4612.55 4275.15 337.40 4949.95

Note: BDIC: is Bayesian Deviance Information Criterion

BML: is Bayesian Multilevel

D: is the posterior mean of the deviance, measuring how well a model fits the data.

(θ̂): The deviance at the expected value of the unknown parameters.

pD: is the effective number of parameters measuring model complexity.

4.5 Result of Bayesian multilevel empty model

We first fit a simple model with no covariates i.e. an intercept-only model that predicts

the probability of the ARI status of under five children. The simplest specification of

the hierarchical linear model is a model in which only the intercept varies between

level two units and no predictor (explanatory) variables are entered in the model.

The empty model contains no explanatory variables and it can be considered as a

parametric version of assessing heterogeneity among regions with respect to the ARI

status of under five children. From Table 4.5 below, both data showed that there is

a significant variation among the region. The regional variation of the ARI status of

under five children was significant.
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Table 4.5: Posterior summaries for parameters of the empty model.

Model Post. Mean MC error SD 2.5% 50% 97.5%

Fixed intercept(β0j) -2.789 0.0003 0.072 -2.936 -2.789 -2.652

Random intercept var(U0j) 0.998 0.0006 0.136 0.750 0.989 1.279

From Table 4.5, the overall posterior mean of ARI status of under five children

without incorporating the covariate is estimated to be β0j = −2.789 and the between-

region (level two) variance of ARI status of under five children is estimated as σ2
uo =

0.998 which is found to be significant because the credible interval of the respective

parameters was greater than zero. Indicating the variations of ARI status of under five

children among regional states of Ethiopia.

Here the null hypothesis tested is σ2
0u = 0. i.e., there is no regional variation in the

incidence of ARI among under five children in Ethiopia. Based on the above result, the

values are significant at 95% credible interval, which means that the interval is greater

than zero, therefore, the null hypothesis had been rejected indicating strong evidence

that the between region variance is greater than zero. The variance of the random

factor is significant which indicates that there are regional differences in prevalence of

ARIs among under five children.

The variance of σ2
ε and σ2

0u estimate the variations among individual under five

children and among regions of the country respectively. In the variance component

model it is possible to decompose the variance in to regional level (higher level) and

individual level. Individual (level-1) variance was to assess how much of the variation

is due to the individual themselves and how much of the variation is due to regional

level.

In order to get an idea of how much of the variation in ARI status of among un-

der five children was attributable to the region level factors, it is useful to see the

intra-region correlation coefficient (ICC) as ρ̂= 0.998
0.998+3.29

= 0.233,which measures the

proportion of variance of the ARI of under five children that is between regions, not
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within regions. This means that around 23.3% of the variance in ARI of under five chil-

dren are due to variation between regions. Whereas the remaining 76.7% attributable

to individual level, i.e., within regional differences.

4.6 Results of Random Intercept Bayesian multilevel model

Results of analysis of the Bayesian multilevel random intercept model are displayed

in (Appendix B; Table: 5.2). Intercept and some covariates are significant. In this

Bayesian intercept model, the intercept is allowed to vary across the region after in-

corporating covariates of the ARI status of under-five children. This means that, the

intercept β0 is shared by all regions, while the random effect U0j is specific to region j

and the random effect is assumed to be a normal distribution with variance σ2
u.

The overall posterior mean of ARI status is estimated to be -3.280 which decreased

by 0.491 as compared to an empty model (Table: 4.5).Therefore, indicating many

variables that are included in this model have impacts on the incidence of ARIs.

The result shows that the variance of the random effect is significant which indicates

that there are regional differences in ARI status of under five children in the given

data set. The Bayesian multilevel logistic regression analysis result of intercept model

displayed in (Appendix B; Table 5.2) also estimates the variance of random effect at

the regional level var(U0j) = 1.107 since the 95% credible interval was greater than

zero under the interval, which indicates that there is a significant regional variation.

This confirmed the significance of the regional difference in prevalence of ARI status

among under five children in Ethiopia.

In general, the variance component for random intercept is found to be significant

because the lower limit of the credible interval is greater than zero, indicating strong

evidence of the variations across regions for prevalence of ARI.

