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Modeling Determinants of Neonatal Mortality in Ethiopia

ABSTRACT
Background: Although neonatal mortality estimates continue to decline in Ethiopia over
the years, it is a matter of a great concern among stake holders as the decline is not
enough to reduce NM.
Objective: The study aimed to investigate significant factors and appropriate model of
neonatal mortality in Ethiopia and also to assess the effect region as a cluster.
Method: The data was obtained from the EDHS, 2011.The study sample (n = 2604) was
based on infants (0—1 months old) during the survey period; extracted from the women
data base. Two model families, generalized estimating equation and alternating logistic
regression models from marginal model family, and generalized linear mixed model from
cluster specific model family were used for the analysis. AIC and QIC were used for
model selection.
Result: the result showed that among eligible children the proportion of NM was 14.78%.
Alternating logistic regression model was best fits the data for population-averaged
effects of the given factors on neonatal mortality than generalized estimating equation
model and generalized linear mixed model with two random intercepts was the best
model to evaluate within and between regional heterogeneity of neonatal mortality. From
all the fitted model age of respondents (mothers), multiplicity of birth, birth interval, and
birth order, age at first birth, residence, and birth size were found to be significant factors
of neonatal mortality; whereas wealth, mothers educational level, sex of a child and place
of delivery were non-significant factors.
Conclusion: in line with objectives of this study marginal models, GEE and ALR, have
been compared for the analysis of marginal or average effects of covariates on the
response variable and, we conclude that, ALR model with measure of association
exhibited the best fit for this data than GEE models. For this study also GLMM, with two
random intercept models was found to be appropriate for the analysis of within and
between regional variations for neonatal mortality in Ethiopia. This concluded that there

is heterogeneity of neonatal mortality between and within regions.

Keywords: Neonatal mortality; Generalized Estimating Equation; Alternating logistic
regression; Generalized Linear Mixed Model
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1. INTRODUCTION

1.1. Background
Neonatal mortality (NNM) is the probability of baby dying within the first month of life
and is expressed as neonatal deaths per 1000 live births. In 2005, the World Health
Organization reported that neonatal deaths accounted for 40% of deaths under the age of
5 worldwide; each year an estimated 8 million neonates died within the first 28 days of
life (Lawn, 2005).

The first month of life, the neonatal period, carries one of the highest risks of death of any
month in the human lifespan (Lancet, 2005). In high-income countries, neonates are now
a major focus of child health for reducing both for mortality and morbidity. However, in
low-income countries NNM rates, trends, and causes have attracted relatively little
attention compared to maternal deaths or deaths among older children under-five. As far
as international public health policy and programs are concerned neonatal deaths still do

not receive attention commensurate with their burden (Lancet, 2010).

The Lancet report (The Lancet,2014a) indicated that globally, although the number of
children under five who die has almost been halved since 1990, the progress in the
reduction of neonatal deaths has been much slower than that of children over four weeks
of age (average annual reduction of 2.1 % vs. 3.4 % ) (5). The proportion of neonatal
deaths among children under-five is now 44 percent, compared to 38 percent in 2005.For
instance, in 2012, 2.9 million newborn babies died within 28 days after birth 1 million
on the first and only day of life and there were an additional 1-2 million stillbirths shortly

before or during labour.

In Ethiopia Neonatal mortality has decreased from 49 deaths per 1,000 live births
according to EDHS 2000 to 39 deaths per 1,000 live births in the EDHS 2005; it
remained stable at 37deaths per 1,000 as reported in EDHS 2011. This decline in NNM,
as in other parts of the world, was lower than for infant and under-five mortality, which
fell by 42% and 47%, respectively over thel5-year period. As mentioned above the
country is experiencing a high NNM rate (37per 1,000livebirths) which is comparable to
the average rate of 35.9 per 1,000 for the African region overall (Lancet, 2014b).

There have been a lot of research works on neonatal mortality in the past years. Most of

these investigations make use of the standard logistic regression as the method for
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determining the factors that affect the probability a child dying in the first months of life
due to binary nature of the outcome variable. There are also several other methods have
been discussed in different literature to model neonatal mortality specially survival
analysis when outcome variable is time dependent (time to event); however the authors
contributed to modeling neonatal mortality have not reached a conclusion which model is
appropriate if investigator wants to consider outcome variable as independent of time. In
this thesis we used GEE, ALR, and GLMM.

Clustered data arise in a wide variety of applications including demographic surveys
where samples are arranged in a hierarchy. The clustering can be expressed in terms of
correlation among the measurements on units within the same cluster. EDHS 2011 data
contains clusters in the various regions where respondents were selected and interviewed.
Such clustered data are often correlated which violates the statistical assumption of
independence of observations in the case of the logistic regression method. EDHS 2011
data describes respondents within the same region where there is the likelihood for these
respondents within the same region to share similar characteristics which may affect the

survival of their children.

Statistical models for clustered data must account for the intra cluster correlation at each
level analysis else it could lead to misleading inferences. If the intra cluster correlation is
not properly accounted for in the analyses, standard errors of the parameters may be
biased (Ghisletta and Spini, 2004). Generalized linear model as described by Nelder and
Wedderburn (1972) and McCullagh and Nelder (1989) are regression models to analyse
continuous or discrete response variables. The association between response variable and
covariates is given by the so-called link function. GLM assume that the observation are
independent and does not consider any correlation between the outcomes of the n
observation. Marginal and conditional models are extension of the GLM for correlated
data.

In the marginal model, the primary interest of the analysis is to model the marginal
expectation of response variable given the covariates. Here, the correlation or more
general the association between the outcome variables modeled separately and is regarded
as a nuisance parameter. The major goal is to investigate the effect of covariates in the
population on the response variables. Including the correlation structure in estimating the

effects mainly yields different variance estimation. Marginal models have been
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introduced first by Zeger, Liang, and Self (1985), Liang and Zeger (1986) and Zeger and
Liang (1986).

One method which allows researchers to analyze correlated data is the Generalized
Estimating Equations (GEE). In the late 1980s, Generalized Estimating Equations (GEES)
were developed which allow for the analysis of non-normal, clustered data (e.g. repeated
measures, Littel et al. 2002). These models are usually concerned with population-level
inferences. The method is an extension of the Generalized Linear Models (GLMs) to
accommodate correlated data with its main advantage in the unbiased estimation of
regression coefficients despite a possible misspecification of the structure of the
correlation (Ghisletta and Spini, 2004). The GEE is particularly effective for modeling
clustered binary or count data (Wang, 2010). The two basic advantages for the GEE
method when dealing with correlated data are as follows. Firstly, it could be used
regardless of the nature of the response variable whether it is continuous, dichotomous,
polychotomous, ordinal or an event-count. Secondly, the method allows for a variety of
specifications of the correlation patterns within the clusters (Zorn, 2001). One attractive
property of the Generalized Estimating Equations is that, one can use a working
correlation structure that may be specified wrongly while the resulting regression
coefficient estimate is still consistent and asymptotically normal (Pan and Connett, 2002).
Finally, Generalized Linear Mixed Models (GLMMs) have been developed more recently
and extend GLMs to include random-effects (Agresti, 2002). In contrast with GEEs, these

models often have subject-specific interpretations.

1.2.  Statement of the problem

Although neonatal mortality estimates continue to decline in Ethiopia over the years, it is
a matter of a great concern among stake holders as the decline is not enough to reduce
NM. Several studies have concluded a decline in NM in Ethiopia: (Negera W., Eshetu
W., 2013), (Edward F., Fikre E., Peter B., 2009),(Bogale W,.Assaye K.,Amha
M.,Birkineh T.,Alemayehu W.,2012) ,(Samuel M.,Eshetu W.,2012), but there is not much

investigation into correlation of neonatal mortality among regions of Ethiopia.

Ethiopia is the second most populous country in Africa after Nigeria with a population
estimated at nearly 87 million in 2010 (World data bank, 2013).The population grows at
an annual rate of 2.6% which is slightly greater than that for sub Saharan African

Modeling Determinants of Neonatal Mortality In Ethiopia Page 3



countries average growth of 2.5%.The age structure suggests that nearly 45% of the
population is under 15 years. High mortality, high fertility and low life expectancy
characterize the demography, as in most sub-Saharan African countries (Ringheim K,
Teller C, Sines E, 2009).

There is a rather limited research on NM in Ethiopia. Most of the information for any
program planning and implementation has been based on Ethiopian demographic and
health surveys conducted every five years There are two broad classes of models for
clustered observations, conditional (or cluster specific) and marginal (or population
averaged) models. Clustering occurs at the level of regions only and that each region
contributes a variable number of observations (neonates in our case). Conditional models
are models for intra-cluster responses that condition on the unmeasured characteristic(s).
In these models we introduce a term to capture child-specific conditions that have a
suspected influence on the mortality level of children in the household. The model for
responses of children in a household is then conditional on the (unmeasured) child-

specific covariate.

In our data set children are clustered within a locality (regions). It is recognized that
individuals in the same region are more similar than individuals in different region. When
there are clusters in the data, it is very appropriate to use a method that would cater for
the correlation among variables within the same cluster. Zorn (2001) in” Generalized
Estimating Equation Models for Correlated Data: A Review with Applications” reviewed
the Generalized Estimating Equation (GEE) method for dealing with a correlated data.
Staley (2013) further reported that, one technique which allows researchers to handle
such forms of correlation is the GEE method. Furthermore, it was revealed in the research
that GEEs allow for a range of correlation patterns within clusters and offer valuable

insights into the dynamics of such correlation.

Moreover, this study apply GEE (using correlation) and ALR (using odds ratio), GLMM
model on 2011 Ethiopia Demographic Health Survey (EDHS 2011) data. The focus is on
the effect of important biological and social factors within (intra-cluster correlation) and
between (inter-cluster correlation) the region as cluster in Ethiopia. The data clustered in
to nine regional state and two administrative cities, with large variation in term of
economic performance and standard of living. To have the correct estimates of our

parameter we specify working correlation structure for GEE and we compare this model

Modeling Determinants of Neonatal Mortality In Ethiopia Page 4



with the Alternating Logistic regression. Therefore, given this fact this study is aimed to

answer the following interesting research questions:

(@]

o

©)

1.3.

Does regional variation have an effect on neonatal mortality?
What are the variables that signifantly affect neonatal mortality?
Which fitted model is well appropriate within and between the regional variations

for neonatal mortality?

Objective of the study

1.3.1. General Objective:
The general objective of this study is modeling determinants of neonatal mortality in
Ethiopia from 2011 EDHS dataset.

1.3.2. Specific Objectives:

Specifically, the study aims to:

o

(@]

14.

Identify the significant factors that affect Neonatal mortality
Compare generalized estimating equation & alternating logistic regression
models.

To select an appropriate model for neonatal mortality, which fit the data well.

Significance of the Study

Findings obtained from this study will be useful in many ways:-

o

o

Governmental and non-governmental organizations could take intervention
measures and set appropriate plans to reduce neonatal mortality and giving
priority for the areas which mostly affected in neonatal mortality in the country.
The study would serve as a guide to stakeholders in making informed and
intelligent policy decisions with regard to neonatal mortality and the management
of the risk factors to avoid the death of neonates in the country

To help individuals to have awareness about death of neonates in the country

To help next researcher to give attention on the remaining issues of neonatal

mortality using the alternative model.
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2. LITERATURE REVIEW

2.1.  Introduction
This section will review the general findings related to the effect of socio-economic,

demographic and proximate (health related) determinants on neonatal mortality.

