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ABSTRACT 

, ,, 
Ethiopia has the highest rate of infant deaths in Eastern and Southern Africa. This study 

addresses important issues concerning infant mortality in Ethiopia. The objective of the paper is 

to determine the impact of socioeconomic, demographic and environmental variables on infant 

mortality. The data for this study were obtained from the demographic and health survey (DHS) 

conducted in Ethiopia 2005 . The results of Kaplan-Meier estimation show that most of the deaths 

occurred in the earlier month from birth to one month and then after death declined in the later 

months. The Cox proportional regression model was fitted to select the significant factors 

affecting infant mortality in Ethiopia. The model considered provided good fit for the data. 

Based on the result of the Cox proportional regression model, infant mortality was significantly 

associated with breast status, mother age at birth, mother's education, birth order, source of 

drinking water and sex (p < 0.05). This study supports health policy initiatives to stimulate use of 

family planning methods to increase birth spacing. It is hoped that, the results could be used by 

policy makers and programme managers in the chi ld health sector to formulate appropriate , ,. 
strategies to improve the situation of infants in Ethiopia, 
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1.1 Background of the study 

CHAPTER ONE 

INTRODUCTION 

A newborn is an infant who is within hours, days, or up to a few weeks after birth. In medica l 

contexts, newborn or neonate (from Latin, neonatus, newborn) refers to an infant in the first 

28 days of life (Merriam-Webster online dictionary, 2007) . The term "newborn" inc ludes 

premature infants, post mature infants and fu ll term newborns. The term infant is derived 

from the Latin word in fans, meaning "unable to speak" or "s·peechless." It is typically applied 

to ch ildren between the ages of I month and 12 months; however, defin itions vary between 

birth and 3 years of age. "Infant" is also a lega l term referring to any child under the age of 

legal adulthood. (Merriam-Webster online dictionary, 2007). 

Children in the th ird world, especially in sub-Saharan Africa, usually suffer from more than 

one disease at a time. There appears to be a 'synergi sm of infection' whereby children tend to 

suffer from several di seases at the same time on top of protein-calori e malnutriti on, whi ch 

appears to be large ly responsible for in fant and ch ild mortality (UNECA, 1979). In most 

countries of sub-Saharan A frica, the main causes of infant deaths are more or less the some. 

Ethiop ia is a sub-Saharan Africa country with a land area of 1.14 million square kilom eters. 

The size of the country and its location has accorded it with diverse topography, geographic 

and c limatic zones and resources. With a projected population of 75. 1 million in 2006, 
.. " . 

Ethiopia is the second most populous country in Sub-Saharan Africa (SSA). About 85% of 

the popu lation resides in rural areas wh ile the rest live in urban areas. Females constitute 

about 50% of the population . 

The rate of infant mortality is an important indicator of a nations' soc ioeconomic we lfare. 

Tremendous reduction in infant mortal ity rate took place since 1900s. Despite thi s red uction, 

infant mortality rate (IMR) - the probability, expressed as a rate per 1,000 live births, of a 

child born in a spec ified year dyin g before reachin g the age o f one - is sti ll hi gh especially in 

less deve loped countries. According to the data of Millennium Development Goa ls Indicators 

co llected by the United Nations, IMR in 2007 at world leve l is 47; thi s rate is 5 for developed 

regions whereas 51 for the developing countries (M ill ennium Development Goals Indicators 

, .. 



2009). Infant mortality rates are divided into two periods: neonatal and postneonatal. 

Neonatal mortality is death occurring in the first month of li fe and is typically associated with 

events surrounding the neonatal period and the infant's delivery. The highest risk for infant 

death is in the neonata l period. The primary direct causes of neonatal death worldwide are 

pre term birth (28 percent), severe infections (26 percent), and asphyx ia (23percent). 

According to UN ICEF Plan of Operation in Cooperation with the Ethi opian Government 

1994- 1999, Ethiopia is the country with the hi ghest rates of child and maternal deaths in all 

of Eastern and Southern Africa . The same app li es to protein-energy malnutrition (PEM) and 

to long-te rm devel opment retardat ion of survivofs: The pr6blem is deep-rooted in areas of 

prolonged c ivil war and drought, where soc ial rehabi litation becomes much more complex 

due to di sruption of soc ial support networks, displacement of populations and environmental 

degradation. The situat ion is illustrated by IMR 101. I per 1000 live births (LB), an Under­

Five Mortality Rate (U-5 MR) of 152 per 1000 live births, and Maternal Mortality Rate of 

700 per 100,000 live births. The underlying causes of children and women deaths can be 

attributed to household food insecurity, inadequate environmental sanitation and safe water 

supp ly, inadequate access to hea lth services and inadequate care of ch ildren and women. 

Inadequate care resu lts in improper feeding practices for ch ildren and poor dietary habits for 

women during pregnancy. In Ethiopia, this is usua lly the result of an excess ive maternal work 

burden and lack of mother's time to take care of the chi ld and herself. 

Poverty is one of the most important factors affect ing the infant mortal ity rate in Africa. 

Ethiopia is one of the poorest African countries with, according to UN ICEF (2009) report, 

with a Gross National Income per capita of about'$220 in 2007. The mortal ity rate for infants 

is 96.8 per 1000 live births (EDHS 2000). According to UNICEF (2009) report the estimated 

infant mortality rate was 122 deaths per 1000 live births in 1990 and 75 deaths per 1000 live 

births in 2007. 

In recent years, Ethiop ia has made progress in improving hea lth care for children, reducing 

the under-five morta lity rate by 42% since 1990, but the rapidly growing popu lation means 

that the number of ch ildren dying is now almost constant. In fant and ch ild mortality rates 

remain high, with most deaths bei ng caused by eas il y preventable di seases, such as malaria, 

pneumonia and diarrhoea. (UNICEF, 2009) 
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· .. 
1.2 Statement of the problem 

The study of infant mortality becomes one of the most important researches in developing 

countries because there is high level of infant mortali ty. There is little research on the patterns 

of determinants of infant mortali ty, by analyzing how infant mortality is differently affected 

by demographic, soc ioeconomic and environmental variables. 

Most paper not provides an in-depth use of Demographic and Health Survey data. The data 

used in thi s paper were obtained from the Demographic and Health Survey conducted in 

Ethi op ia in 2005. The overall purpose of the paper is to determine the re lative importance of 

various demographic, soc ioeconomic and environmenta l variabl es on infant mortality in 

Ethiopia. In particular, the study wi'll focus on th~"relati onship between infant mortali ty and 

birth order, mother age at birth, child ' s sex, , breastfeeding status, family size, marital status, 

mother ' s education, father' s education, wealth index, area of residence, source of drinking 

water. 

1.3 Objectives of the study 

The ge neral objecti ve of the sttldy is to identi ty the determinant factors of infant mortali ty in 

Ethiopia by us ing surviva l ana lysis usi ng non-parametric and semi -parametric met hods. 

The spec ific obj ect ives of the study are: 

;.. To determine the survival time of infants. 

;.. To determine the factors and/or covariates that affects the surviva l of infants. 

;.. To compare survival time among the different groups of infants . 

. " 

1.4 Significance of the study 

;.. It is hoped that the study would provide an in-depth use of Demographi c and 

Health Survey data . [t is expected to improve the understanding of the morta li ty 

situation of infant under the age of one in Ethiopia. 
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· " 
~ The results could be of interest to other studi es related to infant morta li ty ri sks in 

Ethiop ia. 

~ The result of th is study could provide in format ion to governm ent and other 

concerned bod ies in setting poli cies, strategies, and further invest igation fo r 

reduc ing infant mortality. 

1.5 Limitation of the study 

~ T his paper is restricted to the period 2000-2005, covariates refer to the time of the 

survey, but not the covariates indicate the exact tim e of exposure of the children. 

~ The study is based on only the set of data for which complete in formation on surviva l 

t imes are availab le because of miss ing value. 

~ The study used a cross sectional data from Ethiopian demographic and health survey, 

which does not give the C'xact surviva l. t ime. i.e.· The survival time of children 

ca lculated from the ir bi rth ca lendar which does not consider the days . 

. " 
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2.1 Theoretical literature 

CHAPTER TWO 

LITERATURE'REVIEW' 

Theoretical framework s are often presented as health production functions, whi ch capture the 

structura l re lation between health outcomes and the household's behaviora l variables, like 

nutrition, breastfeeding, child spacing, etc. (see Schultz, 1984). In the framework of a health 

production function, child mortality risks depend on both observed hea lth inputs and 

unobserved biological endowment or frai Ity. Not properly tak ing into account of these 

unobserved characteri stics or the re lation between children with in a fami ly may lead to 

inconsi stent and inefficient estimators (for example, see Ridder and Tuna li, 1999). 

There are a number of different analytica l frameworks through which the effects of different 

determinants on children mortali ty could be viewed. Demographi c research by Mosley and 
, <-

Chen ( 1984) and by Schultz (1984) made the di stinction between variab les considered to be 

exogenous or socioeconomic ( i.e. cultural, social, economic, community, and regional 

factors) and endogenous or biomed ical factors (i.e. breastfeeding patterns, hygiene, sanitary 

measures, and nutr ition). The effects o f the exogenous variables are considered indirect 

because they operate through the endogenous biomedical factors. Likewise, bio-medical 

factors are ca lled intermediate variables or proximate determinants because they constitute 

the middle step between the exogenous variables and ch ild mortality (Jain, 1988; Mosley and 

Chen, 1984; Schultz, 1984; UN, 1985). 