The results displayed in (Appendix B; Table: 5.2) showed that the intra-region

correlations coefficient (ICC) is estimated as ρ̂= 1.107
1.107+3.29

= 0.252. This means that

about 25.2% of the total variability in ARI status of under-five children is due to differ-

ence across regions, with the remaining unexplained 74.8% attributable to individual

differences.
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4.7 Results of Random Coefficient Bayesian Multilevel model

Results of analysis of the Bayesian random coefficients model are displayed in Table

4.6. Bayesian multilevel random coefficient logistic regression analysis of ARI status

was compared with an empty and intercept model based on their respective Deviance

information criteria. In this context the deviance information criteria for the random

coefficient model was smaller. This suggests that the model with all predictors, includ-

ing the random slope model is found to be better than the intercept models because

the DIC for the random coefficient model was smaller. Generally, the Bayesian mul-

tilevel random coefficient was the lowest, showed that the random coefficients model

was appropriately fitted the data.

The results revealed that, age of child, wealth index of household, maternal edu-

cation level, vitamin A supplement, had diarrhea recently, maternal working status,

stunting and source of drinking water, were found to be significant, indicating strong

effects on ARIs of under five children and also contributing to variations among re-

gional state in Ethiopia. However, the impacts of sex of the child, maternal age, place

of residence, breast feeding status, type of cooking fuel, wasting and number of living

child are found to be insignificant, according to this study no evidence for the effects of

those factors on ARIs of under-five children. From the output of the random coefficient

Bayesian multilevel models, we interpret the results as follows:

The child age has a significant association with incidence of ARIs. The odds of

incidence of ARI among under five children in the age group of 48-59 month, were

40.2% (OR=0.598, 95% Credible interval:(-0.908,-0.130)) times less likely having ARI

to those children in the age group less than 6 months. This means that as the age of

child increase the ability of children being suffered from ARI was decreased.

According to this study, wealth index of household also showed a statistical signif-

icant association with incidence of ARI. The odds of the child having ARI who comes

from middle class family was 46.8% (OR=0.532, credible interval:( -0.927, -0.343)) less

likely than the child comes from poorest family. The odds the child having ARI who

comes from a richer class family was 58.4% (OR=0.416, credible interval :( -1.417,

-0.435)) less likely than the child comes from poorest family. Similarly, the odds the
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child having ARI who comes from richest class family was 47.2% (OR=0.528, credible

interval :( -1.051, -0.226)) less likely than the reference group. From this, we conclude

that the child comes from low income families was the most significantly being suffered

from ARI in Ethiopia. From this study researcher demonstrated that children born in

lower socioeconomic groups suffered more from ARI than the children born in higher

socioeconomic groups. It indicates that family income had a significant association

with the prevalence of ARIs.

The odds of maternal education level have a significant association with ARIs. The

odds of under-five children developing ARI among mothers who completed secondary

and above educational levels to have ARI was 33.5% (OR=0.635, credible interval: (-

0.875, -0.067)) times less likely than under five children affected by ARIs as compared

with children whose mothers had no education.. This means that a child whose families

are not educated were mostly affected by ARIs.

According to this study Vitamin A consumption of children in the last six months

was found that, it had a significant effect in the ARIs. The odds of a child who had

received vitamin A recently was 16.6% (OR=0.834, credible interval: (-0.359, -0.011))

less likely to suffer in ARI compared to a child not received vitamin A recently. Indeed,

the odds of Under-five child who had Diarrhea recently were 4.284 (OR=4.284, credible

interval :( 1.260, 1.649)) times more likely a child who have ARI than who had not

Diarrhea recently.

Maternal occupation also has a statistically significant association with ARI; ac-

cordingly, the odds of children whose mothers had occupation, to have ARI incidence

was increased by 30.9%( OR: 1.309, CI (0.011, 0.540)) compared to mothers had no

occupations. Another finding from the Table 4.6 showed that, chronic nutrition status

of children explained by stunting was included in the model and it has a significant ef-

fect on ARI. The odds of under-five children who were stunted were 59.5% (OR=1.595,

credible interval: (0.291, 0.640)) times more likely to experience ARI than who were

not stunted.

This study also revealed that, the source of drinking water has a significant effect

on ARI. The odds of children using protected source of drinking water were 18.6%

(OR=0.814, credible interval :( -0.40, -0.016)) less likely than having ARI as compared
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with a child using unprotected source of drinking water.

The Bayesian multilevel logistic regression analysis of random coefficient model

results displayed in Table 4.6 below, also estimates the variance of random effect at

the regional level, var(U0j). Thus, the value of var (U0j) = 1.295 indicate there was

significant variation (which means the 95% credible intervals is greater than zero).

This confirmed the significance of the regional difference in incidence of ARIs in the

regional state of Ethiopia. The researcher tried to identify to see the level of variation;

that the intra-region correlation coefficient ICC is estimated as ρ̂ = 1.295
1.295+3.29

= 0.282.