Derose and Kulkarni (2005) using multi-level logistic analysis found community HIV
rates, women’s education and immunization as significant determinants of child mortality
in Zambia. In Egypt, Aly and Grabowski (1990) used logit analysis to model child death
Probability using Egypt’s World Fertility Survey in 1980. They concluded that source of
drinking water and sanitation was significantly and negatively related to child mortality.

Study conducted in Ethiopia titled “Determinants of Neonatal Mortality in Ethiopia: a
case control study, 2013” used multiple logistic regression to identify determinants of
neonatal mortality. The study found that the major determinants of neonatal mortality
were maternal education, birth interval, multiple birth, and age at birth, maternal and

paternal employment and place of residence.

Desta Mekonnen (2011) also established several factors as influencing neonatal mortality.
His study was undertaken for Ethiopia. His study examined and identified the important
determinants of Infant and Child mortality in Ethiopia. The 2000 and 2005 Ethiopia
Demographic and Health Survey (EDHS) data were used. The main aim of his study was
to investigate the association between infant and child mortality and socio-economic and
biodemographic factors in Ethiopia and distinguish which of these factors were more
pronounced in the reduction of infant and child mortality between 2000 and 2005. The
data consisted of a national representative sample of household level data. The results of
the study established a strong link between birth order and neonatal mortality. Generally,
those born from lower birth orders (e.g order 1) had higher chances of dying than those
from higher orders. The increase in the preceding birth interval also reduced the risk of

mortality.

Kumar and Gemechis (2010) used data from Ethiopia DHS survey (2005) and employed
cross tabulation technique to examine the selected socioeconomic, bio-demographic and
maternal health care factors that determine child mortality in Ethiopia. The results
showed that among other variables, birth interval with preceding birth and mothers’

education had a significant impact in lowering the risk of child mortality. The result
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confirmed that the child mortality risk associated with children of less than 2 years of
birth interval with previous child was highest (15 per cent) and lowest (4. 2 per cent) for
the children whose birth interval was 4+ years. Birth order also was an important
determinant of neonatal mortality in Ethiopia.

Christiana (2008) in her study of the determinants of neonatal mortality in Indonesia also
found out that neonatal mortality was higher among infants with shorter birth intervals ,
males infants and smaller than average sized infants. Another study was carried out in
Bangladesh and it used the 2007 Bangladesh Demographic and Health Survey data to
investigate the effect of maternal education on neonatal mortality in Bangladesh. Among
many factors, maternal age and birth order were important determinants of neonatal
mortality in Bangladesh (Mostafa, 2012). Kamal (2012) in his study to investigate the
socio-economic correlates of infant and child mortality in Bangladesh established a
higher neonatal mortality among infants with mothers with a higher number of children

ever born.

Deepak and others (2013) used Nepal 2001, 2006 and 2011 Demographic and Health
Survey data to investigate the trends and determinants of neonatal mortality in Nepal.
Findings revealed higher neonatal mortality for first or fourth or higher birth order than
for second and third births. The study further revealed a higher mortality for neonates
with less than two years birth interval than those with more than two years. Others
including Arshad (2002) with the use of 1991 Pakistan Demographic and Health Survey
data to investigate the determinants of neonatal and post-neonatal mortality in Pakistan
revealed that preceding birth interval was a major factor determining neonatal mortality.
Low birth weight was also found to be an important cause of neonatal mortality by
Upadhyay (2011) in his study on the determinants of neonatal mortality in rural Haryana

in India.

Ezra and Gurum (2002) used a logistic regression model to investigate the impact of birth
interval on infant and child mortality in the context of communities characterized by high
reproductivity, prolonged breast feeding practice, and poor living conditions in Ethiopia.
The results revealed that short birth interval (less than 18 months) were significantly
associated with neonatal mortality. They further observed that those born from younger
mothers (15-19 years) and oldest mothers (35-49 years) had higher chances of death than
those born from mothers aged 25-34 years. Okantey (2012) in his study of the
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determinants of neonatal mortality in Ghana also found that maternal age and size of birth

were significant contributors to neonatal mortality.

Boone and Zhan (2006) employed logistic regression for analyzing child mortality in a
cross-section of countries. The study found mother’s and father’s education as significant
determinants of child mortality in poor countries. Study on Bangladesh, Bairagi et.al
(1999) using a duration model concluded that changes in mother’s education, birth

interval and birth order had little effect on mortality.

Using a logistic multilevel analysis, Curtis et al. (1993) found considerable variation
between families in the risk of post-neonatal mortality in Brazil, even after controlling for
a range of demographic, socioeconomic and locational variables at both the child and the
maternal levels. Madise and Diamond (1995) found a strong correlation of neonatal and
post-neonatal mortality risks for births from the same mother in Malawi even after

controlling for a host of socio-economic, demographic and locational variables.

(Kojo, 2012) In his thesis titled “Modeling the Risk Factors of neonatal mortality in
Ghana” sought to analyze the risk factors of neonatal deaths in Ghana and to suggest
some interventions that can be used in order to improve the survival of newborn babies in
Ghana. He developed three models each for mother level factors, child level factors and
environmental level factors. The results of the research revealed that, for the mother level
factors, it was found that the age of the mother and the wealth index were the main factors
causing neonatal deaths in Ghana. Also, sex of the baby and whether the baby is a twin
were not significant causes of neonatal deaths in Ghana. He added that, for the
environmental level factors, only the region of delivery was a significant cause of
neonatal mortality in Ghana. He however recommended for further research to be
conducted using other factors of neonatal mortality.

(Hong, 2009) Conducted an analysis of infant and under-five mortality in Rwanda using
the nearly two decades of Rwandan Demographic and Health Surveys data. They found
that, in the case of neonatal mortality, the number of children ever born, birth interval,
availability of professional antenatal and delivery care, full immunization of children,
mother’s education, and urban-rural residence were important determinants. The same
study also revealed that, in the case of under-five mortality; multiplicity of births (i.e.

number of births for each pregnancy), birth intervals, antenatal care and deliveries by
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health professionals, full immunization of children, mother’s education, and use of

contraception and possession of mosquito nets were determinants.

Pandey et al (1998) examined infant and child mortality of India. This research found that
sex of the child, mother’s residence, mother’s exposure to mass media, use of clean
cooking fuel, mother’s literacy status, access to a toilet facility, mother’s religion and
ethnicity, income of the household, birth order, mother’s age at birth and mother’s health

care were important determinants of infant and child mortality in India.

Similar finding were reported in a study by Kumar and Gemechis (2010) using data from
the 2005 Ethiopian Demographic and Health Survey. The study reported that birth
interval, mother’s literacy, household wealth, mother’s age at birth, mother’s exposure to
mass media, sex of the child, religion, family size, birth order and residence were
important predictors of infant and child mortality. Many studies reported that children
born at short birth intervals are at higher risk of infant and child mortality (Rutstein 2005;
Rutstein 2008; Hong et al, 2009; Saha and van Soest 2012). Using multi country DHS
data collected between 2000 and 2005 Rutstein (2008) found that waiting 36 months or
more to have another pregnancy substantially decreases risk to children of death and

under nutrition.

Zenger (1993) found the family-level correlation of neonatal mortality in Bangladesh to
be slight and not significant, after controlling for the length of the preceding birth
interval. She also modeled the variation in residual correlation by difference in birth
order, a type of model which may be readily estimated by the multilevel software package
MLn, and found the association in neonatal mortality risks to be stronger for immediate
pairs of siblings than for siblings which are further apart. She suggests the stronger
association for immediate siblings may be because familial effects on neonatal mortality

may change over time or with maternal age.

The most wide-ranging assessment of family effects on neonatal mortality has been that
of Curtis and Steele (1996). Using logistic multilevel models, they found a substantial and
significant family level effects on the risk of neonatal mortality in Bolivia, Kenya, Peru
and Tanzania, even after controlling for the effects of a standard range of child-level and
family-level variables, including the survival status of the preceding child. In all four

countries they also found a significant reduction in the correlation of mortality risks for
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the same mother with increases in the difference in birth order, but did not investigate
how this changed after controlling for other variables. They conclude by suggesting
biological sources of family-level correlations in neonatal mortality risks as a promising
area for future research.

Child’s Sex

A child’s sex has been shown to affect the probability of infant and child mortality:
Owing to biological factors, male infants have a higher risk of mortality during the first
year of life, as highlighted for example in WHO (2003a). In addition, differential
treatment of boys and girls, owing to cultural and socioeconomic factors, may also be
expected to affect the chances of survival during childhood.

Birth Order

Birth order may also play a role in the probability of infant and child mortality, though
the direction of the effect is a priori ambiguous. According to the hypothesis of intra
household resource competition, first born children are more likely to capture vital
resources such as food and care, thereby reducing their mortality risk (see e.g. Vos et al.,
2004). On the other hand, it has been found that first born children, who are more likely
to be born to mothers at younger reproduction ages, experience a higher mortality risk
than children of a higher birth order. A number of studies indeed point to a U-shaped
effect of birth order, with the probability of infant mortality declining after the first child
and increasing again for children of birth order four and higher (see e.g. Titaley et al.,
2008 and Uddin and Hossain, 2008). To account for this effect, we construct two
dummies: one for first born children, and one for children with birth order 4 and higher.
Maternal age

Maternal age is an important risk factor for perinatal and neonatal mortality. In a
systematic review by Carolan & Frankowska (2011) older maternal ages 35-39 years and
over 40 years were at increased risk of neonatal mortality. Furthermore in a cohort study
by Lisonkova (2010) older mothers were found to be at increased risk of pre-term birth
and small for gestational age infants (adjusted Odds Ratio 1.5 (CI 1.4 to 1.7) for women
aged 35 to 39 years; and aOR 1.6 (95% CI 1.3 to 2.0) for women aged 40 years.

Birth interval

A short preceding birth interval has also been found to increase the probability of infant
mortality, resulting in a WHO recommendation of at least 24 month spacing between a
preceding birth and a new pregnancy (WHO, 2006b). Assuming a full pregnancy of nine
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months, this translates into an optimal spacing of 33 months between succeeding births.
We use a dummy to control for preceding birth intervals shorter than that. Finally, we
also include a dummy variable for different years of birth, to capture the changes in
mortality over time. This dummy takes on the value 1 for all children born between 1971
and 1987, 2 for all children born between 1988 and 1997, and 3 for all children born
between 1998 and 2007 (i.e. during the 10-year interval before the survey). In line with
improving health conditions over time, we expect a higher value of the dummy to be
associated with lower mortality rates.

2.2.  Review of Literature on Study Methods

2.2.1. Generalized Estimating Equation (GEE)

According to Agresti, computationally simple alternative to maximum likelihood (ML)
for clustered categorical data is a multivariate generalization of quasi likelihood. Rather
than assuming a particular type of distribution for the response variable, this method only
links each marginal mean to a linear predictor and provides a guess for the variance
covariance structure of the response. The method uses the observed variability to help
generate appropriate standard errors and called the GEE method because the estimates are
solutions of generalized estimating equations. These equations are multivariate
generalizations of the equations solved to find ML estimates for generalized linear models
(Agresti, 2007). Generalized estimating equations (GEE) models are a direct extension of
basic quasi-likelihood theory from cross-sectional to repeated or otherwise correlated
measurements. They estimate the parameters associated with the expected value of an
individual’s vector of binary responses and phrase the working assumptions about the
association between pairs of outcomes in terms of marginal correlations (Molenberghs &
Verbeke, 2005).

When we are mainly interested in first-order marginal mean parameters and pair wise
interactions, a full likelihood procedure can be replaced by quasi-likelihood based
methods (McCullagh and Nelder, 1989). In quasi-likelihood, the mean response is
expressed as a parametric function of covariates, and the variance is assumed function of

the mean up to possibly unknown scale parameters.