Mosley and Chen (1984) were among the first to study the intermediate biomedical fa ctors 

affecting child mortal ity, labeled ' proximate determ inants' They di stinguished fourteen 

proximate determinants and categorized them into fou r groups: maternal [fertility] factors, 

environmental sanitation factors, ava ilab il ity of nutri ents to the foetus and infant, injuries, 

and persona l illness control factors. , .. 

Demographers view dec li nes in morta lity and ferti lity as components of a s ingle 

"demographic transition". There are many competing theories about why fertility dec lines. 

One theory favoured by demographers is that ferti lity decline is due to the morta li ty decline, 

i.e. , it is the response to the improved surviva l chances of the offspring. An alternative theory 
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proposed by Becker (1981) suggests that the demographic transition occurs since at high 

leve ls of income, the adverse effect of the opportun ity cost o f children on chi ld rearing 

dominates the posi ti ve income effect. This theory, however, is inconsistent with the 

simultaneous occurrence of the ferti-lity transit ion' in countries that markedly differed in the ir 

leve ls of income (Kalemli -Ozcan, 2002). Proponents of modern popu lat ion theori es 

(Houndroyianni s and Papaetrou, 2002) argued that there might be a case that fert ili ty may be 

induced by morta li ty. In genera l, morta lity has a direct relat ionship with fert ili ty. Since, 

higher fe rt ility can be a signa l fo r narrow birth spac ing parents may not a llot enough time to 

look after their child ren . Above all , a larger fa mily size with meagre resources forces the 

fa mi ly to malnourishment, lower health care ut ili zation, use of im proper sanitation system 

and water supp ly. For this reason, there is a high risk of in fant and chil d death . 

And further the WHO Commiss ion establ ished that reducing chil d morta lity is a key to 

economic growth, for a variety of reasons. Societies with hi gh ra tes of infant and ch ild 

morta lity have higher rates of fe rti li ty, and large numbers of chi ldren reduce the abi lity of 

poor famili es to invest in hea lth and education, resulting in an under-tra ined, under-sk illed 

product ive work force. 

'" 
In add ition to its effect on fe rt il ity, child mortality is a lso im portant fo r the human capital 

investment dec is ion of parents. Lower morta lity implies a higher rate of return to education, 

and thus dec lining ch ild and youth mortality provides an important incentive to increase 

investment in the education of each child (Kalemli-Ozcan, 2002). Heckman (2000) also 

argues that the return to human capital investment is highest before age five. Second ly, 

lowering in fa nt morta lity rates tends to lower, not ra ise, population growth over the long run, 

as people adjust to hav ing sma ller fa mil ies (WHO, 200 I). 

2.2 Empirica l literature 

Casterl ine et al. ( 1989) exam ine the effects of income on infant and ea rly childhood mortali ty 

at the household level in Egypt. They al so incorporate soc ioeconomic and demographic 

variables in their logisti c regress ion equation, where thi s type of model does not account for 
' " 

censored data. The main conclusions of Casterline et al. concern ing income are : (1) 

household income does not affect survival through infancy but the effects are pronounced 
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during early chi ldhood; and (2) the data used suggests that the impact of income is somewhat 

greater for ed ucated mothers, when the father is of higher socioeconom ic status and where 

the househo ld receives piped water. 

Jacoby and Wang (2003) examine the linkages between child mortality and morbidity, and 

the quality of the household and commun ity environment in rura l Ch ina us ing a competing 

risks approach. The key findings are that ( I) th ~··use of uhc lean cooking fuels (wood and 

coal) s ignificantly reduces the neonatal survival probability in rura l areas; (2) access to safe 

water or sanitation reduces child mortality risks by about 34% in rura l areas; (3) a hi gher 

materna l ed ucation leve l red uces child mortality and that female education has strong hea lth 

externa li t ies (4) access to sa fe water/sanitat ion, and immunization red uce diarrhea inc idence 

in rura l areas, wh ile access to modern sani tation faci lities (flush toilets) reduces diarrhea 

prevalence in rural areas; (5) s ignificant linkages between Acute Respiratory Infections (ARI) 

inc idence and use of unclean cooking fuel s are found using the c ity leve l data constructed 

from the survey. 

Bicego ( 1990) employed a three-step procedure usi ng proportional hazards regression to 

examine the determinants of childhood mOlta lity in Haiti. He used the data from the 1987 

Mortality, Morb idi ty and Services Utilization Survey (EMMUS) in Haiti. Maternal education 

and low age at birth were found to have marked effects on neonatal survivorship but little 

effect thereafter. Indices that re fl ect commun i ty~(evel access to ch ild health services were 

shown to be im portant especia lly during childhood. 

A study based on the 2003 Kenyan Demographic and Health Survey by Hisham and Cl ifford 

(2008) showed that for the post-neonata l mortality, the significant factors are maternal 

educat ion, place of residence, ethnicity, and age at first birth, sex of the child and 

breastfeeding status. In rura l areas, the sign ificant predictors of post-neonatal morta lity are 

ethnic ity, breastfeeding status, birth order, birth interva l and mother's educationa l level. In 

the urban areas, survival of the child is determined by materna l awareness of child care and 

level of education. The most important determ inants of infant mortality are breastfeedi ng 

status fo ll owed by ethnic ity, then fert ility factors (birth orde r and interva ls) and the least is 

the gender of the ch ild . Once the child has survived the first month, ethnic ity becomes the 

most im portant determinant of mortality in both urban and rural settings, then, foll owed in 

sequence by breastfeeding statu s, gender of the chi ld, fertility factors, and the least sign ificant ... 
7 



ones are the mother's occupation and her highest level of ed ucation. The effect of ethnicity 

on infant mortali ty cou ld be expla ined by the socioeconomic inequa li ty between the ethnic 

groups. In general , the study showed that biologica l and demographic variab les are more 

important determinants of infant and post neonatal mortality. 

Kim (2004) a lso examines the determinants of infant and child morta lity in Korea. The study 

identifies the major factors which were associated with infant and child morta lity in Korea 

using data from the 1974 Korean national fert ili ty survey (KNFS). In urban and rural areas, 

mother's education, maternal age,' number of tiioms in 'household home, previous and 

successive birth interval were the most important determinant of infant mortality and child 

mortality. Infant mortality was al so sign ificantly affected by sex of child in urban areas and 

by birth order in rural areas. And also demographic factors a re more important determinate of 

in fant morta li ty in rural areas, where as socioeconomic factor playa major role for infant 

mortality in urban areas. 

Woldem ichae l (1988) examined the effect of some environmental and socioeconomic factors 

that determine childhood diarrhea in Eritrea, He applied logistic regress ion by using data 

from the 1995 Eritrea Demographic and Health Survey. The results show that type of floor 

material , household economic status and place of residence are significant predictors of 

diarrhea . 

White (2006) app lied a Cox proportional hazards mode l to examine the determinants of , ,, 
infant and child morta lity in Andhra Pradesh (where the Young Lives project was taking 

place) and Kerala. Infant mortal ity is found to depend on biological factors, including 

mother's age and birth order, and also factors related to hea lth service provision such as 

tetanus inj ection and use of antenatal serv ices. Economic we llbe ing is not significant once 

these factors are taken into account. By contrast, economic we ll-be in g was found to be a 

significant determinant of chi ld mortality, but substantially outweighed in importance by 

other factors such as maternal education and knowledge of health practices (ORS) and access 

to sa fe water. The result also show gender d iscrimination in Andhra Pradesh, notab ly toward 

g irls with only female s iblings, which is absent in Kerala, The study conc luded that raising 

service level s across India toward the leve ls found in Kerala is a necessary step towards 

meeting the MDGs, and that the success of these efforts is reinforced by fema le 

em powerment. 
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Zera i ( 1996) employed Cox regression to examined socio-economic and demographic 

variables in a multi-level framework to determine conditi ons influencing infant survival in 

Zimbabwe. He used data from 1988 Zimbabwe Demographic and Health Survey data to 

study socioeconomic determinants of infant mortality. The unique finding was that women's 

average educational level in their community exerts a great influence on infant survival. This 

result supports asserti ons that ch ild survival is strongly impacted by mass education (Cle land 

and van Ginneken 1988) 

Wang (2003), using the results from the 2000 Ethiop ia Demographic and Health Survey 

considered environmental determir,ants of chilthnortali ty by constructing three haza rd 

models (the Wei bull, the Piece-wise Weibull and the Cox model) to examine three age­

spec ific mortality rates: neonatal, infant, and under-five mortal ity by location (rural/rural), 

female education attainment, re ligious affi li at ion, income status, and access to basic 

environmenta l serv ices (water, sa nitation and electricity). The estimation results show a 

strong stati stica l association between child mortality rates and poor environmental conditions. 

Hai lemariam and Tesfaye (1997) conducted a study in a small urban communi ty in Sebeta, a 

town 25 km west of Addis Ababa, Ethiopia. They showed that higher birth order, early 

pregnancy and late pregnancy do have significant negative impact on the livelihood of 

infants. Their finding using Cox's Proportiona l Hazard Model show that maternal education, 

occupat ion of the father, household income, source of drinking water, avai labi li ty of latrine 

and survival status of older offspring has direct effect on infant mortality. 

A Tanzanian study had shown lack of in fant 'and ch ild ' mortality differentials by such 

socioeconomic factors as maternal education, partner' s educat ion, urban/rural res idence, and 

presence of radio in the household . But demographic factors such as short bilth interva l (less 

than 2 years), teenage pregnancies « 20 years) and previous child death were all significantly 

associated with increased infant and chi ld morta lity. There is lack of in fa nt-child mortality 

differentia ls by econom ic status (wea lth index), ethn icity and sex of the child (Mturi and 

Curtis, 1995). 