This means that about 28.2% of the total variability in incidence of ARI are due

to differences across regions, with the remaining unexplained 71.8% attributable to

individual differences.

In the random intercept model, we allowed the intercept only to vary across regions

by fixing explanatory covariates. In this model, researcher has tested the variable that

have significant impact on occurrence of ARI among under five children in the Bayesian

multilevel intercept model by observing their respective region effect. Consequently,

regional level variables which are supposed to varying regionally such as wealth index

of household and maternal working status have been examined.

The region wise intercept (U0j), wealth index slopes (Uu11) and maternal work

slopes (Uu21) vary significantly. There was a significant variation in the effects of these

explanatory variables across the regions. The researcher revealed that the variance of

the wealth index of richer category has slopes (σ2
u11 = 0.725) with a credible interval

of (95% CI: 0.223, 1.606) and the variance of the mothers who had worked slopes

(σ2
u21 = 0.502) with (95% CI: 0.188, 1.031) the interval was greater than zero. This

indicates that the random slopes of wealth index of household and the maternal working

status across the region was significant. This means that the wealth index of household

and maternal working status for incidence of ARI among under five children varies from

region to region.
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Table 4.6: Bayesian Estimates for Random coefficient model.

Fixed effects

Variables category Coefficient MC error SD Exp(β) 2.5% 50% 97.5%

− Intercept -3.305 0.0057 0.353 0.0367 -4.025 -3.307 -2.615

Child age <6 (ref)

6-11 0.259 0.0008 0.163 1.295 -0.061 0.263 0.579

12-23 0.095 0.0008 0.151 1.099 -0.199 0.094 0.388

24-35 -0.155 0.001 0.175 0.856 -0.489 -0.157 0.188

36-47 -0.164 0.0011 0.190 0.849 -0.541 -0.159 0.192

48-59 -0.514 0.0011 0.201 0.598 -0.908 -0.517 -0.130

Wealth index Poorest (ref)

Poorer -0.222 0.0005 0.125 0.800 -0.472 -0.224 0.021

Middle -0.632 0.0006 0.147 0.532 -0.927 -0.629 -0.343

Richer -0.877 0.0015 0.245 0.416 -1.417 -0.863 -0.435

Richest -0.638 0.001 0.210 0.528 -1.051 -0.635 -0.226

Maternal educ. No education(ref)

Primary 0.140 0.0004 0.106 1.150 -0.064 0.140 0.350

Secondary and higher -0.454 0.0007 0.205 0.635 -0.875 -0.459 -0.067

Vitamin A No (ref)

Yes -0.182 0.0003 0.088 0.834 -0.359 -0.183 -0.011

Had diarrhea No(ref)

Yes 1.455 0.0003 0.099 4.284 1.260 1.455 1.649

Maternal work Not working(ref)

Working 0.270 0.0007 0.137 1.309 0.011 0.271 0.540

Stunting Not stunted(ref)

Stunted 0.467 0.0003 0.089 1.595 0.291 0.464 0.640

Source of water Unprotected(ref)

Protected -0.206 0.0004 0.098 0.814 -0.400 -0.204 -0.016

Random intercept

σ2
u0 1.295 0.0012 0.203 - 0.925 1.284 1.724

Random slope

σ2
u11 0.725 0.0049 0.351 - 0.223 0.666 1.606

σ2
u21 0.502 0.0032 0.223 - 0.188 0.468 1.031

Note: Ref - is reference category

σ2
u0=regions variance,σ2

u11=wealth index variance, σ2
u21=maternal working variance
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4.8 Assessment of model Convergence

Once a model has been developed, we now would like to know how effective the model

is in describing the outcome. This is referred to as goodness of fit. These are a

method used to determine whether the algorithm has reached its equilibrium or target

distribution. There are several ways used to monitor convergence. The most common

ways of checking goodness of fit are: diagnosis for convergence of the MCMC chains

was confirmed by visual inspection the trace plot, kernel density, effective sample size

and Monte Carlo (MC) error. Small values of the MC error indicate that the quantity

of interest has been calculated with precision.