Wedderburn first noted that likelihood and quasi-likelihood theories coincide for
exponential families and that the quasi-likelihood estimating equations provide consistent

estimates of the regression parameters in any generalized linear model, even for choices
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of link and variance functions that do not correspond to exponential families
(Wedderburn, 1974). Consequently, Liang and Zeger proposed the method of generalized
estimating equations (GEE) as an extension of GLM to accommodate correlated data
using quasi-likelihood approach. Rather than assuming a particular distribution for the
response, GEE method requires a correct specification of the mean as well as how the
variance depends on the mean. One of the desirable properties of the GEE method is that
it yields consistent and asymptotically normal solutions even with the misspecification of
the covariance structure (Liang and Zeger, 1986).

In the methodology of generalized estimating equations, the user may impart a correlation
structure that is often called a working correlation matrix. One often does not know what
the true correlation is, hence, the term working correlation. Common correlation
structures include; Unspecified: all correlations are to be independently estimated from
the data, Exchangeable: all correlations within subjects are equal, Independent: all
correlations are assumed to be zero (Myers et al, 2010). Because GEE does not have
likelihood function, likelihood-ratio methods are not available for checking fit, comparing

models, and conducting inference about parameters.

2.2.2. Alternating Logistic Regression (ALR)
Generalized estimating equation (GEE), allows estimation of first and second moment
parameters in regression models for multivariate binary data. When association among
the observation is importance and is measured using marginal odds ratios, the
computations required will exclude the applications in studies with large clusters. An
alternative approach that overcomes the computational limitations encountered in many
problems is proposed what is called alternative logistic regression (Zeger et, 1993). As
explained by Zeger et al, alternating logistic regression is reasonably efficient relative to
GEE. In ALR, we estimate the association parameters by modeling the conditional

distribution of one response given another.

Molenberghs & Verbeke also expressed ALR as extension of classical GEE, in the sense
that precision estimates follow for both the parameters. However, unlike with GEE, no
working assumptions about the third- and fourth-order odds ratios are required. The
clever combination of a marginal and a conditional specification, addressing the third and

fourth moments is avoided all together, which is strictly different from setting them equal
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to zero. This combination of marginal and conditional specification can be advantageous
of ALR (Molenberghs & Verbeke, 2005).

2.2.3. Generalized Linear Mixed Model
Agresti explained that, generalized linear model (GLM) extend ordinary regression by
allowing non-normal responses and a link function of the mean. The generalized linear
mixed model is a further extension that permits random effects as well as fixed effects in
the linear predictor (Agresti, 2007). Antonio & Beirlant defined GLMM as extend of
GLM by allowing for random or cluster-specific effects in the linear predictor. These
models are useful when the interest of the analyst lies in the individual response profiles
rather than the marginal mean. The inclusion of random effects in the linear predictor
reflects the idea that there is natural heterogeneity across subjects or clusters in some of

their regression coefficients (Antonio & Beirlant, 2006).

According to McCulloch clarification, GLMM is very versatile in that they can handle
non-normal data, nonlinear models, and a random effects covariance structure. This can
be used to incorporate correlations in models, model the correlation structure, identify
sensitive subjects and can be used to handle heterogeneous variances. The modeling
process is relatively straightforward, requiring the following decisions: what is the
distribution of the data, what is to be modeled, what are the factors, and are the factors
fixed or random? This all makes GLMM attractive for use in modeling. Unfortunately,
computing methods for much of the class of GLMM is an area of active research. No
general-purpose software exists and, tests and confidence intervals are asymptotic and
approximate (McCulloch, 1997).

Generalized the above explanation, GLMM is an extension to generalized linear model
(GLM) that includes random effects in the linear predictor, giving an explicit probability
model that explains the origin of the correlations. The resulting cluster-specific parameter
estimates are suitable when the focus is on estimating the effect of changing one or more

components of the predictor on a given individual.

The key problem in GLMM is maximization of the marginal likelihood, obtained by
integrating out the random effects. In general, no analytic expressions are available for
the integrals and numerical approximations are needed. There are large statistical
literatures on various methods like approximation of the data, approximation of the
Integral (Molenberghs & Verbeke, 2005). To summarize, this brief literature review has
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shown the importance of a range of characteristics in determining maternal delivery

service behavior.
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3. DATA AND METHODOLOGY

3.1. Data Source
The data used in this study was obtained from the Ethiopian Demographic and Health
Survey conducted in 2011, which is the third comprehensive survey conducted as part of
the worldwide Demographic and Health Surveys project (2011, EDHS). The 2011 EDHS
was carried out under the aegis of the Ministry of Health (MOH) and was implemented
by the Central Statistical Agency (CSA). The survey interviewed a nationally
representative population in about 18,500 households, and all women age 15-49 and all
men age 15-59 in these households. The 2011 EDHS used three questionnaires: the
Household Questionnaire, the Woman’s Questionnaire, and the Man’s Questionnaire. The
Woman’s Questionnaire was used to collect information from all women age 15-49 from

the selected households.

3.1.1. Sampling design of 2011 EDHS data
The sample for the 2011 EDHS was designed to provide population and health indicators
at national (urban and rural) and regional levels. Administratively, the regions of Ethiopia
were divided into zones, and zones, into administrative units called weredas. Each wereda
was subdivided into the lowest administrative units, called kebeles which are further
subdivided into census enumeration areas. A representative sample of 17,817 households
was selected for the 2011 EDHS. Of these households 16,702 were successfully
interviewed in which 1 7,385 eligible women were identified for individual interview; full
interviews were conducted with 16,515 women. The number of children at this level was
11,654 representing the number of live births born to the interviewed mothers in the
period of five years preceding the date of the survey. After removal of missing values we

obtained complete information about 2,605 neonates.

An estimate of Neonatal mortality was based on information from the birth history
section of the guestionnaire. The data for Neonatal mortality estimation will be extracted
from the birth history section of the Woman’s Questionnaire from 16,515 women age 15-
49. The birth history section begins with questions about the respondent’s experience
with childbearing (i.e., the number of sons and daughters living with the mother, the
number who live elsewhere, and the number who have died). These questions are
followed by a retrospective birth history, in which each respondent is asked to list each of

her births, starting with the first birth. For each birth, data were obtained on sex, month
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and year of birth, and current age, or, if the child is dead, age at death. If the child’s age at

death is above 28 days, then it will be excluded from the analysis.
3.2.  Variables Description

3.2.1. Response variable
The dependent variable is child survival status. One question from the EDHS used to
examine the dependent variable, which is child alive at the time of interview “Yes (1) or
no (0)”. The response was binary: yes or no. As mentioned above, the dependent
variables are dichotomous, coded as zero if death has not occurred and coded as 1 if death

has occurred (alive =0 and dead =1).

3.2.2. Independent variables
The explanatory variables that would be included are explained as follows. The choice of
these variables is guided by different literatures as the determinant factors of neonatal
mortality. As various literatures supported, the major predictors of Neonatal mortality
considered in this study were categorized as socioeconomic and demographic variables.
These potential predictors included in the table 3.2.
Table 3.1: Description of variables and their coding used in the study

Variables Description Codes/categories

Age Age of mother during 0=15-19 1=20-29 2=30-39 3=40-49
survey

Sex Sex of a child O=Female 1=Male

Age at birth  Age at first birth of 0=<20 1=20-29 2=>29
mothers

Wealth Wealth of household 0=Poor 1=Middle 2=Rich

Multiple Number of births during 0=Single 1=Multiple

birth pregnancy

Residence  Place of residence for 0=Rural 1=Urban

mother

Birth size Size of a child at birth 1=Very large 2=Larger than average
3=Average 4=Smaller than average 5=Very
small

Birth Previous birth interval ~ 0=<24 1=24-47 2=>47
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interval

Birth order  Birth order of a child 1=one 2=Two to four 3=Five and above
Place of The place mothers 0=Home 1=Health facility
delivery delivered during
pregnancy
Maternal Highest level of 0=No education 1=Primary 2=Secondary and

education education attained by above

mothers

3.3.  Methods for data analysis

3.3.1. Generalized Linear Model

Generalized linear models (GLMs) represent a class of regression models that allow us to
generalize the linear regression approach to accommodate many types of response
variables including count, binary, proportions and positive valued continuous
distributions. (Nelder and Wedderburn, 1972; Hilbe, 1994; Hoffman, 2004). Because of
its flexibility in addressing a variety of statistical problems and the availability of
software to fit the models, it is considered a valuable statistical tool and is widely used. In
fact, the generalized linear model has been referred to as the most significant advance in

regression analysis in the past twenty years (Hoffman 2004).

Generalized linear models include three components: 1) a random component which is
the response and an associated probability distribution; 2) a systematic component, which
includes explanatory variables and relationships among them (e.g., interaction terms): and
3) a link function, which specifies the relationship between the systematic component or
linear predictor and the mean of the response. It is the link function that allows
generalization of the linear models for count, binomial and percent data thus ensuring
linearity and constraining the predictions to be within a range of possible values (Guisan,
2002). This ability to handle a larger class of error distributions and data types is a key
improvement of GLMs over linear models. In general, GLM is a linear model for a
transformed mean of a response variable that has distribution in the natural exponential

family.
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The Exponential Family

A random variable Y follows a distribution that belongs to the exponential family, if the

density function is of the form.

f(y/0,d) = exp{p~[yd — P(0)] + c(y, )} (3.1)

For a specific set of unknown parameters 6 and ¢ , and for known functions y (*) and ¢
(*, -). The parameter 6 is called the canonical parameter and represents the location
while, ¢ is called the dispersion parameter and represents the scale parameter and for the
Poisson and binomial distribution it is fixed to be one (Faraway, 2006). An important
property of the GLM is the functional relation between mean and variance.

Generalized linear model assumes that the response variables are independent. In
clustered data however, observations are usually taken from the same unit, and thus this
information forms a cluster of correlated observations. For instance, in the EDHS the
dependent variable (survival status of neonate) was measured once for each eligible

mothers nested within clusters from each region.

3.3.2. Marginal models

Marginal models also known as population averaged models has the primary scientific
objective of analyzing the marginal expectation of responses for a given explanatory
variables. The population averaged parameters represent the average effects of a unit
change in the explanatory variables for the whole population rather than individual
subjects. In other words, marginal models are used to model the population averaged
expectations of the dependent variable as a function of the independent variables across

the entire population but not individual observations as in conditional models

Fixed effects models, which assume that all observations are independent of each other,
are not appropriate for analysis of several types of correlated data structures, in particular,
for clustered and/or longitudinal data. In clustered design, subjects are observed nested
within a larger unit. For instance, the neonates are observed nested within a region.
Marginal models are among the most statistical models widely used to model clustered or
repeated data. The primary objective of marginal model is to analyze the population-
averaged effects of the given factors in the study on the binary response variable of
interest. This means that the covariates are directly related to the marginal expectations
(Molenberghs & Verbeke, 2005). The marginal models fitted in this study would be
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included are Generalized Estimating Equations (GEE) and Alternating Logistic
Regression (ALR).

3.3.2.1. Generalized Estimating Equation

The GEE is a method of parameter estimation which represents an extension of the
generalized linear models to accommodate correlated data. The method models the
marginal expectations of the outcome variable such as the probability of a child dying
before the first months of life. For binary data, a GEE approach is used to account for the
correlation between responses of interest for subjects from the same cluster (Diggle et al.,
1994). GEE is non-likelihood method that uses correlation to capture the association
within clusters or subjects in terms of marginal correlations (Molenberghs & Verbeke,
2005).