Schellenberg et al. (2002) examined the risk fa ctors for child mortality in rural Tanzania. 

They conducted a community based Nested Case Control Study o f Post- neonatal death in 
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children less than five years. They investi gated the effects of demographic, socio-economic, 

health seeking behavior and household environment on enhancing or impeding infant or child 

mortality. The results have shown that maternal education, soc ioeconomic status and 

breastfeeding have s ignifi cant impact on infant and child mortality. 

In Kenya, Hill et al. (200 I) reported an inverse relationship between mother' s educational 

level and economic status (wealth index) and chi ld mortality. While for the relationsh ip 

between urban/rural res idence and child mortality, urban areas showed higher mortality ri sks 

than rural, but when adjusted for HIV prevalence, ch ild mortality was lower in urban areas. 

In Kenya, Mutunga (2004) found that chi ld survival was found better for those who were of 

birth order 2-3, birth interval more than 2 years, not outcomes of multiple births, living in 

wea lthier households, had an acceS9 to drinking water and sanitation facilities. But maternal 

age, maternal education and gender of the child had no s ignificant association with child 

mortality. 

Baker ( 1999) use indirect methods to estimate leve ls and trends of morta lity in Malawi. 

Although the results from a previous study indicate that owning a pit latrine does not have a 

significant effect on child mortality (which is explained by the argument that just because a 

househo ld has sani tation fac ilities does not mean that it will be used hygienica ll y or by all 

members of the househo ld). The results by Baker (1999) indicate that source of drinking 

water and sanitation facilities are strong predictors of infant mortality. 

Hala (2002) appl ied duration modelling to assess the impact of water and san itation on child 

mortality in Egypt. Results show that access to municipal water decreases san itary ri sks. 

Manda (1999) used data from the 1992 Demogra!Jhic and Health Su rvey in Malawi to study 

the relat ionship between in fant and child mortality and birth interval , maternal age at birth 

and, birth order, with and without controlling for other relevant explanatory variables . He 

also investi gated the direct and indirect (through its relationship with birth intervals) effects 

of breastfeeding on ch ildren mortality. The study employed the proportional hazards model. 

The results show that birth interval and maternal age effects are largely limited to the period 

of infancy. 
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Ali (2002) emp loyed a three part mode l: a probit mode l specificat ion for the neonatal case, 

non parametric, semi-parametric, an'd parametric' d'uration ITIode l to examine the effects of 

water and sanitation on child mortality ri sk in Egypt. He used data from the Demographic and 

Health Survey conducted in Egypt between November 1995 and January 1996, The results of 

the study showed that access to municipal water and improved sanitation facilities had 

significant positi ve impact on child mortality, Moreover, the study indicated that mother 

education as an important factor to reduce child mortality, The study recommended that 

improving the knowledge about health care and hygiene in the soc iety is crucia l to reduce 

risk of child death, 

Lee et al (1997) exam ined the effects of improved nutriti on, sa nitation and water quality on 

chi ld health in hi gh mortality population, They paid particular attention on non-random 

a llocation of househo ld resources to children and to the selectivity effects of health 

interventions via their effects on child survival. Unlike the previous studies, they em ployed a 

simultaneous equation model with selectivity , The results show that child mortality was . .. .. . 
affected by source drink ing water, sanitation faci li ties, a child spec ific nutriti ona l intake and 

mothers' education, In contrast to other studies, they concluded that variation in water 

sources and improvement in sanitat ion faci lities do not have significant impact on chi ld 

mortality, but wea lth and parental schoo ling level s were significantly and pos itively 

associated with hi gher surviva l. The rationale behind such deviated result was that they 

focused on the reduced allocation of household income on children 's hea lth care with better 

facilities and not to survival se lectivity, 

Regarding the association between soc ioeconomi c status and infant and child mortality, 

Hobcraft (1993) exp lained that education can contribute to chi ld survival by making women 

more likely to marry and enter motherhood later and have fewer children, util ize prenatal care 

and immunize their childre n, 

Asefa and Tessema (1997) showed that infant morta lity rate was higher for males 103,7 per 
, .. <-

1000 live births compared with females 86,6 per 1000 live births for singletons and 477,8 per 

1000 li ve births fo r males compared with 417,9 per 1000 li ve births for females in the case of 

multip le births, Ma le children in genera l experience higher mortality than female children, 

T he gender difference is espec ially pronounced for infant mortality, where I in II boys d ies 

before his first birthday, compared with I in 14 girls in Ethiopia 

I I 



Childhood morta lity in genera l and infant mortality in particular is often used as broad 

indicators of soc ia l development or as spec ific indicators of hea lth status. T his is because 

more than any other age-group ' of a population, in fa nt's surviva l depends on the 

soc ioeconomic conditions of their environment (Madise, 2003). Hence its descripti on is very 

vita l for evaluation and planning of the public hea lth strategies. One of the most important 

items in the Millennium Development Goa ls (MOG) is to reduce infant and child mortality 

by two-th irds between 1990 and 20 15 (UNICEF, 2006). 

In general, maternal (and re lated) factors, household socio-economic status, and 

environmenta l characteristics have significant effects on child and infant morta lity. Thi s is 

true for studi es which employ both direct and indirect techniques to estimate infant and child 

mortali ty. 

, .. 

, .. 
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CHAPTER THREE 

DATA AND METHODOLOGY 

3.1 Data 

The data were obtained from the Demographic afld Health .survey conducted in Eth iopia in 

2005, which is a second comprehensive and nationa ll y representati ve popu lation a nd hea lth 

survey. The data set give in-depth in formation on demograph ic and health aspects of 

househo lds. Informat ion regarding fertili ty and fam ily planning behav iour, child mortality, 

nutriti onal status of ch ildren, utili zation of maternal and children hea lth services and 

knowledge of HlY/AIDS and sexually transm itted di seases (STD) is avai lable from the data 

set. 

The 2005 Ethiopia Demographic and Hea lth Survey was designed to prov ide estimates for 

the hea lth and demographic var iables of interest for the fo ll owi ng domains: Ethiopia as a 

who le; urban and rural areas (each as a separate domain) ; and II geographic areas (9 regions 

and 2 c ity admini strations). 

In genera l, the Ethiopia Demographic and Health Survey sample is stratified, clustered and 

se lected in two stages . In the 2005 Ethiopia Dem~g'raph ic arid Health Survey a representative 

sample of approximate ly 14,500 househo lds from 540 clusters was selected. In the first stage, 

540 c lusters ( 145 urban and 395 rura l) were se lected from the list of enumeration areas based 

on the 1994 population and housing census sample frame. 

The number of children at this level was 9,861 representing the number of li ve births born to 

the interviewed mothe rs in the period of five years preced ing the date of the survey. Then, 

after a certain rearrangement and reorganization of the data 7, 118 children with complete 

information were used as the data for this study . 

... 
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3.2 Variables to be included in the study 

The Response (dependent) Variable 

In fant mortality is ana lysed in age period: morta lity from birth to the age of II months, which 

will be referred to as " infant mortality". 

The outcome variable is the survival t ime of infant, the length of time from birth date until 

the date of death/censor measured in months. 

· " 
Predictor (independent) Variables 

The explanatory variables/factors considered in thi s study are categorized as Soc ioeconom ic, 

Demographi c and Envi ronm ental vari ab les/ factors. 

A. Demographi c variab les/factors 

Child ' s birth order( l , 2-4, >4) 

Mother's age(15 -20, 20-34, >=35) 

Child 's sex(Male, Female) 

Breastfeeding status(Yes, No) 

Family s ize( 1-3,4-6, >=7) 

Marita l status(Currently Married, Currently not Married) 

B. Socioeconomic variables/factors · " 
Mother' s educati on(No Education, Primary, Secondary and Hi gher) 

Father' s education (No Education, Primary, Secondary and Higher) 

Wealth index(Poor, Medium, Rich) 

Area of res idence(Urban, Rural) 

C. Environmental variables/factors 

Source of dri nking water(Pipe, protected weill spring, unprotected source) 
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3.3 Methodology 

Survival Analysis 

Surviva l Analys is invo lves the modelling and ana lys is of data that have a princ ipal end point, 

the time unt il an event occ urs (time-to-event data). Genera lly, surviva l ana lysis is a co ll ect ion 

o f stat istica l proced ures for data ana lysis for which the outcome variable of interest is time 

un til an event occurs. Such types o f data frequently ari se fro m medicine, public hea lth , 

demography, etc where the analys is is usually referred to as Surviva l data analysis and 

industri a l studies in engi neering fi elds as Re liab ili ty ana lys is. 

Surviva l data analys is invo lves a de'pendent variable, time-to-an event, which is a lways non­

negati ve and has a positi vely skewed distri bution. It considers cond itional information on the 

remai ning time of subject's surv iva l given current surviva l time. Moreover, there a re certa in 

aspects of survival ana lysis data, such as censoring and non-norma lity that generate great 

difficulty when try ing to analyze the data using traditiona l stati stica l models such as mu ltip le 

linear regress ions. Therefore, surviva l data are not in general amenab le to standard statistica l 

procedures, such as mean, standard dev iation and ANOV A, used in statistica l analys is. 