To use summary statistics of the estimated posterior distributions for inference the

realized value of the parameters (the MCMC value) should converge. To check this we

have to use a suitable diagnosis to evaluate mixing and convergence of a sampler. From

different methods of checking convergence, trace and history plots, kernel density plot

and autocorrelation are among the common (Ntzoufras, 2009). Tests used for checking

convergence of a Bayesian multilevel random coefficient model were as follows:

Time Series Plots: are commonly used to assess convergence of the parameter es-

timates in Bayesian analysis. The plot with number of iterations on the x-axis and

parameter values on the y-axis for each significant parameter. The plot looks like a

horizontal band, with no longer upward or downward trends, then we have evidence

that the chain has converged. For all simulated parameters, time series plot indicates a

good convergence since the chains are mixed together (see below figure and Appendix

D).

Kernel Density Plot: This is also the statistical techniques to recognize convergence

in Bayesian analysis. The plot on below figure and Appendix D shows that the co-

efficients of significant variables were approximately normally distributed. Thus, this

indicates that the Markov chain has attained its posterior distribution.

Autocorrelation Plot: It is a test used for convergence of Bayesian analysis. The

ACF measures how correlated the values in the chain are with their close neighbors.

The lag is the distance between the two chains to be compared. High autocorrelation

indicates slow mixing within a chain and usually slow convergence to the posterior dis-
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tribution. So, the plots displayed below indicate low autocorrelation as we have seen

from below figure and Appendix D.

Effective sample size: convergence of posterior estimate has been checked using an

effective sample size that is all the effective sample sizes of the estimates are greater

than 200. So, the more samples you save, the more accurate would be your posterior

estimates.This is an indication of efficient posterior estimate. It has been presented in

below figure and appendix D.

Figure 4.1: Convergence for wealth index of household in middle class

Figure 4.2: Convergence of a child had diarrhea recently
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4.8.1 Assessing Accuracy of the Bayesian model Estimate

The posterior summary estimates by the MCMC algorithm (metropolis Hasting algo-

rithms), like posterior mean, standard deviation, Monte Carlo error and credible inter-

val were estimated using MLwiN software. To assess the accuracy of the Bayesian

multilevel analysis, the researchers were used Monte Carlo error for each parameter.

If the MC error value is less than 5% of its posterior standard deviation, then the

posterior density estimates with accuracy. In this study, MC error for each significant

variable is less than 5% times its standard deviation. This indicates that convergence

and accuracy of posterior estimates are attained and the model is appropriate to esti-

mate posterior statistics. Therefore, since the convergence and accuracy criteria were

attained, then it is possible to say that the posterior estimate of the Bayesian random

coefficient model was accurate

4.9 Discussions of The Results

The objective of this study was to identify factors associated with the prevalence of

ARI among under-five children and to identify regional variation based on the 2016

EDHS using Bayesian multilevel logistic regression model. For determining the risk

factors of ARI morbidity among under-five children; a total of 9,918 children were

included in the study out of which 8.4% were suffered from ARI. This is consistent with

the finding reported in the 2011 EDHS. According to the descriptive data analysis,

the highest prevalence of ARI was observed in Tigray (15.31%) followed by Oromia

(14.40%) as opposed to the low prevalence which was recorded in Benishangul regional

state (2.58%). This could be due to several reasons for the regional variations in the

disease distributions including environmental, climatic, and infrastructure difference

across the regions. In addition, the difference in the altitude of the regions in Ethiopia

could contribute to the difference in ARI.

For the analysis of the data, Bayesian multilevel logistic regression model was used.

Firstly, the researcher has fitted the Bayesian multilevel empty model, intercept and

coefficient models. In this regard, the Bayesian random coefficient model was found

better in fitting the data appropriately based upon their deviance information criteria
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compared to the empty and random intercept model. In the multilevel analysis under

five childrens are nested within various region in Ethiopia. Before the analysis of data

using multilevel approach, the necessity of multilevel analysis was investigated through

Chi-square test statistic. The heterogeneity test and the significance of variance of

random effect suggest that ARI among under five children differs among regions.

The results which are obtained from the Bayesian multilevel logistic regression of

random coefficient models are discussed as follows:The above analysis revealed that, age

group of children between 48− 59 months has lower odds of ARIs as we compare with

children less than 6 months, this means that as age of child increase the occurrence of

ARI was reduced. The result was confirmed by similar findings investigated previously

by Geberetsadik et al., (2015) and studies done in Ahmadabad City. This is due to

the fact that as children get older, their immunity grows stronger and becomes better

able to resist infection.Also the result of this finding seems to agree with the previous

study using systematic analysis has examined ALRI incidence was highest in neonates

aged 0 − 27 days and infants aged 0 − 11 months as compared to the older age (Nair

H, 2013). This finding was consistent with the results of the study in Wondo-Genet

district, southern Ethiopia (Abuka T., 2016) and this finding was also consistent with

the results of the study done in Rwanda (Harerimana et al., 2016).