For clustered as well as repeated measured data, (Liang & Zeger, 1986) proposed GEE
which require only the correct specification of the univariate marginal distributions
provided one is willing to adopt “working” assumptions about the correlation structure.
The “working” assumptions as proposed by Liang and Zeger, included independence,
unstructured, exchangeable and autoregressive AR (1). Independence and exchangeable
working assumptions can be used in virtually all applications, whether longitudinal,
clustered, multivariate, or otherwise correlated. Auto regressive AR (1) and unstructured
correlation structures are less relevant for clustered data, studies with unequally spaced

measurements or sequences with differing lengths (MolenberghsandVerbeke, 2005). Let

yj = (yjl, V2 y]n])' be the response values of observations from jth cluster, for j=1, 2,

---m follows a binomial distribution i.e. that belongs to the exponential family with the
density function of the form (3.1). Then, to model the relation between the response and
covariates, one can use a regression model similar to the generalized linear models given
by:

g(1;) = logit(1];) = X';B (3.2)
Where, g(Hj): logit link function, X;= (n; x p) dimensional vector of known covariates,
B= (1 x p) dimensional vector of unknown fixed regression parameter to be estimated and

E(Y;) = II; expected values of the response variable from j‘* cluster.
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3.3.2.1.1. Parameter Estimation for GEE
As previously expressed GEE is not likelihood approach, rather it is quasi-likelihood
based and estimated by solving estimating equations which consist of the working
covariance matrix The score equation used to estimate the marginal regression parameters

while accounting for the correlation structure is given by:
m
dIl; -1
_ J 1/2 1/2 _
s(B) = Za—ﬁ,[Aj RAV?] (Y, —-1;) =0 (3.3)
j=1

Where R; is working correlation matrix and the covariance matrix of Yjis decomposed

into 4;*/2R;A;** with A; the matrix with the marginal variances on the main diagonal
and zeros elsewhere and Yjis multivariate vector of asymptotically normal response
variables with mean vector m; i.e. Y; = N(XjB,V]-) . An advantage of the GEE approach is
that it yields a consistent estimator of, even when the working correlation matrix R; is

misspecified. However, severe misspecification of working correlation may seriously
affect the efficiency of the GEE estimators (Molenberghs & Verbeke, 2005).

3.3.2.2.  Alternating Logistic Regression (ALR)
The alternating logistic regression (ALR) method combines GEE1 for the regression

parameters S with a modified logistic regression for estimating the association parameter
a. In the standard GEE, the association parameter is a nuisance parameter which is not the
case in the ALR where the marginal models are fitted based on the odds ratio such that
inferences can be made not only about marginal regression parameters but on the pairwise
association of the responses as well (Molenberghs and Verbeke, 2005). The ALR method
proposed by Carey et al. (1993) used another approach to estimate the regression
coefficients g and the association parameter a which can be efficient for both sets of
parameters and avoids the computational problems of the standard GEE methods.

This method is very similar to that of GEE, in that they are both quasi-likelihood based
and they account for dependency in the data. However, unlike GEE which measures the
association among the observed data through the correlation structure; Alternating logistic
regression (ALR) measures this association using the odds ratio, which is interpretable
and more applicable for binary data. ALR extends beyond classical GEE in the sense that
precision estimates follow for both the regression parameters p and the association

parameters o. Moreover, with ALR inferences can be made, not only about marginal
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parameters but also about pair wise associations between subjects as well (Molenberghs
& Verbeke, 2005).

For a response variable Y;; denoting the probability of a child dying before the first month

of life for j¢ respondent from the i*" region, let X;j be a known set of covariates with

wij = p(Y; = 1) for u;; = E(Y;));
logit(p(v,; = 1) = X;"B) o

The logit model above shows that, the effects of the covariates X;; on the response Y;; are

averaged over all the regions. The marginal model therefore resembles a multiple logistic
regression except that the parameter estimate S as well as the estimated standard errors of
the parameters are corrected for by clustering for respondents in the same region as found
in the EDHS 2011 data.

For cluster j=1, 2,...m, let y; = (yjl,yjz, ---yjn])’ be a n; x 1 response vector with mean

E(y;) = m; and let ¢, be the odds ratio between responses Yy, and ¥j; (1 < k < I < n;)

Defined by:
P(Yi = LYy = Dp(¥Y = 0, = 0)
p(Y = 1Y = 0)p(¥je = 0,¥; = 1))

j=12,.mkl=12,..n; , where YandY; represent the response values for

l.l’jkl = ( (3.5)

mothers k and | respectively from the same cluster. Let y;,; be the log odds ratio between
the outcomes Yy, and Y}, , let my, = p(Yj, = 1) andyj,, = p(Yjx = 1,Yj; = 1), then the
association of the two responses (Zeger et al, 1993) is defined by:

. Tk — Vjki
logit (Y = 1/Y; = yi) = Vjiuyj + log <1 — n;{ — 7T'}z n V'kl) (3.6)
j 1t

Assume yj; = a. Then the pair wise log odds ratio a is the regression coefficient in
logistic regression of Y, on Y as long as the second term on the right hand side in (3.4)
is used as an offset. Generally log(Yjx1) = ¥jii = Z'jra@, Where zj,; is a q X 1 vector of

covariates which specifies the form of the association between Yj,andY;; .

3.3.2.2.1. Parameter Estimation of ALR
Since ALR also not maximum likelihood approach like GEE, parameter estimation is

based on the score equation of the approximate likelihood that is based on quasi
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likelihood approximation. Let u; be a vector with elements 1, = E(Y;x /Yy = y;;) and
let R; be the vector of residual with elements Rj; = Y — E(Yjr/Y = vj1) = Yix — -
Let S; be a vector of diagonal matrix with diagonal elements (1 — pjx;) and let W;
%
Gl
Then the ALR parameter § = (B, a) is the simultaneous solution of the following

ouy
denote matrix aip’]' Finally, let4; = Y;_m;,B; = cov(Y;), C; =

unbiased estimating equations (Zeger et al, 1993).

m
! -1
j=1
m
U= ) WS Ry =0 3.8)
=1

Estimating equation 3.5 and 3.6 are solving for 8 and o by using Gauss-Seidel procedure

algorithm. ALR is computationally feasible for very large cluster.

3.3.2.3.  Model Building for Marginal Models
Model selection is an important issue in almost any practical data analysis. A common
problem is variable selection in regression given a large group of covariates (including
some higher order terms) one needs to select a subset to be included in the regression
model. Model selection is data analysis strategy, which leads to a search of best model.
With this, we mean selecting the best subset of the covariates from the available

covariates in the data.

3.3.3. Variable Selection Technique
To select significant variables, firstly under the GEE, model building strategy started by

fitting a model containing all possible covariates in the data. This was done by
considering two working correlation assumptions (exchangeable and independence). In
order to select the important factors related to the response variable, the backward
selection procedure was used. The strategy is called backward because we are working
backward from our largest starting model to a smaller final model. In this case, the
procedure is used to remove covariates with non-significant p-values. This means that
variables that did not contribute to the model based on the highest p-value was eliminated
sequentially and each time a new model with the remaining covariates was refitted, until
we remained with covariates necessary for answering our research question. Finally, the

two models were compared using model comparison techniques. Additionally, using the
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same procedures, an ALR model, which provides information about pair wise association
of observations between two different individuals within the same cluster, was fitted. It
turned out that the model with selected covariates is found to be the most parsimonious
model.

3.3.4. Model Comparison Technique

3.3.4.1. Quasi-Information Criterion (QIC)
In a condition, when the likelihood function cannot be fully specified, such as in the GEE

case, the Akaike’s Information Criterion (AIC) cannot be directly applied to select either
the optimal set of explanatory variables or correlation matrix. As an alternative, one can
use the modified Akaike’s Information Criterion called Quasi Information Criteria (QIC),
which is based on the quasi-likelihood function (Pan, 2001). QIC is derived from the AIC
and conceptually similar. The quasi-likelihood function takes the following form
(McCullagh & Nelder, 1989).

Qm) = [ st (3.9)

Whererr = E(y),v(y) = ®v(m), and ® being the dispersion parameter. An equation for

the QIC = —2Q(R,1) + 2trace [Q;” Vx| where I represent the independent correlation
structure (diagonal matrices) and R is the specified working correlation structure.

The P-dimensional structure ;" 'and 9y are variance estimators of the regression
coefficients under the correlation structure I and R respectively. The QIC value is
computed based on the quasi-likelihood estimate and is used to select the candidate
explanatory variables. The model with the smallest QIC value for all correlation
structures is considered as the best candidate model.

The generalized Wald test: is used to compare models with different subsets of the
regression parameters, i.e. to select the candidate covariates. That is, one can use the
generalized Wald tests to test the joint null hypothesis that a set of regression parameters
s are equal to zero. In general, for any matrix L a test for hypothesis can be written as
follows, Hy: Lg = 0 vs Hy: Lg # 0 ,Where L is a p x g indicator matrix of ones and zeros.
Here, p is equal to the number of parameters in the full model (including the intercept)
and g equals the number of parameters in the generalized Wald test (that is, the difference
in parameters between the full and reduced model). The Wald statistic is a quadratic form
defined as follows:
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W20 = BELE(L var(B)LY)1LP. It is distributed as y? with q degrees of freedom under
the null hypothesis.

In addition to select the appropriate working correlation structure, the two models with
exchangeable and independence working correlation were compared via their naive
(model based) and robust (empirical) standard error estimates and the one with the closest
empirical and model based standard error estimates was preferred (Molenberghs &
Verbeke, 2005). Moreover, unless one expects dramatic differences among the
correlations, using the exchangeable working correlation structure is recommended
(Agresti, 2007).

3.3.5. Cluster Specific (Subject Specific) Models
When interest is in the marginal or population-averaged models to analysis the

relationships of the covariates to the dependent variable for an entire population, marginal
models as discussed in previous section are preferred. However, in most biomedical and
biological data problems, interest often lies in understanding the response of individual
patient characteristics and how this response is influenced by a given set of possible
covariates (Myers et al.,2010). This proves even to be essential when individual
interventions may be necessary. Cluster specific models are useful in such cases. Cluster
specific models differ from the marginal models by inclusion of parameters that are
specific to clusters or subjects within a population. Consequently, random effects are
directly used in modeling the random variation in the dependent variable at different
levels of the data.

3.3.5.1.  Generalized Linear Mixed Model (GLMM)

Generalized linear models (GLM) is one parts of subject specific models which extends
ordinary regression by allowing non-normal responses and a link function of the mean.
The generalized linear mixed model is a further extension that permits random effects as
well as fixed effects in the linear predictor (Agresti, 2002). Let y;; denote the response of
i*" individual mother from j*"cluster where i =1,2,..n; and y; then; dimensional
vector of all measurements available for cluster j. Let f (bj /D) be the density of the

N (0, D) distribution for the random effects b;. Assumed conditionally on g-dimensional
random effects b;to be drawn independently from N (0O, D), the outcomes y;; of Y; are
independent with the density of the form

fi(vi /by, B, d) = exp{d™[yi;6i; — Y (O:)] + (i &)} (3.10)
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Then the generalized linear mixed model (Molenberghs and Verbeke, 2005); with logit

link is defined as
logit(m;j) = X'y +Z';;bj,  j=12,..,m (3.11)

Where E(Y;;/b;) = m; is the mean response vector conditional on the random effects b;,
for mothers in cluster j and, Xj; andZ;; are p-dimensional and g-dimensional vectors of
known covariate values. The random effects b;are assumed to follow a multivariate

normal distribution with mean 0 and covariance matrix D.