One of the most important diffe rences between the outcome variables modeled via linear and 

logistic regression ana lyses and the time var iable in the surv iva l data is the fact that we may 

only observe the surviva l time partia lly. The vari able time actually records two di fferent 

things. For those subj ects who di ed, it is the outcome variabl e of interest, the actual survi va l 

time. However, for subj ects who were alive at the end of the study, or for subj ects who were 

lost to fo ll ow-up, tim e indicates the length o f fo llow-up (which is a parti al or incomplete 

observati on of surviva l time). These i ncompl;t~ observati ons are referred to as be ing 

censored. There are fo ur different types of censoring possi bility: right trun cati on, left 

truncati on, right censoring and left censoring. 

Thi s paper foc used exclusive ly on right censoring. When an observation is ri ght censored it 

means that the in formation is incomplete because the subject did not have an event during the 

tim e that the subj ect was part of the study. The po int of survival ana lysis is to follow subj ects 

over time and observe at which po int in time they experience the event of interest. 
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3.3.1 Descriptive methods for survival data 

Descriptive analysis for survival data is to present num erical or graphical summaries of the 

survival times in a particular group. In general, a statistical analysis shou ld begin with a 

thoughtful and thorough univariate description of the data. Surviva l data are conveniently 

summ arized through the estimates of survivor function and hazard function. T hese method s 

of estimation are sa id to be non-parametric or distribution-free, since they do not require 

spec ifi c assumptions to be made about the underlying distribution of the su rviva l times. 

The survivor function S (t) 

The survi val function denotes the probability that an indi vid ua l survives up to a particular 

time t. The function is obtained from what is known in the survival analysis literature as the 

fai lure function. Which is the distribution ofT or t~e cumulative distribution function ofT is the 

probability that an individual wi ll die before time t. 

F(T)=P(T<t)= f: f(u)llu,t2 0 [ I] 

The survivor function , S (I), is defined to be the probability that the survival time of a 

random ly selected subject is greater than or equal to some specified time I and so 

S (t) =p (T>t) = 1- F (t), t~O [2] 

The survival function is the probabi lity that an individua l wi ll survive at time I or beyond I, 

and then the probability density function f (t) wi ll be: 

f(t) 
d ( l-S Ct )) = _ d( S(t ) j . " 

ul dt 
[3] 

The hazard function h (t) 

T he hazard function is widely used to express the risk of hazard of death at some t ime t, and 

is obta ined from the probabi li ty that an individua l dies at time I, conditional on he or she 

having survived to that time. It therefore, represents the instantaneous failure rate for an 
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indiv idual surviving to time t. For h (I) ~O, the hazard function h (t) is given by the , " 

fo llowing: 

h ( ) - I' -,-p-,-! '_l_i_"_d_h_'j_d_u._I_f_'_i1_s _i'_' _th_e_t_i'_TI_e _in_t_e_,",_' a_I--,(~t._t +_ ,,_. t-'.j\.o.i_t _su_'_·'_'i\_' e_S_U_'_l:_i l_t_il_TI_e --"-t 1 
t - Im6'~O-

.:I t 

h ( ) - I' "-p.,,,:t~::..:' T:..::s;,,-t+:..::":..:.t\.>..:T.::.~::.!.t) 
t - Im61~O-

il' 

By applying the theory of conditional probabil ity and the relationsh ip in equation [3], the 

hazard funct ion can be expressed in terms of the underlying probabi li ty density funct ion and 

the survi vor funct ion as follows 

A related quantity is the cumulative hazard functi~~ H(t) defined by 

H(t) = Jot h(u )d u = -In set) 

Thus Set) = exp(- H(t)) consequently f(t) = h(t) exp(-H(t)) 

[4] 

[5] 

[6] 

There are different estimators of the survival and hazard functi ons. The most common used 

methods are Kaplan-Meier analys is, Ne lson-Aalen and Life Tables. 

The Kaplan-Meier estimator of the survivorship function (Kaplan and Meier, 1958) is al so 

called the product li mit estimator. The Kap lan-Meier est imator is used to estimate survival 

time of infants and construct survi va l curve to compare survival experi ence of in fa nt between 

different categorica l variables. Moreover, Kaplan-Meier estimator of the survival funct ion is 

based on individua l observations. Thi s method is non-parametric or distribution-free, since it 

does not require specific assumption to be made about the underlying distribution of the 

survi va l times. , .. 

The Kaplan-Meier estimator of the survival functi on is to order the survival times as 

t(l )<t(2)< .. ... <t("). Assume that among the 17 observations there are m ::: 17 failures occurred at 

distinct m ti mes. 
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Then the Kaplan-Me ier estimator of the survival function at time t is obtained from the equation. 

... 
fo r t (k):<':t<t(k+ I) k= I,2, . . . . . . ,m with the conventi on that S(t) = 1 ift < 1(,), 

In equati on [7]: 

n;= the number at risk of dying or fa ilure at t (;) 

d;= the number of fa ilures at t (0 

[7] 

T he standard error of the KM survival estimator which is a lso known as the Greenwood ' s 

formula is (Co llett, 2003) 

[8] 

The Ne lson-Aalen estimate of the survivor fu nction, which is based on the in dividual event 

tim es, is the Ne lson-A len estimate, is given by 

... 
S(t)=TIf=l exp (_ dj

) 
11) 

[9] 

This estimate can be obta ined from an estimate of the cumu lative hazard funct ion (see in 

Co llett, 2003). Moreover, the KM estimate is regarded as an approx imation to the Ne lson­

Aa len est imate. The Nelson-Aa len estimate of the survivor function has been shown to 

per fo rm better than the KM estim ate in sma ll samples. 

Comparison of Survivorship Functions 

After providing a description of the overa ll surviva l experience in the study, we turn our 

attention to a comparison of the survivorshi p experi ence in key subjects in the data. The 

simplest way of comparing the survival tim es obtained from two or more groups is to plot the 

Ka plan-Me ier curves for these groups on the same graph . Howeve r, this graph does not al low . , ,. 
us to say, with any confidence, whether or not there is a rea l d iffe rence betwee n the groups. 

The observed difference may be a true difference, but equa lly, it could also be due mere ly to 
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chance variation. Assess ing whether or not there is a real diffe rence between groups can only 

be done, with any degree of confidence, by uti lizing statistica l tests. 

When comparing groups of subjects, it is always a good idea to begin with a graphical 

di splay of the data in each group. The figure in general shows if the pattern of one 

survivorship functi on lies above anQther, meaninll .. that he group defined by the upper curve 

li ved longer, or had a more favourab le survival experience, than the group defined by the 

lower cu rve. Now the stati stica l question is whether the observed difference seen in the figure 

is significant. A number of stati stica l tests have been proposed to answer thi s question such as 

Log-ran k, Genera lized Wilcoxen, Tarone-Ware test and so on. 

The calculat ion of each test is based on a contingency tab le of groups by status at each 

observed survi val time. The general form of these test stat istics for the compari son of 

survival funct ions between two groups can be defined as follows: 

where: 

m is the number of ran k-ordered fai lu re (death) times. 

n /i is the number of individuals at risk in group I Just prior.to failure time t, 

n 2; is the number of individuals at ri sk in group 2 j ust pr ior to fa ilure time t; 

ni is the number of individuals at ri sk in both groups I and 2 just prior to 

fa i lure time t; 

"Ii is the observed number of fa ilure (death) in group I at fai lure time t; 

e~;= ",; xd , is the expected num ber of fai lures corresponding in group I at time t; 
0 , 

v.:; = ""o~, d ,( " ; - d , : is the variance of the number of fa ilures in group I at time t; 
nt ', :1 1-1 ' 

I Vi is the we ight for censor adjustment at failure time t; . 

[1 0] 

Under the null hypothes is that the two survivorship functions are the same, and assuming that 

the censoring experience is independent of group, and that the total number of observed 

events and the sum of the expected number of events is large, then the significance of Q may 

... 
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be tested using the chi-square distribution with one degree of freedom. We can also use the 

above test to compare more than two groups (see in Co llett, 2003) 

The most frequently used test, the log rank test, sometimes called the Mantel- Haenszel test, is 

the most well known and widely used test, thi s test is based on weights equal to one, i.e. 

W, = I. The log rank test is a non -parametric test for comparing two or more independent 

survival curves. Since it is a non-parametric test, no assumptions about the distributi onal 

form of the data need to be made . Th is test is however most powerful when used for non-. , " 

overlapping survival curves . The test can be genera lized to accommodate other tests that are 

equally used sometime in practice such as Generalized Wilcoxon test, Tarone- Ware test, and 

Peto-Peto-Prentice test. Each of these tests uses different weight to adjust for censoring that is 

often encountered in survival data. 

3.3.2 Modelling of survival data 

Through a modelling approac h to the ana lysis of survival data, we can explore how the 

survival experience of a group of individuals depends on the values of one or more 

exp lanatory variables, whose values have been recorded for each individual at the time 

origin . In most medica l studies that give ri se to survival data, supplementary information wi ll 

a lso be collected on each indi vidua l so that the relationship between the survival experience 

of individuals and various explanatory variables may be investigated . 

' " 
The hazard function is modelled directly in survival analysis. T here are two broad reasons to 

model survival data. O ne objective of the modelling process is to determine which 

combinations of potential exp lanatory variables affect the form of the hazard function. In 

particular, the effect that the treatment has on the hazard of failure can be studied, as can the 

extent to wh ich other explanatory variables affect the hazard funct ion. Another reason for 

modelling the hazard function is to obta in an est imate of the hazard function itself for an 

individual. 

A variety of mode ls and methods have been deve loped for doing thi s sort of survival analysis 

using either parametric or se mi-parametric approaches . Semi-parametric models are models 

that parametrically spec ify th e fun cti onal relationsh ip between the lifetime of an individual 

and his characteristics (demographic, socio-econom ic, etc.) but leave the actual di stributi on 
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of lifetimes arbitrary. The most popular of the semi-parametric model s is the Proportional 

hazards model. It has the property that the ratio of the haza rds depends on the values of their 

explanatory variab les, say, Xl . X2 ......... but does not depend on time t. 