In the same manner mothers educational status was strongly associated with ARIs.

Results of Bayesian multilevel logistic regression of random coefficient model show that

mothers that are more educated become less fatalistic about their children’s illnesses,

they are more capable of seeking available health facilities and their greatly change the

traditional balance of family relationships with profound effects on child care. Also, it

revealed that caregivers with high education level were more likely to seek appropriate

care for their children this finding is consistent with (Rehman, 2014) and (Noordam

et al., 2015). In addition, the result indicates that women whose education levels were

secondary, and higher tend to have less probability of ARI among under-five children

than those who have no education. Moreover, decreasing pattern in ARI has been

observed when their education levels increases this is due to mothers with higher levels

of education were more likely to seek immediate health facility care compared to those

with lower levels of education. This finding was in line with Jabessa S (2015) and
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Keter, (2015).

According to this study, the maternal work have also the significant determinant

of the incidence of ARI among under-five children. Consequently, child whose mothers

have work were more likely to suffer from ARIs than a child whose mothers have

not worked. This logic might be occurred due to the fact that time allocated to

earning income may be at expense, time spent in feeding and caring for children (When

mothers are at work, they dont have sufficient time for breastfeeding their children;

thus children become vulnerable to ARI). Moreover, since the majority of mothers in

developing countries like Ethiopia works in the informal sector and in lower status jobs,

the amount of income of these mothers is low and would have a significant impact on

ARI incidence of children. The other reason could be that working mothers have been

exposed to certain chemicals, pollutants, or toxic fumes in the working environment,

thereby transmitting the infection to their children may be increased. The result of

this finding seems to agree with the previous study of a similar case Jabessa S., (2015)

and Fatmi Z, (2002).

Household wealth index also showed a statistical significant association with inci-

dence of ARI. Being a higher wealth quintile, compared to low (poorest), reduce the

probability of ARI occurrence. This finding is in line with studies done in Uganda

Being a higher wealth quintile, compared to the lowest (poorest), reduce the proba-

bility of ARI occurrence by 5%-18% (Bbaale, 2011). This may due to families with

high socioeconomic status are supposed to drink more piped water, and use hygienic

toilets. Additional this finding revealed that, children from households with higher

socioeconomic status were more likely to be taken to a health facility or to be taken

to a hospital than those of low socioeconomic status. This result is consistent with

previous studies done by Burton et al., (2011), Keter, (2015) and Bhat, (2013).

The findings of this study also show that under-five child who had Diarrhea recently

were 28.4% times more likely have ARI than under-five child who had not Diarrhea

recently. This might be Diarrhea morbidity affect the child immunity of under-five

children. This result also in agreement with (Dadi et al., 2014) and also supported by

a study done in Nepali, this was due to occurrence of ALRI increased as the number

of days with diarrhea in the prior 28 days increased; the greatest incident rate was
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reported among children with 20 or more days of diarrhea in the preceding 28 days

(Walker et.al., 2013).

Under-five children who were chronic malnutrition (stunted) were 59.5% more likely

to experience ARI than under-five children who were not stunted. This may due to

wasting in turn impairs the function of the immune system and can lead to increase the

severity, duration of and susceptibility to acute respiratory infection or due to lower

intake of adequate food, improper treatment and insufficient care giving a child may

exposed to ARIs. This finding is in line with Ramadhani, (2013), Geberetsadik et al.,

(2015) and Bbaale, (2011).

A child who had received vitamin A recently was 16.6% less likely to suffer in ARI

compared to a child not received vitamin A recently. In fact to reduce the incidence

of ARI among under five children and to reduce the childhood death due to ARI,

health workers promote Vitamin A supplementation for all in this age group. Family

members have to seriously supervise their childs Vitamin A intake. This finding was

in line with (Azad, 2009). But this finding was inconsistent with Geberetsadik et al.,

(2015) findings.

Another finding was showed, that source of drinking water was an important de-

terminant of the incidence of ARIs. The odds of children using protected source of

drinking water were 18.6% less likely than having ARI as compared with a child using

unprotected source of drinking water. Therefore, the results indicate that source of

drinking water is associated with the ARI status of a child through its impact on the

risk of childhood diseases such as diarrhea, and are affected indirectly as a measure

of wealth and availability of water. Use of improved water and sanitation has a lot of

benefits in the reduction of diseases (particularly ARI). This result was supported by

similar findings by (Briggs, 2003; Ghimire M, 2010).