3.3.5.2.  Parameter Estimation for GLMM
Random-effects models can be fitted by maximization of the marginal likelihood,
obtained by integrating out the random effects. Such likelihood may involve high-
dimensional integrals that cannot be evaluated analytically. The likelihood of the data

expressed as a function of unknown parameters is

10,00 = [ [50i8.0.0) = [ [ T [#s0usbrm #)ry/m)aty a2)
j=1 j=1" j=1

It is the integral over the unobserved random effects of the joint distribution of the data
and random effects. The problem in maximizing (3.9) is the presence of m integrals over
the g dimensional random effectsb;. With Gaussian data, the integral has a closed form
solution and relatively simple methods exist for maximizing the likelihood or restricted
likelihood. With non-linear models, numerical techniques are needed. The Laplace
method (Molenberghs & Verbeke, 2005) has been designed to approximate integrals of
the form:

[= f e?® 4 (b) (3.13)

Where Q(b) is a known, unimodal, and bounded function of a g-dimensional variable b.
Let(b) be the value of b for which Q is maximized. Then the second order Taylor

expansion of Q(b)is the form

1 ~
Q(b) ~ Q(B) +5(b— B)'Q"(B)(b — b) (3.14)
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Where, Q" (b) is the matrix of the second order derivative of Q, evaluated at A. Replacing
Q(b) in (3.10) by its approximation in (3.11), we obtain

-1 R
I ~ 2n%|-Q(B)| Z £2® (3.15)

Clearly, each integral in (3.9) is proportional to an integral of the form (3.10) for

functions Q(b) is given by:
Qb)) =91 Z’,Zl [yij (x'ij(x'ijﬁ +2';ib) —p(x'yB + Z’ijb))] - %le_l (3.16)

This is called the Laplace’s method or approximation of integrands. Note that the mode b
of Q depends on the unknown parameters B, ¢p and D, such that in each iteration of the
numerical maximization of the likelihood, b will be recalculated conditionally on the

current values for the estimates for these parameter.

3.3.5.3. Model Comparison in GLMM
This study will be used Likelihood ratio test and Information criteria to select the best

model based on the values of asymptotic estimations.
Likelihood Ratio Test:

The likelihood ratio is a function of log likelihood and used in significance testing. The
likelihood ratio test is a test of the significance of the difference between the likelihood

ratio (-2LL) for the researcher’s model minus the likelihood ratio for a reduced model.

In order to decide on the best of the two random effects models, two models will be fitted,
one with the two random intercepts (between and within regional variations) and another
with one random intercept (within regional variation). One can use the approximate
restricted maximum likelihood ratio test (LRT) to compare these two models (Myers et
al., 2010). Let LRy, = —2LLs and LR,¢q,, = —2LL,.. Then the likelihood ratio statistic

is given by:

A= LRy — LR, cq,| Where LL; log likelihood is value for full model and LL, is log

likelihood value for reduced model. The asymptotic null distribution of the likelihood
ratio test statistic is a chi-square distribution with degrees of freedom equal to the

difference between the numbers of parameters in the two models.
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Akaike's Information Criterion (AIC)

AIC is a measure of goodness of fit of an estimated statistical model. It is not a test on the
model in the sense of hypothesis testing; rather it is a tool for model selection. The AIC

penalizes the likelihood by the number of covariance parameters in the model, therefore
AIC = —21og(L) + 2p (3.17)

Where, L is the maximized value likelihood function for the estimated model and p is the

number of parameters in the model. The model with the lowest AIC value is preferable

3.3.5.4.  Model Checking Technique
In GLMM, it is assumed that the random effects are normally distributed and uncorrelated
with the error term. Normality of the random effects is assessed using normal plot of each
random effect. Normal Q-Q plot of estimated random effects is an important method for

checking the normality (Myers et al., 2010).
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4. RESULT AND DISCUSSION

4.1. Descriptive Result
The data extracted from the Ethiopia demographic health survey 2011 is represented in
Table 4.2 below. Total of 2604 mothers from nine regional states and two city
administrations in Ethiopia were eligible for this study. Among these eligible mothers 385
(14.78%) of them were mothers whose their baby died in the first months of life, whereas
2219 (85.22) of them were mothers whose their baby alive within the same period.
Table 4.1: Neonatal Mortality of 2011 EDHS data

Child Alive Frequency (%)
Yes (O=for child alive) 2219 (85.22)
No (1=for child died) 385 (14.78)
Total 2604 (100)

Table 4.2 presents basic descriptive information that summarizes the associations
between the risk factors and neonatal mortality. From the table the proportion of neonatal
mortality (PNM) for the women aged 20 to 29 were slightly higher (7.60%) compared to
women aged 40 to 49 (1.15%). Considering the wealth index PNM for the women of poor
level were higher (7.80) compared to middle (4.57%) and rich level (2.42%) women. For
the child level factors; the PNM for males (8.37%) were higher compared to females
(6.41%). Also PNM for a single birth were higher (12.48%) compared to multiple birth
(2.30%). The PNM for women deliver at home (12.52%), while PNM deliver at a health
facility were (2.27%). The PNM for women living in rural areas were higher (12.83%)
compared to women living in urban areas (1.96%). Also, the PNM for non-educated
women were slightly higher (10.06%) compared to women attained primary school
(4.22%) and secondary and above school (0.50%). Considering Age of mother at first
birth the PNM for mother aged less than 20 were higher (9.91%) compared to mother
aged 20 to 29 (4.72%) and above 29 (0.15%) respectively. The PNM for infants born in
the order two to four were higher (6.61) compared to first birth (3.30%) and five and
above order birth (4.88%). Also, NM for mother giving birth in the interval of 24 to 47
months were higher (7.24%) compared to mothers giving birth in the interval of less than
24 months (4.48%) and above 47 months (2.19%). Lastly, the PNM for infants of average

size at birth were higher (4.22%) compared to infants of smaller than average size
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(0.77%). Also, PNM for infants of very large, larger than average, and very small size
were 3.84%, 2.19%, and 3.76%.
Table 4.2: Summary of descriptive statistics for neonatal mortality (EDHS, 2011)

Attributes Alive (%) Died (%) Total (%)
Age
15-19 34(1.31) 191(7.33) 225(8.64)
20-29 198(7.60) 1228(42.16) 1426(45.76)
30-39 123(4.72) 683(26.23) 806(30.95)
40-49 30(1.15) 117(4.49) 147(5.65)
Sex
Male 1117(42.90) 218(8.37) 1335(51.27)
Female 1102(42.32) 167(6.41) 1269(48.73)
Birth order
One 408(15.67) 86(3.30) 494(18.97)
Two to Four 1012(38.86) 172(6.61) 1184(45.47)
Five and above 799(30.68) 127(4.88) 926(35.56)
Birth size
Very large 303(11.64) 100(3.84) 403(15.48)
> average 215(8.26) 57(2.19) 272(10.45)
Average 897(34.45) 110(4.22) 1007(38.67)
< average 202(7.76) 20(0.77) 222(8.53)
Very small 602(23.12) 98(3.76) 700(26.88)
Birth interval
Less than 24 months 244(11.62) 94(4.48) 338(16.10)
24 to 47 months 1092(52.00) 152(7.24) 1244(59.24)
Above 47 months 472(22.48) 46(2.19) 518(24.67)
Mother’s level of
education 1461(56.11) 262(10.06) 1723(66.17)
No education 623(23.92) 110(4.22) 733(28.15)
Primary 135(5.18) 13(0.50) 148(5.68)

Secondary and above

Residence
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Rural 1839(20.62)

Urban 380(14.59)
Wealth
Poor 1103(42.36)
Middle 735(28.23)
Rich 381(14.63)
Multiple birth
Single 2177(83.60)
Multiple 42(1.61)
Place of delivery
Home 1890(72.58)
Health facility 329(12.63)
Total 2219(85.22)

334(12.83)
51(1.96)

203(7.80)
119(4.57)
63(2.42)

325(12.48)
60(2.30)

326(12.52)
59(2.27)
385(14.78)

2173(83.45)
431(16.55)

1306(50.15)
854(32.80)
444(17.05)

2502(96.08)
102(3.92)

2216(85.10)
388(14.90)
2604(100)

4.2. Collinearity Diagnostic Test

Before building the model for factors of neonatal mortality, the set of independent

variables must be tested for collinearity. Table 4.2 below displays the Tolerance and the

Variance Inflation Factor (VIF) of the independent variables to be used for predicting

factors that affect neonatal mortality. The two statistics used for collinearity test are the
Tolerance and the VIF. From Table 4.3, the Variance Inflation Factor (VIF) for each

independent variable is less than 10 meaning that, there is no interaction (linear

relationship) between the independent variables that might affect the results in the

analysis. This implies that all the independent variables in table 4.2 are fit to be used in

developing the model for neonatal mortality in Ethiopia.

Table 4.3: Collinearity test of independent variables (EDHS, 2011)

Independent variables Collinearity statistics
Tolerance

Age of mother 0.51139

Residence 0.59555

Mother’s level of education 0.80354

Wealth 0.73010

VIF
1.95544
1.67912
1.24450
1.3696
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Age at birth 0.81399 1.22851
Birth order 0.55539 1.80054
Multiple birth 0.97922 1.02122
Sex 0.98768 1.01248
Birth interval 0.90773 1.10165
Place of delivery 0.67495 1.48160
Birth size 0.95239 1.04999

4.3. Statistical analysis of marginal models
In this section, NM has been analyzed using marginal models including generalized
estimating equation and alternating logistic regression models.

4.3.1. Analysis of Generalized Estimating Equations (GEE)

In the methodology that is termed generalized estimating equations, the user may impart a
correlation structure that is often called a working correlation matrix. Before selecting the
correct correlation structure, consider the model building strategy (variable selection).
Under the GEE, model building strategy is started by fitting a model containing all
possible covariates in the data. This was done by considering two different working
correlation assumptions (exchangeable and independence). In order to select the
important factors related to neonatal mortality, the backward selection procedure was
used. The full logit model for the probability of getting dying i*" child from j* cluster

(Region) was fitted as:

logit(nij) = Lo + f14ge, + PrAge, + B3Ages + [iResy + BsMledp + foMleds,
+ B,Wealthy + fgWealthp, + BoBFy + [19Bords, + 11 Mbirth,,
+ B12Sexyq + P13Pbintsy, + L14Pbint,y, + B15Szbirthy, + B1Szbirth,
+ B17Szbirthg, + [1gSzbirth,s + BioPdely

Where ;; is the probability of a child dying before the age of twenty eight days. The
subscripts in each covariates are defined as,1=20-29,2=30-39,3=40-49,U=urban,
P=primary, S+=secondary and above=middle, Pr =poor,Y=yes, 5+=five and higher
order,m=multiple,ma=male,fm=24-47 month,nm=above 47 month,la=larger than average,

a=average, sa=smaller than average,vs=very small=Home.
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After fitting the model, covariates with the largest p-value of Wald test is removed and
refitted the model with the rest of the covariates sequentially. Then, place of residence,
maternal education, wealth index of household and place of delivery were the covariates
excluded from the model; with Wald test p-value for the given covariates are large (P-
value > 0.05) which is found in the appendix. The QIC values of full model (which is
found in appendix) and reduced models are 915.5822 and 911.5799 respectively. Then it
turned out that the model with age, type of place of residence, mothers’ education level,
multiple births, birth order, birth size as covariates was the most parsimonious model.