Cox-proportional Hazards Model 

This model was proposed by Cox (1972) and has a lso come to be known as the Cox 

regression model. A lthough the model is based on the assumption of proportional hazards, no 

particu lar form of probability di stributi on is assumed for the survival times. 

, " 
The set of va lues of the explanatory va riables in the proportional hazards model will be 

represented by vector X. Let hoCt) be the hazard function for an indi vidua l for whom the 

va lues of a ll explanatory variables that make up the vector X are zero. The function ho(t) is 

called the base line hazard function. The hazard function for the individual can then be written 

as 

h i(t)=h D(t)exp(~'X) [I I] 

where, where P is a p x I vector of regression coefficients. 

The assumpt ion of proport ional hazards is that the hazard of death at any given tim e for an 

individua l in one group is proportional to the hazard at that time for an individual in the other 

group. When there are covariates in the analysis, which are t imes dependent, thi s assumption 

may not hold. This can be verified by cons idering the hazard rat ios of different individuals. 

The logarithm of the hazard rat io for two individuals having two distinct covariate values Xj 

and Xi can be expressed as , " 

[12] 

C learly the above ratio IS independent of time which means that the log hazard ratio IS 

constant at any give n time . 

The Cox proportiona l hazard s model can equally be regarded as linear model, as a linear 

combination of the covariates for the logarithm transformati on of the hazard rati o given by: 
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[ 13] 

The hazard function in the Cox mode l is ca lled semi-parametric function since it does not 

explicitly describe the baseline hazard function, ho(t) . The survival function is given by: 

Set, x, ~) = e-HCt.x.li: [14] 

where, H (t, x, ~) is the cum ul ative hazard function at time I fo r a subject with covariate x. 

Since we have assumed that surviva l time is abso lutely continuous, the value of the 

cumulative hazard function is expressed as: 

H (t, x, ~) = Ho (t) exp ((J '\) , .. 
Consequentl y, from the proportional hazards function, we obtained the survivor function 

given by: 

S (t, x,~) = [So(t)]exP C!1 xl 

where So(t) is the baseline survival function. 

Fitting the Proportional Hazards Model 

[ 15] 

[ 16] 

Fitting the proporti ona l hazards mode l to observed survival data entails estimating the 

un known regression coefficients. Also, the base line hazard function must be estimated. It 

turns out that these two components of the model can be estimated se parately. The 

coefficients should be estimated first and the estimates are then used to construct an estimate 

of the baseline hazard function . The regression coefficients in the proportional hazards Cox 

model, which are the unknown parameters in the' tnodel, can be estimated using the method 

of max imum likelihood. 

Suppose the survival data based on n independent observations are denoted by the triplet (ti. 

Xi,Ci) fo r i= 1,2,3 ...... ,n among whom there are r distinct death times and n-r right censored 

survival times. There is one individual dies at each death time, so that there are no ties in the 

data . Therefore, the data consist of n observed survival times, denoted by t],t2, ...... " to, and 
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that c; is an event indicator, which is zero if the il' 'Survival -lime is right censored, and unity 

otherwise. 

The likelihood function which holds for any censored survival data with generalized hazard 

fu nction h(t;. P. x;), wh ich may not assume proportional hazards, will be 

Cox showed that the re levant likelihood funct ion which considers the baseline hazard rate as 

a nuisance parameter; he ca lled it a partia l likelihood functi on, for the proporti onal hazards 

model assuming no tied survival times is given by 

Lp (~) = m~ 1 r <; .xp ( px, ) leI 
("j'R(t"exp ep Xj) 

[ 18] 

where, R(t; ) represents the ri sk set just prior !ei time Ii -. The corresponding log-partial 

I ikel ihood functi on is given by 

[1 9] 

Estimation of the regression parameters 

The regress ion coefficients in the propOltional hazards Cox model , which are the unknown 

parameters in the mode l, can be estimated usi ng the method of maximum likelihood. The 

maximum likelihood esti mates of the regression parameters in the proportional hazards model 

can be found by max imizing the log- li kelihood functi on using numerica l methods. This 

maximizati on is accomplished using the Newton-Raphson procedure (see in Collett, 2003) 

By using Newton-Raphson procedure. to maximize ~~ !" parti al hkelihood functi on, and let u(Pl be 

the px I vectors of first derivatives of the log- hkehhood funct ion with respect to the P­

parameters. This quantity is known as the vector of efficient scores. Also, let I(Pl be the pxp 

matrix of negative second derivatives of the log-likelihood, so that the G, k)th element of I(P) is 

8' log L(P) 

8?j8Pi; 
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The matrix I (~) is known as the observed information matri x. 

An estimate of the vector of~-paral1l eters at the (s,+:J)th cyc l.e of iterative procedure, p,+, . is 
Ps+' = Ps+ r ' (fjs)U(Ps) for s= 0, I , .... .. , 

where U(Ps) is the vector of effic ient scores and r 'U1s) is the inverse of the observed 

informat ion matrix, both evaluated at fts The process can be started by taking Po=O and 

continue until the change in the li kelihood funct ion is suffic iently small. 

Thus, a fter getting the MLE, fJ , the covariance matrix of (j can be approximated by the 

inverse o f the inform ation matrix, eva luated at p, that is 

, " Var ((1) = r ((1) [21 ] 

There are two approaches that incorporate for tied survival times. These are the Breslow and 

the Efron approx imations. In many applied settings there wi ll be little or no practi cal 

difference between the estimators oqtained fro m t~e two approximations . Because of this, and 

since the Breslow approximation is more common ly ava il able, un less stated otherwise, 

analysis presented in thi s study w ill be based on it. 

Variable Selection Procedures 

The methods available to select a subset of the covariates to include in a proportional hazards 

regression mode l are essentially the same as those used in the other regression models, like 

purposefu l se lect ion, stepwi se (forward select ion and backward elimination) and best subsets 

selecti on. 

When the number of variables is relat ive ly large, it can be computati onally expensive to fit a ll 

poss ible models. In thi s s ituation, automatic routines for variable se lection that are ava il able 

in many software packages might seem an attractive prospect. These routines are based on 

forward selection, backward eliminat ion or a cOlvbinati on of the two known as the stepwise 

procedure. These a utomatic routines have a number of di sadvantages. Typica ll y, they lead to 

the identification of one parti cular subset, rather than a set of equa lly good ones. The subsets 

found by these routines o ften depend on the variable selection process that has been used, that 
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is, whether it is forward se lection, backward elimination or the stepwi se procedure, and 

general ly tend not to take any account of the hierarch ic princip le. They also depend on the 

stoppin g rule that is used to determine whether a term shou ld be included in or excluded from 

a mode l. 

' " 
Thus, instead of us ing automat ic variable selection procedures, the following general strategy 

for mode l se lection is recommended by Co llet (2003). 

I. The first step is to fit mode ls that conta in each o f the variables one at a t ime. The 

values of - 2108 [ for these models are then compared with that fo r the null model. 

The null model is a mode l to determ ine which variables on their own significantl y 

reduce the value of this stat isti c. 

2. The variab les that appear to be important from step I are then fitted. In the presence 

of certa in variables others may cease to be important. Consequently, those variables 

that do not significantly increase the va lue of -210g L when they are om itted from the 

model can now be discarded . We therefore compute the change in the va lue of -

210g L when each variab le on its own is omitted from the set. On ly those that lead to a 

signifi cant increase in the va lue of -2Iog[ are retained in the model. Once a variable 

has been dropped, the effect of om itting each of the remaining vari ab les in turn should 

be examined. 

3. Variables that were not important on their own, and so were not under considerati on 

in step 2, may become important in the presence of others. These variables are 

therefore added to the mode l from step 2, one at a time, and any that reduce -2 lng ~ 

significantly are retained in the mode l. Thi s process may result in terms in the mode l 

determined at step 2 ceasi ng to be significant. 

4. A final check is made to ensure that no term in the mode l can be omitted without 

s ignificantly increas ing the va lue of -2 IogL, and that no term not included 

sign ifi cantly reduces -2lng r. 

When uSing thi s se lection procedure, rigid application of a parti cular signifi cance leve l 

should be avoided. In order to guide decisions on whether to include or omit a term , the 

s ignificance level should not be too small. A level of around 20% - 25% is recommended. 
, " 
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3.3.3 Assessment of Model Adequacy 

Model-based inferences depend completely on the fitted stati stical model. For these 

inferences to be va lid in any sense of the word, the fitted model must provide an adequate 

summary of the data upon wh ich it is based. Some of the methods for the assessment of a 
• II " 

fitted proportiona l hazards model can be equally used for parametric regression models. The 

fit of a regression model involves assessment of the regression coefficients and the formation 

of confidence intervals for the parameters and related quantities. Under the assumption of 

proportional hazards, there are three different tests for model assessment (the significance of 

the coefficients): the partial like lihood ratio test, the Wald test and the score test. These tests 

are presented below as discussed in Hosmer and Lemeshow (1998). 

The Partial Likelihood Ratio Test (LR) is the best of the three tests for testing the 

significance of a subset of q explanatory variables from p exp lanatory variables, and fit both 

the unrestricted and the restricted models. We shall obtain the va lue of the log-partial 

likelihood function LLp (fJ p_q) in the unrestricted model and LLp (Pp) when the model 

imposes the restrictions under Ho. 