The analysis based on Bayesian multilevel logistic regression provided estimates for

variances of the random effects and interclass correlations. The estimates for each level

were different, suggesting that the variance composition of ARI status was different at

individual and regional levels. This means that the sources of variations are individuals

and regions. The result of Bayesian multilevel logistic regression model comparison

indicates that, the random coefficient Bayesian multilevel logistic regression model best
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fits the data than the null model and intercept model of Bayesian multilevel logistic

regression model and the interpretation was depend on random coefficients.

The model would be implemented using MLwiN 2.02 versions (Rasbash et al.,

2005). For each model, 85,000 MCMC iterations were run, with the initial 15,000

burn-in terms discarded, and thereafter keeping every 20th sample value to make ob-

servations independent or low autocorrelations. The 60,000 iterations left were used

to assess convergence of the chain and parameter estimation. For convergence check

researcher has implemented four methods such as trace plot, density plot, autocor-

relation, and effective sample size. With these four methods the convergence of the

posterior estimate was correctly achieved and MC error for each significant predictor

was found to be less than 5% of its posterior standard error.
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5 Conclusions and Recommendations

5.1 Conclusions

The purpose of this study was to investigate factors associated with prevalence of

ARI among under five children and to identify regional variation based on data from

2016 EDHS. This study found evidence that verifies some demographic, socioeconomic,

health, nutritional and environmental variables considered in this study have signifi-

cant influence on the ARI morbidity among under-five children. Factors such as: Age

of child, wealth index of household, womens educational level, vitamin A supplement,

mothers occupations, had diarrhea recently, chronic malnutritions and source of drink-

ing water were found to be determinant of incidence of ARI among under five children.

This study demonstrated that children born in lower socioeconomic groups suffered

more from ARI than the children born in higher socioeconomic groups and a child who

had diarrhea was more suffered from ARI. This study also revealed that prevalence

of ARI among under-five children was less likely for children whose mothers are from

secondary and above educational level as compared to those of the uneducated and the

risk of ARI decreases as the age of the child increases. The predictors, like vitamin A

supplement is another, significantly associated with the incidence of ARI among under

five children and as this analysis, the probability of child suffered from ARI was less

for children had vitamin A as compared to those who do not receive Vitamin A. Based

on source of drinking water, the odds of children using an improved source of drinking

water were less likely to suffer from ARI compared to those who do not use improved

source. Likewise, the odds of children having mothers had occupation, to have ARI

symptoms was increased as compared to mothers having no occupation and stunted

children also more likely to have ARI.

An inference is a fully Bayesian multilevel model based on recent Markov chain

Monte Carlo techniques. Based on DIC, Bayesian multilevel random coefficient model

was appropriately fitted the data than empty and intercept model. The effect of re-

gional variations in the wealth index of household and maternal working status further

implies that there exist considerable difference in prevalence of ARI among regions and
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a model with a random coefficient is more appropriate to explain the regional variation

than a model with empty and intercept model.

Finally we conclude that, there is a huge regional disparity in the magnitude of ARI

in children across the regions in Ethiopia. This may suggest differences in lifestyle,

culture, ethnic or environmental determinants between different regions, because of

these potential cultural, socioeconomic, and environmental differences of ARI among

under five children’s exhibits a significant variation among regional states of Ethiopia.

5.2 Recommendations

Based on finding and results of this study, the following recommendations can be made:

• Educational level of mothers plays an important role to save children from ARIs

symptoms. This is, however, requires a long-term investment. As an alternative,

in the short term, health programs need to focus on supporting women with little

or no education.

• The government should design programs to improve the socioeconomic standards

of the poor, there is a clear need for intervention to reduce economic inequalities

and ultimately poverty among the populace. Higher incomes mean that house-

holds can afford improved water source and better cooking fuels.

• The government needs to implement an integrated package of protecting children

against diarrhea and lack of Vitamin A supply and other child care programs to

reduce ARI among children.

• Among under-five children incidence of ARI symptoms between regions are sig-

nificant. This is an indication that the severity of ARI varies from one region

to another. Thus, in order to have a bearing on policy recommendations, future

studies should focus on identifying risk factors of incidence of ARI symptoms for

each region of Ethiopia separately.

• Further studies may conducted to identify other factors that affect respiratory

systems of under five children among regions.
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• Although the variation across the regions has been addressed with this study, the

distribution for the prevalence of ARI and the issue of identifying the hotspot-

area is not covered here. Therefore, the researchers are recommended to extend

this study with the application of spatial models.