Table 4.4: Empirical and model based standard errors for two proposed working
correlations (GEE)

Exchangeable Independent

coeff Estimates Empirical (S.E) Model Estimates Empirical Model

icient based (S.E) (S.E) based (S.E)
B, 37954  (1.2043) 0.8721 3.7322 1.2023 0.8480
B, 3.4673 (0.7640) 0.7139 3.4958 0.7705 0.7223
B,  1.9447 (0.4377) 0.4271 1.9352 0.4381 0.4249
Bs  -1.8298 (0.36820 0.2787 -0.8318 0.3725 0.2832
B.  -4.5616 (0.2336) 0.2279 -4.5648 0.2344 0.2278
Bs  -1.6099 (0.2795) 0.3027 -1.5981 0.2794 0.3022
Be  3.2126 (0.3140) 0.3869 3.2086 0.3152 0.3869
B, -2.3758 (0.3095) 0.2967 -2.3680 0.3094 0.2961
Bs  -1.0222 (0.2717) 0.2489 -1.0139 0.2716 0.2477
By  -0.6866 (0.3067) 0.2610 -0.6702 0.3076 0.2613

Finally, as a customary, comparison of empirical and model based standard errors for the
parameter estimates obtained based on the given working correlation assumptions (in this
study exchangeable and independence) was performed using selected covariates. The
correlation structure with the model based and empirical standard errors are closest to

each other, is referred to be the best assumption correlation structure.
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Moreover, since no dramatic differences among the correlations, using the exchangeable
working correlation structure is recommended, as stated in agrestic book (Agrestic, 2007).
In addition, the empirically corrected standard errors for exchangeable correlation
structure are somewhat smaller than their counterpart under the independence

assumptions.

Then, from table 4.5, exchangeable working correlation assumption was found to be

plausible since the two standard errors were closer each other with (a = -0.0113).

Therefore, the final proposed generalized estimating equation model for neonatal

mortality was given as:

logit(m;;) = Bo + B1Ages + BoAge, + BzAges + PuResy + BoBFy + BioBords,
+ 11 Mbirth,, + f13Pbintey, + f14Pbint,y, + B1sSzbirth),
+ B16Szbirth, + [17,Szbirthg, + B1gSzbirth

Parameter estimates and their corresponding empirically corrected standard errors

alongside the p-values from the final GEE model (model 4.2) are presented at table 4.4

Table 4.5: Parameter estimates (empirically corrected standard errors) for GEE

Effects Coefficients Standard errors Confidence intervals
Lower Upper
Intercept 3.7954 0.8721 2.086 5.5046
Age
15-19
20-29 3.4673 0.7139 2.0681 4.8666
30-39 1.9447 0.4271 1.1077 2.7817
40-49
Multiple birth
Single 3.2126 0.3027 2.4543 3.9709
Multiple
Age at birth
<20 -2.7818 0.6628 -4.2260 -1.4343
20-29 -1.7755 0.6880 -3.1538 -0.4659
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>29

Residence

Urban -0.8296 0.3359 -1.3760 -0.2836
Rural

Birth size

Vlarge -0.4555 0.2714 -0.9874 0.0764
>Average -0.6866 0.2439 -1.1982 -0.1750
Average 0.3747 0.2439 -0.1105 0.8600
<Average 0.4670 0.4239 -0.8638 1.2979
Vsmall

Birth order

2-4 -1.6099 0.2279 -2.2033 -1.0166
Birth interval

<24 -2.3758 0.3869 -2.9574 -1.7942
24-47 -1.0222 0.2967 -1.5101 -0.5343
>A7

QIC value 911.5799

Source: EDHS, 2011,* p<0.05 was statistically significant. Cl=confidence interval,

se=standard error, Lower=lower class limit, Upper=upper class limit

4.3.2. Analysis of Alternating Logistic Regression model (ALR)

Model building for ALR is follows the same procedure in GEE model building strategy.
First ALR model was fitted using all proposed covariates. Then the covariate with the
large pvalue is removed. Mothers’ level of education, place of delivery, wealth and sex of
a child are removed covariates with Wald test (p-value > 0.05). The QIC values of both
saturated and reduced models are given by 915.5656 (found in appendix) and 911.5202

respectively.

Therefore, the reduced model with the rest of seven covariates was considered as the best
candidate model. Using the selected covariates and the association parameter o,
alternating logistic regression (ALR) model that provides information about pair wise
association of observations between two different individuals within the same cluster was
fitted. Therefore, the final proposed ALR model included the association parameter for

neonatal mortality is given as follows:
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logit(m;j) = Bo + a+ P1Age; + BrAge, + PsAges + ByResy + PoBFy + BroBords,
+ B11Mbirth,, + f13Pbints, + f14Pbintyy, + B15Szbirth,
+ ﬁlGSZbirtha + ﬁ17SZbirthsa + ﬁ185ZbirthVS

Parameter estimates and their corresponding empirically corrected standard errors

alongside the p-values from the final ALR model are presented in table 4.6.

4.3.3. Comparison of GEE and ALR Models

Since the likelihood function does not fully specified in marginal models, model
comparison is based on quasi likelihood criteria (QIC) which is the modified AIC criteria.
From table 4.3 and table 4.4, we found that the QIC values are 911.5799and 911.5202 for
the GEE and ALR respectively. However, the empirically corrected standard errors for
ALR model are somewhat smaller than their counterpart under the GEE model. This
implies that the ALR fits the data with small disturbance than GEE. Moreover, ALR
extends beyond classical GEE in the sense that precision estimates follow for both the
regression parameters 3 and the association parameters a. We were also in a position to
emphasize that the association is strongly significant (P < 0.0001), provided it has been
correctly specified, a declaration we could not make in the corresponding exchangeable
GEE analysis. Therefore, we can conclude that ALR is the better model for explaining the
marginal association between survival status of neonates and the selected predictor
variables. Thus, our interpretation of parameters is based on the final proposed ALR
model. Overall, parameter estimates under ALR are slightly less than those of GEE. This
difference in parameter estimates from the two models might be due to the fact that ALR
takes the associations into account, where as GEE not consider the association parameter

in the model.

Table 4.6: Parameter estimates (empirically corrected standard errors) from ALR

Effects Level Parameter Estimates 959% conf.int P-value
(S.E)

Intercept Bo 3.8197(0.8868) (2.0816,5.5579)  <.0.0001*

Age 15-19 B 3.4392(0.7116) (2.0446,2.8339)  <.0.0001*
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(ref)

20-29 B2 1.9318(0.4273) (1.0943,2.7692) <.0.0001*
30-39 B3 0.6971(0.3361) (0.0381,1.3558)  0.0359*
Residence - (-1.3685,- 0.0033*
Urban Ba
0.8209(0.2794) 0.2733)
Age at first - (-4.1260,- <0.0001*
birth <20 B 2.7702(0.6918) 1.4143)
<0.0001*
20to 29 Be - (-3.1038,-
1.7749(0.6780) 0.4459)
Birth order » - (-2.1933,- <.0.0001*
b 1.6007(0.3024) 1.0081)
Multiple ) (2.4378,3.9474)  <.0.0001*
) Single Bs 3.1926(0.3851)
birth
Birth interval - (-2.9525,- <.0.0001*
<24 Bo
2.3717(0.2963) 1.7909)
- (-1.5041.,- <.0.0001*
1.0185(0.2477) 0.5330)
Birth size - (-0.9822,0.0788) 0.0952
Very large P11
0.4517(0.2707)
- (-1.1894,- 0.0093*
> average B1i2
0.6782(0.2609) 0.1669)
Average B3 0.3803(0.2470) (-0.1039,0.8644) 0.1237
< average Bia 0.4659(0.4229) (-0.3630,1.2947) 0.2707
- (-0.5397,0.2764) 0.5271
a
0.1317(0.2082)
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QIC 911.5202

4.3.4. Parameter Interpretation of Marginal Models

Table 4.6 presents parameter estimates and their corresponding empirically corrected
standard errors alongside the p-values from ALR model. Each parameter reflects the
effect of factor on the log odds of the probability of neonatal mortality, statistically
controlling all the other covariates in the model. Then, the odds ratio of variables is
calculated as the exponent of f; i.e odds ratio = exp (8;). The ALR analysis from table
4.4 suggests that, age is significantly related to neonatal mortality. After controlling all
other variables in the model, the odds ratio of neonatal mortality whose mothers aged 15-
19 years is exp(B;) = exp(3.43) = 31.2 (95% CI: 7.73, 125.7) times higher than compared
to those aged between 40 and 49, and the odds ratio for mothers aged 20-29 is exp(1.93)
= 6.9 (95% CI: 2.99, 15.95) times higher when compared with mothers aged 40-49 (the
reference group),also the odds ratio for mothers aged 30-39 is exp(0.69)=2 (1.04,3.88)

times higher when compared with those aged 40-49.

As we have seen from the result of the ALR model, type of place of residence is
statistically significant on neonatal mortality. The odds ratio of neonatal mortality of
mothers living in urban area is exp (-0.8209) = 0.44 (95% CI 0.25, 0.76) which means

that when all other covariates are held constant.

This means that the probability of neonatal mortality of mothers who lives in urban area
is around 44% times less likely than mothers who live in rural area. There is also a strong
association between age at first birth and the neonatal mortality. This implies that, after
adjusting all other predictor variables in the model, the estimated odds ratio of neonatal
mortality for mother’s aged less than 20 is given as exp (-2.77) =0.063 (95% CI: 0.016,
0.243) times and the odds ratio for age group of 40 to 49 is exp(-1.77)= 0.17 (95% CI:
0.045, 0.640) times lower when compared with the reference category age 15 to 19. This
means that neonatal mortality is decreased by 6.3% and 17% for early and middle age
mothers respectively compared to old age group mothers.

From the estimated ALR model in the Table 4.6 above birth order had also significant

effect on neonatal mortality (negatively related). The odds ratio of neonatal mortality for
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second to fourth order birth is exp(-1.60) =0.202 (95% CI: 0.112,0.365) times lower than
first order birth(referent group). This implies that, after controlling other variables in the
model the respondents of 2 to 4 order births less likely to lose an under-one month than
respondents in the first order.

The logit of neonatal mortality positively related with multiplicity of birth. The odds ratio
of neonatal death is extremely high, which is exp(3.1926) = 24.35 (95% CI: 11.45, 51.80)
times higher for single birth mothers as compared with mothers belongs to greater than
equal to two births . Similarly the birth interval is significantly affect neonatal mortality.
In the same fashion estimated odds ratio of the neonatal mortality is exp (-2.3717) =
0.093 (95% CI: 0.052, 0.167) times lower than for birth interval less than 24 month as
compared with reference group of above 47 month interval. This implies that the neonatal
mortality is reduced by 9.3% for birth interval less than 24 month. The estimated odds
ratio of neonatal mortality for mothers who get birth by 24 through 47 month birth
interval is exp(-1.0185)=0.3611 (95% CI: 0.222,0.587) times lower as compared to
mothers who get birth by 47 month interval. This implies that the neonates of mothers
experienced birth in the interval of 24 to 47 is 36% less likely to die than above 47 month

birth interval counterpart.

Birth size also another influential predictor variable for neonatal mortality. The odds
ratio of neonatal mortality for mothers whose their neonates’ birth size larger than
average is exp (-0.6782) =0.51 (95% CI: 0.30, 0.85) times lower as compared to mothers
of very small size neonate. This implies that the neonate who are very large in size when

they born is less likely to die than the reference group (very small).

The ALR model also presents the estimated constant log odds ratio (alpha) which,
provide information about the association between individual observations within the
same cluster. Table 4.13 shows that, the association parameter (log odds ratio) was -
0.1317 with a p-value of 0.5271. There is the indication that, the association within the
households is not significant at 5% level of significance, hence household effect is not a
contributing risk factor for neonatal mortality in the sample. This means that, neonatal
mortality is not significantly influenced by respondents found in the same household in
the EDHS 2011 data.