, .. [22] 

The test statistic for Ho is based on the difference orthe log- like lihood va lues. Under Ho. the 

stati sti c is asymptot ically distributed as ch i-squared with q number of degrees of freedom at a 

s ignifi cance level n. 

The Wald test: this reqUIres fitting the unrestricted model, and IS based on the partial 

like lihood estimatorp . The test statistic is 

.... I · 1 .... ,. 2 
Qw = fJ Iq ' q (fJ) fJ - X (q) [23] 
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The quadratic form of the above equation requires the inverse of the variance-covariance 

estimates corresponding to the q parameters in Ho matri x Iq xq and, under Ho is 

asymptotica ll y d istributed as chi-squared with a number q degrees of freedom . 

The Score Test: The score test stati stic, to test Ho: pq= (0, 0, 0 .... 0) ' is defined as 

[24] 

where U(Pq. /Jp•q) and r l(pq. /Jp.q) are the score vectors and inverse of th e observed 

information matrix eval uated at the hypothesized va lue of Pq and the restricted partia l , .. 
maximum likelihood estimator of pp.q Under nul l hypothes is and for large sample Q, is 

asymptoti ca lly di stributed as chi-squared with a number q degrees of freedom. 

Under the proportional hazards mode l, residuals playa centra l role in evaluating the model 

assessment and adequacy. Many model check ing procedures are based on quantities known 

as residua ls. Res iduals are values that can be calculated fo r each obse rvation and have the 

featu re that their behaviour is known, at least approximate ly, when the fitted model IS 

satis factory. The foll ow ing residuals have been proposed for use by different authors. 

Cox-Snell residuals: The Cox-Sne ll res idual for the illt individual is given by 

[25] 

where ilo(tJ is an esti mate of the base line cumulati ve hazard function at time t" the observed 

survival time that individua l, H;(tJ and 5';(r,} are the estimated va lues of the cumu lative 

hazard and survivor functions of the illt indi vidual at I ,. 

In the argument, if the model fitted to the observed data is sat isfactory, then the mode l-based 

estimate of the survivor function for the illt individual at t" the surviva l time of that 

indi vidual, wi ll be close to the corresponding true values S;(tJ. if the observed survival time 

for an individual is right-censored, the corresponding value of the residual is al so right­

censored. The res id ua l will there fore be a censored sample from the unit exponenti al 

distribution, and a test of thi s assumption provides a test of mode l adequacy. 

Martin ga le residuals are mod ified Cox-Sne ll residua ls and , defined as 
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... 

fMi = C i - 7, [26] 

where c, is censoring indicator and r, is the Cox-Snell residual. 

It can be shown that these residuals sum to zero and, in large sampl e, the martinga le res idual 

are uncorre lated with one another and have an expected value of zero . In thi s respect, they 

have properties similar to those possessed by res idua ls encountered in liner regress ion 

ana lys is. 

Schoenfeld residuals: Schoenfe ld residua ls are useful to check the proportiona li ty o f the 

covariates over time that is to check the validity of the proportional hazards assumption. If 

the model fits we ll then the residuals are randomly distributed without any systemat ic pattern 

around the zero line, reference line., This res idua~ differ from those considered previously in 

one other impoltant respect .thi s is that there is no a s ingle value of the residual for each 

individual, but a set of values, one for each explanatory variable include in the fitted cox 

regression mode l. 

The i t h schonfeld residua l for "j, the j'h explanatory variab le in the model, is given by 

[27] 

Where.\" . is the va lue of the )' "' exp lanatory variable, j= I, 2, ...... , p, for the i , .\ ind ividual , . 

'" LI~R ( .. ·) Xpex:p ( ii'xi l 
Clji ~ ."' • I (i ," and R(tJ is the set orall individua ls at risk at time (. [28] 

.t..1ER( r11 exp , XL 

The above residual s have the di sadvantages that they depend heavily on the observed survi va l 

time and require an estimate of the cumulative hazard function. Schoenfe ld proposed ... 
residuals that overcome these di sadvantages. 

I. Testing for linearity of covariates 

The assumption of li nearity can be checked by us ing the plot of martingale residuals. The plot of 

martin gale res idual s obtained from fitting the model, excl uding the covariate whose 

fun ctional form needs to be determined, aga inst the excluded covar iate di splay the functi onal 

form required for the covariate. If the resulting plot is random showi ng no systemati c pattern 
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,,, 
and the smoothed plot is a horizontal straight line. This indicates that the covariate is linear in the 

model. 

II. Subject-wise diagnostic measures 

It may happen that the structure of the fitted model is particu larly sensitive to one or more 

observations in the data set. Such observations which are referred to as influential observat ions 

can be detected us ing diagnostics that are designed to highli ght observati ons that influence 

the complete set of parameter estimates in the li near predictor. In other word s, it may happen 

that the structure of the fitted model is particularly sensitive to one or more observations in 

the data set. Another important aspect of model eva luation is a thorough examination of 

regression diagnost ic statist ics to identify which subjects have an unusual configuration of 

covariates exert an undue influence on the estimates of the parameters and on the fit of the model. 

In many occasions, the influence that each observation has on the esti mated hazard function . . " . 
will be of interest, and it wi ll then be important to identify observations that influence the 

compl ete set of parameter esti mates in the model. 

Suppose that we wish to determ ine whether any particu lar observation has an untoward effect 

on Pj. the j'" parameter estimate, j= I,2, . .... .. ,p, in a fitted Cox regress ion model. One way of 

do in g thi s would be to fit the model a ll n observations, Pj is the j'" parameter est imate, in the 

data set, and then fitt ing the same mode l to the sets of n- l observations obta ined by omitting 

each of the 11 observati ons in turn . Suppose that the value of the j lh parameter estimate on 

om itted the i
lh 

observation is denoted by PJ(i) . Then, the stati stic " j( , )=Pj - Jj( i), whi ch is 

known as DFBETA, can be used as a measure of how the jlh parameter estimate would 

change, if the ilh observation was deleted from the data set. An index plot, or a plot of the 

li kelihood displacements aga inst the rank order of the surviva l times, prov ides information 

visua l summary of the values of the diagnostic. Observations that have re lati ve ly large values 

orthe diagnostic are influenti al. , .. 

Moreover, examining sca led score res iduals is helpful in ident ify ing outli ers by observ ing 

how large the deviation is. The larger the deviation the more distant the res idua l is to the 

mean. T he plot of the score residua ls looks li ke a basic hourg lass shape, fanning out from its 

narrowest point at approximately the mean of the covariate. The effect of out li ers on the 
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regression model may be easily checked by dropping these points and refitting the regress ion 

equation. , .. 

III. Methods for testing the assumption of proportional hazards 

The proportional haza rd s assumption is vital to the interpretation and use of a fitted 

proportional hazards mode l. This is an assessment of to what extent the two curves are 

equid istant over time. Ifhazards are not proportional , this means that the li near component of 

the fitted model varies with time in some manner. As can be seen in equation [1 2], the hazard 

ratio for two individua ls in the proportional hazards model is independent of time and is 

constant over time. Thus the plot of the logarithm of the Kaplan-Meier cumulative hazards 

function based on different factors may help in assess ing the proportional hazards assumpt ion 

before fitting a Cox model. If this assumption is met, then the plots wi ll be more or less 

parallel. But, this method will not give any clue if the plots for different categories of 

covariates cross each other. The other method, which could be used after the fit of the model, 

is extending the proportiona l hazard~ model by d~)1ing several product terms involv ing each 

time independent variable with some function of time. That is, if the i'" time-independent 

variable is denoted as "1 ' then we can define the j ,n product term as x) x g;(I) where girl) is 

some function of time lo r the j" variab le. The extended Cox model that simu ltaneously 

considers all time-independent variables of interest can be expressed as: 

[29] 

To check the proportional hazards assumption using a stat istica l test, we consider the null 

hypothesis that all the 8 terms, wh ich are coeffic ients of the Xj x g;(I) product term s in the 

model, are zero. Usually the funct ion gj(l) is chosen to be the logarithm of surviva l time i.e. 

g;(t)= ln(t) . Under the null hypothesis that all the 8 terms are zero, the model reduces to the 

proportional hazards model(Kleinbaum(2005),Hosmer and Lemeshow (1998)). 

, .. 
Moreover, for greater diagnostic power the sca led Schoenfeld residual is preferred. If the plot of 

scaled Schoenfe ld res iduals versus the logarithm of time is a random, smooth, straight line about 

zero the proportional hazards assumption will be satisfied. Furthermore, the assumption of 

proportional hazards would be fulfilled if the interaction of logari thm of time with the covariate is 
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found to be insignificant (meaning the regression coefficients are not time varying). This means 

that the study covariates have values that remained fixed over the follow-up period. 

IV. Overall Goodness of Fit 

, .. 
One method of check in g good ness of fit of the mode l is to use R'. In proport iona l hazards 

regress ion mode l as in all regress ion analyses there is no s ingle, simple method of ca lculating 

and interpreting R '. because in Cox proportional hazards model, R' depends on the 

proportion of the censored observations in the data. A perfectly adequate model may have 

what, at face va lue, seems like a terrib ly low R' due to hi gh percent of censored data 

(Hosmer and Lemeshow, 1998) . The measure of good ness o f fit R~ based on partial 

likelihood is given by: -

[30] 

where Ip is log of partia l likel ihood for the fitted model withp covari ates, lo is the log partial 

like lihood for empty/null model, the model with no covariates and n number of subjects. If 

the fitted model is satisfactory (appropriate), the Cox-Snell residuals will behave as n 

observations from a unit exponentia l di stributi on. Thus, the .plot of the estimated hazard rate 

of the Cox-Snell resid ual s R,(r,), vers us r, wi ll give a straight line through the origin with 

s lope unity if the fitted mode l is satisfactory. However, the drawback is that they do not 

indicate the particular departure from the mode l fitted, if there is any. In additi on, results of 

the Likelihood Ratio, Score and Wald tests use for checking mode l goodness of fit. 