• Finally; in this study researcher used the MCMC estimation methods for simu-

lation which is based on the iteration technique. However, there is also another

recent, deterministic and very fast estimation method called Integrated Nested

Laplace Approximation (INLA) method. Hence, researchers should strongly rec-

ommend so that to compare the MCMC and INLA for better estimation of the

posterior marginal.

5.3 Limitations of the Study

The data used here being secondary may have a number of limitations on the outcome

of this study. The following limitations have to be kept in mind:

• Information was based on mothers reporting about the ARI status of children and

no clinical examination were undertaken, which may have caused misclassification

bias. Since the study also was cross-sectional in design, it may not be strong

enough to demonstrate direct cause-and effect relationships between risk factors

and ARI.

• The study focused on identifying the factors that associated with the prevalence

of ARI among under five children in Ethiopia. However, couldnt incorporate some

of the most influential factors such as climate, seasonality and house ventilation

were not found in the data set.
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Appendices

Appendix A: Result of Chi-square Test.

Table 5.1: Chi-square association between ARI status and predictor variables

Variable names Chi-square value p-value

Sex of child 0.0412 0.839

Child age 78.1217 0.000*

Mothers age 0.6024 0.740

Wealth index 29.140 0.000*

Place of residence 14.3655 0.000*

Maternal educations 24.7906 0.000*

Maternal occupations 3.9042 0.048*

Vitamin A supplement 4.508 0.034*

Breastfeeding 54.3091 0.000*

History of diarrhea 421.8497 0.000*

Type of fuel 6.8230 0.009*

Wasting 4.1869 0.041*

Stunting 33.4323 0.000*

Number of children 2.3503 0.309

Source of water 9.253 0.002*

Region 249.0584 0.000*

* indicates a significant variable at 5% level of significance
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Appendix B: Result of Bayesian multilevel Logistic regression

Analysis of MLwiN output.

Table 5.2: Random Intercept Bayesian multilevel model.

Fixed effect

Variables Category Coefficient SD MC error 2.5% 50% 97.5%

- Intercept -3.280 0.367 0.0063 -4.035 -3.270 -2.563

Sex of child Male(ref)

Female 0.007 0.080 0.0003 -0.151 0.008 0.170

Child age <6 (ref)

6-11 0.245 0.162 0.0007 -0.066 0.243 0.563

12-23 0.087 0.147 0.0007 -0.195 0.088 0.369

24-35 -0.177 0.169 0.0009 -0.509 -0.180 0.153

36-47 -0.193 0.186 0.001 -0.556 -0.193 0.176

48-59 -0.539 0.196 0.001 -0.925 -0.539 -0.148

Maternal age 15-19(ref)

20-34 0.153 0.223 0.0022 -0.264 0.146 0.626

35-49 0.050 0.249 0.0021 -0.419 0.043 0.556

Wealth index of household Poorest (ref)

Poorer -0.214 0.124 0.0005 -0.459 -0.214 0.024

Middle -0.609 0.145 0.0005 -0.892 -0.609 -0.331

Richer -0.812 0.161 0.0006 -1.130 -0.813 -0.509

Richest -0.598 0.204 0.0009 -0.994 -0.595 -0.213

Place of residence Rural (ref)

Urban 0.244 0.220 0.001 -0.194 0.245 0.684

Breast feeding Never bf(ref)

Ever bf, not currently 0.229 0.253 0.0025 -0.249 0.219 0.737

Still bf 0.356 0.258 0.0028 -0.150 0.349 0.868
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Maternal education No education(ref)

Primary 0.154 0.105 0.0004 -0.051 0.154 0.362

Secondary and higher -0.449 0.201 0.0007 -0.851 -0.443 -0.065

Vitamin A Supplement No (ref)

Yes -0.183 0.088 0.0003 -0.355 -0.184 -0.010

Had diarrhea No(ref)

Yes 1.435 0.096 0.0003 1.245 1.590 1.621

Fuel type Unclean/unsafe(ref)

Safe/clean -0.065 0.266 0.0009 -0.587 -0.061 0.454

Maternal Work Not working(ref)

Working 0.268 0.094 0.0003 0.084 0.268 0.459

Wasting Not wasted (ref)

Wasted 0.122 0.120 0.0004 -0.116 0.119 0.354

Stunting Not stunted(ref)

Stunted 0.456 0.087 0.0003 0.292 0.456 0.632

Number of living child 1-3 (ref)

4-6 0.126 0.100 0.0004 -0.070 0.123 0.319

Above 6 0.212 0.150 0.0006 -0.088 0.213 0.499

Source of drinking water Unprotected(ref)

Protected -0.203 0.095 0.0003 -0.387 -0.202 -0.016

Random effect

Var(U0j) = σ2
u0 1.107 0.158 0.0007 0.829 1.095 1.456

Note:

Ref=Referance category

σ2
u0=regions variance
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Table 5.3: Random coefficient Bayesian multilevel model.