Modeling Determinants of Neonatal Mortality In Ethiopia Page 38



4.4.  Analysis of Generalized Linear Mixed Model (GLMM)
4.4.1. Model Building in GLMM

Under the GLMM, model fitting began by adoption of the marginal model covariates.
Additionally, the model also included the random effects in this case, random intercepts
to address the between and within-regional correlations. First, all main effect covariates
and the two random intercepts model were fitted and as usual, non-significant covariates
were removed sequentially starting from variables with highest p-value for fixed effect
covariates. Then the saturated models for GLMM were fitted as follows where,

v; and u;; two random intercepts.

logit(m;;) = Bo + PrAge; + BoAge, + BsAges + ByResy + PsMledp + BsMleds,
+ B,Wealthy + fgWealthp, + foAgbirth, + B10Agbirth,
+ BipBordss + fi3Mbirth,, + fisSex;m, + fisPbint, + B1gPbint,
+ B17Szbirth, + [1,Szbirth; + [1gSzbirth, + [19Szbirths + (,9Pdel;

+vj +uij

In order to decide on the better of the two random effects models, two models were fitted,
one the saturated model above with two random intercepts to estimate between and within
regional variations and the other with one random intercept model to estimate within
regional variation. AIC and Likelihood ratio test (LRT) were used to compare the two

models to select an appropriate models.

Table 4.7: model comparison of one and two random intercept model

Models AIC BIC LogLik Deviance oy op P
With one

random 916.16 1046.1 -435.08 870.16  3.186e-09

intercept

With two

random 911.13 1046.7 -431.57 863.13 0.0001421 0.4064521 0.008017
intercept

Where, gy, and g are within and between regional standard deviation respectively, and P

is the p-value of the log likelihood ratio test of the two models.
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As we have seen from table 4.7, the AIC value of two random intercept model is reduced
from 916.16 to 911.13, the -2loglikelihood is reduced from -435.08 to -431.57 & the
deviance of the model is reduced from 870.16 to 863.13. The small p-value of the log
likelihood ratio test (P < 0.008017) also indicates that the model with two random

intercept is parsimonious model.

Also when considered a model without random effects (i.e. simply the generalized linear
model), it gives AIC value of 914.16 which is large as compared to the above two models
with random effects. In addition, the likelihood ratio test at the bottom panel of table 4.6
in GLMM parameter estimate output also shows that the comparison of random effect
model versus the ordinary logistic model (GLM) without random effects. The resulting p-
value (P < 0.008017) of this test supports that considering the random effect model is
essential. Therefore, we conclude that, the model with two random intercepts should be

used to address the between and within-regional heterogeneity in the given data.

Next, the covariates for the fixed effect were assessed and the candidate covariates were
selected by removing covariates starting from with highest p-value sequentially. Then the
first removable covariate is work of mothers with the highest p-value (P = 0.8799) and
refitted the reduced model with the remaining covariates. The AIC is reduced from 3795
to 3793 and the p-value of log likelihood ratio test (P = 0.8811) supports the reduced
model is preferable one. The next removable variable is sex of the household leader with
p-value (P = 0.1181) and refitted the reduced model. For this model, AIC is similar with
the previous one but the likelihood ratio test indicates that the reduced model is better
with the p-value (P=0.1228). In addition, the model with small number of covariates is
considered to be preferable. Therefore, the final proposed GLMM for neonatal mortality
IS given as:
logit(ﬁij) =B, + B,Ages + B,Age, + B,Ages + B,Agbirth, + B, Agbirth,
+ B,,BFy + B,,Bord;s + B, ;Mbirth,, + B, Pbint, + B, Pbint,

+ B,,Szbirths + B, Szbirth, + v + 1

logit(r;;) = —2.16 — 1.48Age, — 2.68Age, — 3.35Age; + 0.93Agbirth,
+ 2.67Agbirth, + 1.59Bordss — 3.26 Mbirth,, + 1.45Pbint,
+ 2.49Pbint, + 0.855zbirth; + 1.06Szbirth, + v; + U;;
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The parameter estimates and standard errors of the GLMM are presented in table 4.8.

4.4.2. Parameter Interpretation of GLMM

Unlike in the marginal models, (GEE and ALR) where parameters are treated as

population averages, in the GLMM analysis, parameter interpretation is based on specific

subjects or cluster. The parameter interpretation is conditional on the random effects,

which is common for all individual children in the same cluster.

Table 4.8: Parameter estimates (standard errors) and corresponding P-value for GLMM

Effects  Level Paramete Estimates (S.e) P-value  95% Conf.Int
r
Intercept Bo -2.161916 (0.744568)  0.004 (-3.6292425,0.71058848)
Age 15-19(ref)
20-29 b1 -1.489494 (0.651702)  0.022 (-2.7668061,0.21218121)
30-39 b1 -2.689861 (0.705433)  0.000 (-4.0724855,-1.30723706)
40-49 B, -3.355781 (0.797953)  2.61e-05  (-4.9197405,-1.79182172)
Residenc Rural(ref)
e
Urban % 0.7680 (0.3372) 0.022734 (0.10719038, 1.4288798)
Age at <20 (ref)
birth
20-29 B3 0.934621 (0.226624)  3.72e-05 (0.4904459,1.37879616)
30-39 Ba 2.674870 (1.176227)  0.023 (0.3695069,4.98023382)
Birth One (ref)
order
2-4
>=5 Be 1.595931 (0.283535)  1.82e-08  (1.0402130,2.15164849)

Multiple  Single
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birth (ref)
multiple B -3.264505 (0.324251)  2e-16 (-3.9000249 ,2.62898581)
Birth <24
interval
24-47 Be 1.455070 (0.225822)  1.17e-10 (1.0124678,1.89767279)
>47 Bo 2.490112 (0.317552)  4.45e-15  (1.8677220,3.11250126)
Birth Very large
size
Average Bio 0.856464 (0.269861)  0.002 (0.3275454,1.38538304)
< average Bi1 1.066275 (0.430011)  0.013 (0.2234695,1.90908068)

Ref=reference

Given the same random effects b;, the estimated odds ratio of neonatal mortality is exp (-
1.49) = 0.225 (95% CI: 0.0633, 1.234) times lower for age group 20-29 , exp (-2.68) =
0.068 (95% CI: 0.017,0.27) times lower for age group 30-39 and exp(-3.35)= 0.035
(0.0073,0.167) times lower for age group 40-49 compared to mothers with age group 15-
19 in the same j**cluster keeping constant the other fixed effect variables in the model.
This implies that the probability of neonatal mortality is 22.5%, 6.8 % and 3.5 more likely
for mothers whose age group is 20-29 , 30-39 $ 40-49 respectively than with mothers
whose age group is 15-19 in the same cluster at the given random effects. In the same
way, the estimated odds ratio of neonatal mortality was exp (0.93) = 2.53 (95% CI: 1.63,
3.97) times higher for age at first birth 20 to 29 and exp(2.67) = 14.44 (95% CI: 1.45,
145.5) times lower for age at first birth 30 to 39 respectively compared with age group
15-19 in the same j* cluster with constant random effect in the given cluster and the
other fixed effect covariates in the model are constant. The estimated odds ratio of
neonatal mortality for the higher order birth (birth order five and greater) is exp (1.59) =
4.90 (95% CI: 2.83, 8.58) times higher than mothers with first birth order in the same
cluster. Similarly, the odds ratio of neonatal mortality is exp(-3.26)= 0.038 (95% CI:
0.020 ,13.87) times lower for mothers who experienced two and above births (multiple)
than for mothers experienced single birth. This implies 3.8% of neonatal mortality occurs
due to multiple births less likely when compared to single birth mothers at the same

cluster with the same random effect.
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Birth interval was also another a key factor for neonatal mortality. According to estimated
odds ratio, considering less than two year (24 months) birth interval as reference group
the estimated OR is exp (1.45) =4.26 (95% CI: 2.75, 6.67) times higher for mothers
experienced birth by interval from 24 to 47 month (two to four year) when compared to
mothers experienced birth less than two year interval keeping the same cluster with the
same random effect as it is. In the same fashion the estimated odds ratio is exp(2.49)=
12.061 (95% CI: 6.488,22.488) times higher for mothers experienced birth in above 47
month interval as compared to mothers experienced birth less than 24 month, at the same
cluster with the same random effect. The estimated odds ratio for neonatal mortality was
also set up for neonates who were larger than average, average, very small and smaller
than average in size during birth time. Accordingly, the estimated OR is exp(0.85) = 2.34
(95% CI: 1.39, 3.99) and exp(1.06)= 2.89 (95% CI: 1.25,6.75) times higher for mothers
whose neonate was average and smaller than average in birth size respectively as
compared to neonates who were very large in size (reference group) keeping the same
cluster with the same random effect. The other category of birth size such as larger than
average and very small size were non-significant. This means neonatal mortality was not

affected by these factors.

Except the variable place of residence, the interpretation of other predictor variables can
be done in a similar manner. Since clustering for 2011 EDHS was considered urban and
rural area, parameter interpretation of the covariate, type of place of residence is at
regional level random effects. Then, the odds ratio of neonatal mortality of mothers who
lives in urban place is exp (0.7680) = 2.155 (95% CI: 1.113, 4.174) times higher than
mothers who lives in rural area in the same region keeping constant other covariates and
regional level random effects. This implies that the probability of neonatal mortality for

urban area is around two folds more likely than rural mothers in the given region.

4.4.3. Model diagnostic for GLMM

The Q-Q plot from the following figure in first panel verifies that the residuals are close
to normally distributed and symmetric around zero. Thus, it meets the assumption of the
distribution of error terms. As well, to the above, the non-linearity of the Q-Q plot
confirms the model is not linear. Residuals versus observation CLID number plot panel
two, also suggested that the residuals are symmetric around zero (i.e. positive and
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negative residuals are almost equal). Q-Q plots for normality of random effects at

regional and cluster levels are also given in the figure at panel three and four, and

illustrates that the random effects are normally distributed with mean zero and variance

covariance matrix D. Thus, the fitted GLMM model is fine for the given data.
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Figure 4.1: diagnostic plot for generalized linear mixed model (EDHS, 2011)
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45. Discussion

The main aim of this study was to identify significant factors of Neonatal mortality in
Ethiopia using the nationally representative 2011 EDHS data. In the present study the
variables significantly affecting NNM were multiplicity of birth, age at first birth,
breastfeeding, birth order, birth interval, birth size and mother's age at birth, whereas
place of delivery,sex of a child, wealth index and mother’s level of education seen as non-

significant factors.

This study was aimed at modeling the determinants of neonatal mortality in Ethiopia. As
a preliminary analysis, assortments of summary statistics were employed to explore the
association between the response variable of interest and available covariates. It should be
well-known that there is inconsistency in the conclusion from the analysis of various
summary statistics, which might be due to the fact that they make use of varying amount
of information, which determines the power of their inferences. Thus, the analysis was
extended to other statistical methods to account for the clustered nature of correlated
observations. The data were then analyzed using two model families one with marginal
models (GEE and ALR), and the other is random effects model (Generalized linear mixed

model).

Two proposed working correlation structures, exchangeable and independence correlation
assumptions were taken for the comparison, in GEE model-building strategy. The model
with exchangeable working correlation structure was found to be better fits the data than
independence. This supports that considered the clustering nature of the data was
essential for the analysis and the dependency of individuals for the given data. In
addition, ALR was fitted for simultaneously regress the response variable on explanatory
variables as well as association among responses in terms of pair wise odds ratio.