' " 
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CHAPTER FOUR 

STATISTICAL DATA ANALYSIS AND DISCUSSION 

4.1. Descriptive survival analyses 

·" The study inc luded 7118 children, who were born during the five years preceding the date of 

the survey. Summary results for soc io-demographic and env ironmenta l vari ab les included in 

thi s study are presented in Tab le I A (Appendix) . Of the total of 7 118 ch ildren inc luded, 3466 

were fema les, 6 107 were born in rural part of Eth iopia, and 5127 were breastfed. Among the 

infant' s mothers, 6715 were currently married. The table shows that 926 infant mothers were 

15-20 years o ld, 4987 infant mothers were between 20-34 years old and the remai ning 1205 

were 35-48 years old when they gave birth . There were 684 househo lds of size 1-3 members, 

3660 had househo ld size 4-6 and 2774 of households had more than 6 members. With regard 

to educational attainment, about 5457 of the mothers and 4255 of the fathers had no 

educat ion while 1197 of the mothers and 20410f the fathers had primary education and the 

remain ing 482 mothers and 822 fathers had attained secondary education. About 32 10 of the 

households were classified as poor while 2730 had medium income and 1178 were rich. In 

addition, 1560 households had piped water whi le 25 16 used water from protected sou rce and 

the remaining 3042 used unprotecteQ source ofwllt~r. 

The graph of the estimate of overa ll Kaplan-Meier survivor function Tab le 2A (Appendi x) 

and Figure 4.1 shows that most deaths occu rred in the first month and it declined in the later 

months of follow up. Separate graphs of the estimates of the Kaplan-Meier survivor 

funct ions, for different factors, have a lso been constructed in order to assess whether there is 

difference in slll'vival experience between different groups of indi viduals. Most of the graphs 

did show differences between different categories. The graphs of Kaplan-Meier survival 

estimates based on different categori es of factors are presented in the d isplays of Figure I A 

(Appendix). Indi vidua lly, relatively significant differences are observed in covariates such as 

breastfeeding status and mother' s education between secondary ed ucation and no education. 

Thus, the breastfeed ing statu s show that the upper curve of the survival func tions is for 

infants, who were breast fed, indicating greater survival experience as compared to infants 
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who were not breastfed. Moreover, the graphs of the survival fun ctions for infan ts show 

in fa nts mother level that have secondary ed ucation have greatest surviva l experience . 

0 
Kaplan-Meier survival estimate 

0 

~ 

"' ..... 
0 

0 

"' 0 , ,. 

"' "! 
0 

0 
0 
0 

0 5 10 
an alysis l ime 

Figure 4, I : The plot of the overa ll esti mate of Kaplan-Meier survivor funct ion 

The Log-rank test was performed to in vestigate the signifi cance of the observed d ifference in 

the Kaplan-Meier estim ates of the survivor fun ct ions among different categories of the 

factors. Thi s means there is difference in surv iva l experience between two or more leve ls o f 

the facto rs. The result obta ined fro m Table 4 , I the p-va lue of the Log-ran k test po ints out that 

a ll factors except ma rita l status have, d ifferences iQ ,\he leve ls o f their survivo rship function. 

Tab le 4.1: Results or the Log-rank test for the categorical variab les 

Covariate I factor O F Chi-square P-Value 

Res idence I 13.987 .000 

Mother Education 2 33. 11 3 ,000 

Father Ed ucati on 2 19.503 ,000 

Breastfeed ing status I 437.384 .000 

Mar ita l status I 1.04 8 .3 06 

Child ' s birth order 2 18.16 1 .000 

Family s ize 2 15.365 .000 

Wea lth index 2 12.872 .002 

Source o f drinking 2 16.867 .000 

water 
Mother ' s age 2 53.888 .000 
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I Child' s sex 15.795 .000 

4.2. Results of the Cox proportional hazards model 

The first step in the model development process is to se lect explanatory va ri ables wh ich are 

important for the study. When the number of variables is re lat ive ly large, it can be 

computationally expensive to fit all possib le models. Therefore, fit models using appropriate 

se lection method for fitting a multivariable model contain ing variables that are significant at 

a modest level of significance in a univariable analys is. Table 3A (Appendix) show that 

eleven uni variable Cox proportional hazards models were fitted. 

The result shows that not all exp lanatory variahres are important to fit multivariate Cox 

proportiona l hazards model. Thus, the most appropriate covariates wi ll be se lected based on 

their contribution to the max imized log partial likelihood of the model (-2LL (/3». The value 

of -2LL (ti) for the null or empty model is 12623.946. Therefore, inclusion of covariates will 

be based on the amount of reduction of this value. The bigger the reduction the better the fit. 

Hence, based on the amount of reduction the log partia l likel ihood breast status has high 

contribution to the maximized log partial li ke lihood of the model (-2LL (ti» because it shows 

highest reduction in (-2LL (fJ)). It reduces the value from 12623 .946 to 12254.895. Thi s 

reduction of 369.05 1 is highly sign ificant (p-value < 0.000 I) when compared with percentage 

points of the x : distribut ion on I degree of freedom . The second highest reduct ion in (-2LL 

(J3) is obtained from mother age, which is included to the null model in its continuous form, 

is shows significant change. It reduces the value from 12623.946 to 12574.83 1, which 

reduced the stati stic by 49.115. The next reduction in (-2LL (/3» on including mother 

education to the null mode l, thi s requction of 41.~. ! 5 is significant. Then, the reduction in (-

2LL (t» due to inclusion of father education, birth order, source of drinking water, fami ly 

size, sex, residence, wea lth index to the null model successive ly one at a time are 19.511 , 

18.53 1, 17.524, 15.523, 15.454, 15. 168 and 13.623 respectively. Al l of them are significant at 

5% leve l. 

At the next step of fitting the Cox proportional hazard model using the variables breast status, 

mother age, mother educat ion, father educati on, birth order, source of drinking water, fam il y 

size, sex, residence, wea lth index, and the va lue of (-2LL (ti» wi ll be 1211 2.045. Then, 

om itting vari ables from the model will be based on the increasing in (-2LL (iJ» and p-value. 
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Table 4A (Appendix) shows that the increasing in (-2LL (;3)) and p-value due to omiss ion of 

variables from the model. The variab le residence does not have s ignificant increase in (-2LL 

(tJ)) and the p-value is 0.682 when residence is removed from the model. Continuing the 

fitting processes by eliminating the variable res idence, the model consisted of the remaining 

nine variables is fitted and assess the effect of eliminating variables from the model. Table 

5A (Appendi x) shows increase in (-2LL (;3)) and p-values when omitting variables from the 

model. The var iable family s ize does not have significant increase in (-2LL (tJ)) and the p­

va lu e is 0.243 when family size is removed from the mode l. Therefore, the variab le family 

size excluded from the model. 

We then fit the remain ing e ight variables and examine the effect of om itted variables from 

the model. Tab le 6A (Append ix) shows that the minimum insignifi cant increase in -2LL (;3) 

(p-value O. I 0 I) is when wea lth index is removed from the model. As a resu lt, wea lth index 

can be excluded from the model ,which conta ills the e ight variables and another mode l 

conta ining the remaining seven variables wi ll be fitted. 

Table 7 A (Appendix) shows that when father education is e liminated from the model the 

increase in (-2LL (tJ)) is ins ignificant (p-va lue 0.080). Thus, the variab le father education 

will not be inc luded in the next model. 

Table 8A (Appendi x) presents that the compari son of the s ix variables, which shou ld be 

included in the model. All the six variables breast status, mother age, mother education, birth 

order, source of drinking water and sex of parametric estimation are presented in Table 4.2 . 

. .. 
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Table 4.2: Estimated values of the coeffi cients, hazard rati os, 95% C I for the hazard rat io and 

P-values of the explanatory variab les on fitting the proportional hazards model 

... 
95% CI for 

Covariatesl Factors B SE Wald df Sig. I Exp(B) Exp(B) 
Lower upper 

Breastfeeding statu s 1.473 .077 361.239 I .000 
I 

4.362 3.747 5.077 

Mother 's age 34.541 2 .000 
15-20 .280 .119 5.538 I .019 1.323 1.048 1,670 
20-34 -.284 .093 9.357 I .002 I .753 .627 .903 
Mother education 28.845 2 .000 I 

No education 1.343 .266 25.579 I .000 I 3.832 2.277 6.449 
! primary 1.099 .279 15.537 I .000 3.000 1.737 5.18 1 
Birth order 14.477 2 .00 1 
2-4 .292 .121 5.783 I .016 1.339 1.056 1.699 
>~5 .450 .12 1 13.807 I .000 1. 568 1.237 1.989 
Water 12.332 2 .002 

, 

Protected source .314 .114 7.584 I .006 1.368 1.095 I. 7 11 
unprotected source .382 .109 12.233 I .000 I 1.465 1.183 1.814 
sex 

-.22 1 ,076 8.420 I .004 .802 
.69 1 .931 

After fitting the reduced model we assess whether or not the remova l of the covariate has 

produced an important change in the coeffic ients of the variables remaining in the model. A 

va lue of20% change is generally considered as an important change in a coefficient (Hosmer 

and Lemeshow ( 1999». Thus, the variables marital status, residence, fam il y size, wealth 

index, father education were included one at a time; the change in the coeffic ients of the 

significant variables was examined in Table 9A (Append ix). The maximum change in the 

coeffici ent of the variable remaining in the model is 18.89 percent, which is less than 20 

percent, for birth order wh ich is judged not to be an important change to warrant inclus ion of 

the des ign variab les of famil y s ize in the model. Thus, those non s ign ifi cant variables include 

those wh ich have less than 20 percent change in the coefficient of the variab les. Therefore, 

the appropriate main effects mode l conta ins the variab les breast status, mother age, mother 

ed ucat ion, birth order, source of drinking water and sex , . , .. 