Fixed effects

Variables category Coefficient MC error SD Exp(β) 2.5% 50% 97.5%

− Intercept -3.305 0.0057 0.353 0.0367 -4.025 -3.307 -2.615

Sex of child Male(ref)

Female 0.011 0.0003 0.081 1.011 -0.143 0.012 0.169

Child age <6 (ref)

6-11 0.259 0.0008 0.163 1.295 -0.061 0.263 0.579

12-23 0.095 0.0008 0.151 1.099 -0.199 0.094 0.388

24-35 -0.155 0.001 0.175 0.856 -0.489 -0.157 0.188

36-47 -0.164 0.0011 0.190 0.849 -0.541 -0.159 0.192

48-59 -0.514 0.0011 0.201 0.598 -0.908 -0.517 -0.130

Maternal age 15-19(ref)

20-34 0.142 0.0023 0.221 1.153 -0.282 0.139 0.583

35-49 0.029 0.002 0.251 1.029 -0.462 0.024 0.532

Wealth index Poorest (ref)

Poorer -0.222 0.0005 0.125 0.800 -0.472 -0.224 0.021

Middle -0.632 0.0006 0.147 0.532 -0.927 -0.629 -0.343

Richer -0.877 0.0015 0.245 0.416 -1.417 -0.863 -0.435

Richest -0.638 0.001 0.210 0.528 -1.051 -0.635 -0.226

Place of residence Rural (ref)

Urban 0.264 0.0011 0.225 1.302 -0.174 0.262 0.709

Breast feeding Never bf (ref)

Ever bf, not currently 0.188 0.0024 0.250 1.207 -0.273 0.183 0.697

Still breast feed 0.337 0.0028 0.258 1.400 -0.158 0.333 0.870
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Maternal educ. No education(ref)

Primary 0.140 0.0004 0.106 1.150 -0.064 0.140 0.350

Secondary and higher -0.454 0.0007 0.205 0.635 -0.875 -0.459 -0.067

Vitamin A No (ref)

Yes -0.182 0.0003 0.088 0.834 -0.359 -0.183 -0.011

Had diarrhea No(ref)

Yes 1.455 0.0003 0.099 4.284 1.260 1.455 1.649

Fuel type Unclean/unsafe(ref)

Safe/clean -0.062 0.001 0.269 0.939 -0.607 -0.051 0.445

Maternal work Not working(ref)

Working 0.270 0.0007 0.137 1.309 0.011 0.271 0.540

Wasting Not wasted(ref)

Wasted 0.125 0.0004 0.122 1.133 -0.117 0.125 0.360

Stunting Not stunted(ref)

Stunted 0.467 0.0003 0.089 1.595 0.291 0.464 0.640

Number of living child 1-3 (ref)

4-6 0.126 0.0004 0.101 1.134 -0.068 0.121 0.328

above 6 0.217 0.0006 0.152 1.242 -0.072 0.215 0.515

Source of drinking water Unprotected(ref)

Protected -0.206 0.0004 0.098 0.814 -0.400 -0.204 -0.016

Random effect

σ2
u0 1.295 0.0012 0.203 0.925 1.284 1.724

Random slope

σ2
u11 0.725 0.0049 0.351 0.223 0.666 1.606

σ2
u21 0.502 0.0032 0.223 0.188 0.468 1.031

Note:

Ref=Referance category

σ2
u0=regions variance

σ2
u11=wealth index variance

σ2
u21=maternal working variance
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Appendix C: MLwiN Result for Equations of Bayesian multi-

level logistic regression models.

MLwiN equation result for Bayesian multilevel logistic regression-empty

model.
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MLwiN equation result for Bayesian multilevel logistic regression-random

intercept model
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MLwiN equation result for Bayesian multilevel logistic regression-random

coefficient model.
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Appendix D: List of Figures for diagnostics

Figure 5.1: Plots of Bayesian Multilevel random Coefficients’ Convergence Test
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