Two models from marginal model families were compared in order to assess which
model is efficiently explain the relations between response and explanatory variables as
well as to evaluate that whether considering pair wise association is important. After then,
ALR model was selected as best model and the model shows that there is a positive pair
wise association between responses. This is supported the idea explained by Zeger et al,
alternating logistic regression is reasonably efficient relative to GEE (Zeger et al, 1993).
The purpose of GLMM was to evaluate within and between regional variations of NM in

Ethiopia. Two models was fitted one with only one random intercept model to assess only
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within regional variation and other with two random intercepts model, in order to account
within and between regional variations. Additionally, generalized linear model was fitted
as the sake of comparison whether including random effects in the analysis is important
or not. The three models were compared using the AIC value followed by likelihood ratio
test and we got a model with two random intercept was favorable. This demonstrates that,
accounting within and between regional variations for the analysis of NM should be vital
and, indicates within and between regional heterogeneity in NM. This finding is
supported by the explanation or suggestion of Antonio & Beirlant (2011). Even though
the two model families are different and their comparability may not be meaningful as
they have different parameter interpretations and estimations, parameter estimates
obtained from GLMM are generally bigger in absolute values than those from marginal
models (GEE and ALR) similar with Agresti (2007).

From all the fitted model age of respondents (mothers), multiplicity of birth, birth
interval, and birth order, age at first birth, residence, and birth size were found to be
significant factors of neonatal mortality; whereas wealth, mothers educational level, sex
of a child and place of delivery were non-significant factors.

A study in Ghana titled “Modeling the risk factors of neonatal mortality in Ghana using
logistic regression “found that for the mother level factors two factors out of the three
factors namely age of mother and wealth index were significant factors as contributing to
neonatal mortality in Ghana (Koj0,2012). For the child level factors which included size
of child, sex of child and whether the child was a twin or not, none of these factors seen
significant as causing neonatal mortality. For the environmental level factors it was found
that only the region (site of delivery) of the respondent was significant the findings of this
study revealed that the risk of neonatal death was higher among twin or multiple births
than among single births, which was comparable to another study (Asefa, Drewett,
Tessema, 2002) in southwest Ethiopia suggested that twins were much more likely to die

than singletons, even after taking their birth weight into account.

A study in Brazil (Araujo, Bozzetti, and Tanaka, 2000) also found that multiplicity of
birth was significantly associated with NNM. One possible explanation for this observed
association could be that multi-foetal pregnancy and multiple births including twins and

higher order multiples such as triplets and quadruplets were at high-risk during both
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pregnancy and birth. These high-risk births were frequently accompanied by a number of

associated foetal and neonatal complications that required special.

In this study two important marginal models (GEE and ALR) are compared by using QIC
value to select appropriate model, exchangeable working correlation structure also used
throughout and we found that ALR give the best fit to the data and we interpreted our
model based on ALR model, based on this which is also consistent with a study in Ghana
(Gyabaah, 2014).

In several studies birth order of a neonate brought to light controversial results about
NNM. Some studies showed that first order births were at higher risk of NNM while
others showed that higher order births were at higher risk. For instance, a study about risk
factors of NNM in Bangladesh showed that infants of first birth had a higher risk of NNM
(Kamal, Ashrafuzzaman, Nasreen, 2012). A study in the Empowered Action Group States
of India (Arokiasamy, Gautam, 2008) showed that neonates with first and higher order
births experienced a high risk of death. In rural Iran, neonates with four or higher order
births were at increased risk of NNM (Chaman, Naieni, Golestan, Nabavizadeh, and
Yunesian, 2009). A study in Kenya (Mustafa, Odimegwu, 2008) found that increased risk

of NNM was associated with first born children.

The present study showed that neonates with first order birth experienced the lowest
NNM compared with 2-4 births, concurring with those researches which came to the
conclusion that higher birth orders were at increased risk. The arguments put forward
supporting these opposing conclusions are that first birth is associated with very young
mothers with little or no experience of taking care of an infant (health care, feeding, and
the like). On the other hand, with higher birth order (many children) comes scarcity of

food, lack of attention by mothers, and so on.

The present study revealed that sex of a neonate is non-significant factor of neonatal
mortality; this finding is opposed with results of other studies elsewhere. It was found that
in Indonesia (Titaley, Dibley, Agho K., Roberts, Hall, 2008) and in Brazil (Araujo,
Bozzetti, Tanaka, 2000) the risk of neonatal death was higher for male infants. It is not
apparent why more male neonates than females died on the basis of the information

provided by the EDH surveys.
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The results of this study suggested that the risk of neonatal death was higher for neonates
with preceding birth interval less than two years. Another study in Ethiopia showed that
birth intervals shorter than two years led to higher NNM rates than in higher birth
intervals (Susman, 2012), while analysis of pooled data on birth history from 52 countries
(Rutstein, 2008), to see the effect of preceding birth intervals on NNM, showed that the
risk was higher for birth intervals shorter than 24 months as well as for the periods longer
than 47 months, compared to the referent category (24-47 months). Similar to the findings
of the present study, the three studies (Arokiasamy, Gautam ,2008),( Chaman R, Naieni
KH, Golestan B, Nabavizadeh H,Yunesian M,2009), and (Mustafa E. Odimegwu C,2008)
provided evidence that the risk of dying was higher for neonates with birth spacing less
than 24 months. This could probably be attributed to biological factors: giving a second

birth within such a short span of time affects the health of both child and mother.

In this study physical size at birth came out as one of the statistically significant
predictors of neonatal death despite the limitation associated with it because of the way
the EDH survey gathered data about weight. This has been highlighted earlier — physical
size is actually not weight, but rather mothers’ perceived size of their children. The risk of
death for neonates with very large and very small physical size at birth was higher than
neonates with average size at birth whereas the risk of death for neonates with smaller-
than-average and larger-than average size was statistically not significant compared to the
reference category (average). Neonatal death was higher for very small infants in
Indonesia (Titaley CR., Dibley MJ., Agho K., Roberts CL, Hall J., 2008).

The findings of this study showed that neonates born to mothers who were under 20 years
of age and to mothers 30 years and older were at a higher risk of death compared with
those born to mothers in the age bracket 20 -29 years. Another study in Ethiopia showed
that finding in Bangladesh (Mondal NI., Hossain K., Korban A., 2009) showed that
mothers’ age at birth (age under 20 years) was the most significant predictor of NNM.
The studies (Arokiasamy P., Gautam A., 2008), (Seedhom AE., Kamal NN., 2008), and
(Kamal SMM., 2012) provided similar evidence: the risk of dying was higher for

neonates whose mothers’ age was below 20 years
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5. CONCLUSIONS AND RECOMMENDATIONS

5.1. CONCLUSIONS

The study aimed at investigating determinants of neonatal mortality in Ethiopia from
2011 EDHS data set. In line with the objectives of the study, it is clear that in 2011
EDHS, age of mother during pregnancy, preceding birth interval, birth order of child,
residence of mother, age of mother at first birth, multiple birth (birth type) and size of
child at birth significantly contributed to neonatal mortality. Place of delivery, wealth of
household, sex of a child and mother’s level of education had no significant influence on
neonatal mortality. Furthermore, age of mother and multiple births are negatively related
with neonatal mortality; while ages of mother at first birth, birth order, previous birth
interval and size of child at birth are positively related with neonatal mortality. For this
study two marginal models, GEE and ALR, have been compared for the analysis of
marginal or average effects of covariates on the response variable and, we conclude that,
ALR model with measure of association exhibited the best fit for this data than GEE
models. For this study also GLMM, with two random intercept models was found to be
appropriate for the analysis of within and between regional variations for neonatal
mortality in Ethiopia. This concluded that there is heterogeneity of neonatal mortality

between and within regions.

52. RECOMMENDATIONS
Based on the findings of the study different factors were identified for cause of neonatal
mortality either directly or not in Ethiopia. In summary the key recommendations
emerging from this study for policy makers, clinicians and the public at large are:
% Education and health intervention policies should be designed to reach the
various ethnic groups on the issues of infant mortality in Ethiopia
“ Very old women should be discourage from giving birth as they stand a greater
risk of losing their infants under-one month
% Since rural infants are more exposed to neonatal mortality special attention is
expected from concerned body in order to discourage neonatal mortality in rural
areas.
¢ Further research should be conducted in subsequent Ethiopian Demographic and

Health Surveys in order to monitor the causes and progress of neonatal mortality.
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APPENDIX
SAS program for fitting GEE and ALR
[* Fitting GEE model*/
data research;
infile 'c:\\Users\\User\\Desktop\\research.sav' ;
input CLID Age Reg Res Mled Wealth Agbirth BF Bord Mbirth Sex Survstats Pbint Pdel
Szbirth;
run;
proc print data=research;
run;
proc genmod data=research descending;
class CLID Reg Age(ref="15-19")Res(ref="R") Mled(ref="No
education") Wealth(ref="Rich") Agbirth(ref="<20")BF(ref="N0") Bord(ref="first birth")
Mbirth(ref="Single") Sex(ref="female")
Pbint(ref="<24") Pdel(ref="Home") Szbirth(ref="very large")
/ param=ref ref=first;
model Survstats=Age Res Mled Sex Wealth Agbirth BF Bord Mbirth Pbint Pdel /
dist=bin link=logit;
repeated subject=CLID /type=exch modelse;
run;
[*Fitting ALR model: */
proc genmod data=research descending;
class CLID Reg Age(ref="15-19") Res(ref="Rural™) Mled(ref="No
education")Wealth(ref="Rich") Agbirth(ref="<20")BF(ref="N0")Bord(ref="first
birth")Mbirth(ref="Single") Sex(ref="female")
Pbint(ref="<24") Pdel(ref="Home") Szbirth(ref="very large")
/ param=ref ref=first;
model Survstats=Age Res Mled Sex Wealth Agbirth BF Bord Mbirth Pbint Pdel /
dist=bin link=logit;
repeated subject=CLID /logor=exch modelse;

run;
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The full model Wald test for variable selection in GEE

Score Statistics For Type 3 GEE Analysis
Chi-

Source DF Square Pr > ChiSq
Region 10 27.36 0.0023
Age 3 27.77 <.0001
Residence 1 2.71 0.0999
Mother’s level of education 2 6.65 0.0360
Sex 1 2.83 0.0926
Wealth 2 1.84 0.3979
Age at first birth 2 20.40 <.0001
Birth order 1 24.39 <.0001
Multiple birth 1 24.67 <.0001
Birth interval 2 45.49 <.0001
Place of delivery 1 0.01 0.9296
Birth size 4 18.76 0.0009

The full model Wald test for variable selection in ALR

Score Statistics For Type 3 GEE Analysis

Chi-

Source DF Square Pr>ChiSq

Region 10  27.53 0.0021

Age of mother 3 27.24 <.0001

Residence 1 2.68 0.1014

Mother’s level of education 2 6.25 0.0438

Sex 1 2.77 0.0959

Wealth 2 1.89 0.3883

Age at first birth 2 20.02 <.0001

Birth order 1 24.52 <.0001

Multiple birth 1 24.80 <.0001
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Birth interval 2 45.16 <.0001
Place of delivery 1 40.23 0.0093
Birth size 4 18.03 0.0012

R code for fitting generalized linear mixed model
library(Mass)

library(foreign)

library(Ime4)
research=read.spss(*'C:\\Users\\User\\Desktop\\research.sav")
research=as.data.frame(research)

attach(research)

names(research)

View(research)

res.glmmi<-
Imer(Survstats~Age+Res+Mled+Wealth+Agbirth+BF+Bord+Mbirth+Sex+Pbint+Pdel+S
zbirth+(1|CLID) + (1|Reg), family="binomial" link="logit" data=research)

print(res.glmml, corr=F)

summary(res.glmm1)

res.glmmz2<- Imer(Survstats ~
Age+Res+Mled+Wealth+Agbirth+BF+Bord+Mbirth+Sex+Pbint+Pdel+Szbirth+
(1|CLID), family="binomial",link="logit",data=research)

print(res.glmm2, corr=F)

summary(res.glmmz2)
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