The plots o f the martinga le residuals are used to demonstrate the lineari ty of continuous 

covariates after exc luding the covariate for which we are checking the assumption of 
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linearity. The scatter plots or the smoothed curve using lowess can be used for thi s purpose. 

The plot of martinga le residual s for the continuous covariate" ungrouped mother age" in 

Figure 2A (Appendix) is random showing no systematic pattern and the lowess smoothed 

curve is approximately a hori zontal line. As a result the continuous covariate ungrouped 

mother age is linear in the model. ·S ince the relnaining fi ve co variates are not continuous 

there is no need for checking linearity. 

The final step in mode l development strategy is considerat ion of interaction terms that may 

be useful in the improvement of the model. The significance of each separate interaction is 

assessed by adding interaction term s to the main effects mode l one at a time and using the 

Wald test. Then, examining the p-values of the Wald statistic in Table lOA (Appendix) the 

interactions between them were not found to be significant. Thus, the last model will be the 

one which contains only the mai n effects in Tab le SA (Appendix). The parameter estimates 

and hazard ratios o f the covari ates are shown in Table 4.2 but the interpretation based on thi s 

model shou ld not be made until the important assumptions associated with the proportional 

hazards Cox regression model has been checked. 

4.3. Model diagnostics . " 

The next important step in stati stical analysis is model diagnostics, which is assess ing th e 

adequacy of the model should be done in order to evaluate how we ll the fitted regress ion 

describes the data set. There are a series of regression diagnostics for the fina l proportional 

hazards model. Requirements for model assessment include testing the assumption of 

proportional hazards, checking for the presence of leverages and influential observations and 

measuring the overall goodness of fit of the model. 

4.3.1. Checking the proportionality of covariates in the model 

The proportional hazards assumption should be checked for the interpretation and use of a 

fitted proportional hazards mode l. The basic assumption of the Proportional Hazards Model 

is that the hazard ratios are constant overtime. That means the ri sk o f failure is the same no 

matter how long subj ects have been -followed. Thlil adequacy. o f the pre liminary final model is 

checked for the val idi ty of proporti onal hazards assumption using test based on the 
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interaction between variables in the model with logarithm of surviva l ti me and assess their 

significance using the Wald test. Also the plot of the scaled Schoenfe ld residuals is also used 

to provide any add itional insight into any departure from proportionality. 

Table 4.3 shows that the time-dependent covariates (interaction of covariates with logarithm 

of time) were not signi fi cant and the global fit test also shows that all the covariates were not 

signifi cant which j ustifies the proporti onal h~zard asslimption holds at 5% level of 

signi ficance. Therefore, there is no ev idence aga inst the null hypothesis that the coefficie nts 

of the time va rying variab les (interacti on term s) are zero ascertaining the va lid ity of the 

proporti onal hazards assum ption for the data. Figures 3A-8A (A ppendix) shows the plots of 

the scaled Schoenfeld for each covariate agai nst log time. All curves seem to approximate the 

horizontal line through zero. The residuals look ra ndom showing no trend with ti me. This 

implies that the proport ional hazard mode l fu lfi ll s the proportionali ty assumption. 

Table 4. 3: Results of the multivariable proportional hazards Cox regression model contain ing 

the vari ables in Table 8A (Append ix) and their interaction with log time. 

Covari atesl Factors 
DF 

Parameter Error Chi-square Pr>chisq Hazard 
esti mate rat io 

Breastfeeding 
status I 1.38195 0.19390 50.7936 <.000 1 3.983 ... 
Mother's agee 15-20) 

I -0.0 1727 0.30582 0.0032 0.9550 0.983 

Mother'S age(20-34) 
I -0.52467 0 .223 83 5.4947 0.0 191 0.592 

Mother Educat ion 
(no educat ion) I 1.690 II 0.84938 3.9594 0.0466 5.420 

Mother Education 
(primary) I 1. 19995 0.88958 1.8195 0.1774 3.320 

Bit1h order (2-4) 
I 0.40104 0.3 1775 1.5926 0.2069 1.493 

Bit1h order (>4) 
I 0.61853 0.3 1625 3.8253 0.0505 1.856 

Source of drinking 
water(protected) I 0.8421 0 0.3 3888 6.1750 0.0 130 2.32 1 

Source of dri nk ing 1 0.95250 0.32850 8.4 073 0.0037 2.592 
water( un protected) ... 

38 



sex 
1 -0.38656 0 .1 9559 3.9060 0.04 8 1 0.679 

Breastfeeding status* log 
1 -0.03609 0.12464 0.0838 0. 7722 0.965 

ti me 
Mother' s agee IS-20)*log 
time 1 0.0986 1 0.2003 1 0.2423 0.6225 1.1 04 

Mother' s age(20-34)* log 
1 0.14732 1.0954 0.2953 1. 167 

time 0. 154 19 

Mother Education(no 
1 0.50965 0.0 126 0.9 105 0.944 

education)* log time -0.05732 

Mother 
Education(pri mary)* t -0.07466 0.53642 0.0 194 0.8893 0.928 
log time _ ... 
Birth order(2-4)* log time 

1 -0. 116 11 0.19549 0.3528 0.5526 0. 890 

Birth order(>4)*log time 
t -0.20299 0.19606 1.0719 0.3005 0.8 16 

Source of drinki ng 
water(protected)*log time 1 -0.21 795 0.20685 1. 11 02 0.2920 0.804 

Source of drinking 
water( unprotected)* 1 -0.22471 0.19995 1.2630 0.26 11 0.799 
log time 
Sex* log time 

1 0. 16579 0. 12448 1. 7739 0.1829 1.1 80 

Linear Hypotheses Test ing Results 
label Wald chi -square DF Pr>chi sq 

Proport ionality_ test 
5.7065 10 0.8393 

." 4.3.2. Checking for influential and outlier observations 

A thorough eva luation of regress ion di agnosti c stati stic to identi fy, if any, subj ects that have 

undue influence on the estimates of the Cox regression parameters, or have an unusual 

configuration of the covariates, or have an unexpected influence on the fit of the model is 

carri ed out using DFBETA stati stic which is used to examine the untoward e ffect o f each 

observati on on the 1''' parameter estimate and the max imized log parti al li ke lihood, 

respecti ve ly in the fitted Cox regress ion mode l Co llet (2003). The fi ve largest changes in the 

parameter estimates a re presented in Tab le II A. 
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The largest OFBETA for breastfeeding status occurs for ch ild 699. The change in the 

parameter estimate (OFBETA) on omitting the data for this ch ild is 0.0045 . Therefore, 

omiss ion of this child decreases the hazard of death relative to the base line hazard. The 

standard error of the parameter estimate for breastfeeding in the full data set is 0.077, and so 

the maximum amount by whi ch thi s estimate changed when one observation is deleted is 

about 6% of the standard error (less than one standard error). Thus, the change 111 

breastfeed ing status effect by deleting thi s child can be considered as insign ificant. 

Omitting the data from infant 485 and infant 5655 from the dataset brought the largest 

changes in the parameter estimates fo r the other two leve ls of the baseline mother 's age (15-

20) and base line mother's age (20-34), respectively . The max imum change in the parameter 

estimates for mother's age (15-20) and mothe.'s age (20-34) when each observat ion is 

om itted is -0.008 11 (7% of the standard error) and 0.00742 (8% of the standard error), 

respectively; both of them are within one standard error of the est imates. The effect of 

deleting the observation 485 and observation 5655 are increasing and decreasing relative 

hazard of death, respectively; but again these decreases or increase are not large. Therefore, 

the changes in mother' s age by deleting these observations are ins ignificant. 

The hi ghest change in the parameter est imates (OFBETA) of mother education (no 

educat ion) and mother education (primary) on omitting the data for 2593 and 144 1 children 

are 0.06967(26% of the standard error) and 0.06866(25% oflhe standard error), respectively. 

Thus, the change in mother education effect by delet ing these observati ons can be considered 

as insignifi cant. 

The differences in the parameter estimates for the leve ls of the other categori ca l variables 

were a lso assessed by omitting th~ hi ghest cha~ge in the 'parameter estimates (OFBETA) 

observations 421 5, 5780,42 15, 4385, 3784 from the variables birth order(2-4), birth 

order(>=5), source of drinking water(protected), source of drinking water(unprotected 

source),sex, respectively. Therefore, omission of the data about these children decreases the 

hazard of death relative to the base li ne hazard, but again these decreases are not great. The 

differences in the parameter estimates for the levels of the categorica l variables were a lso 

assessed. However, the largest differences are less than a quarter of the standard error of the 

correspondi ng est imate. 
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In add ition, the p lots of Score residua ls (partial leverage residual s) which have the linea r 

regression leverage property for continuous covariates were cons idered. The score residuals 

for the ungrouped mother age in Figure 9A (Appendi x) display the fa n shape. If the plot fans 

out from the narrow point that is approximately from the mean of the covariate then it 

suggests that none of the observations is terribl y influentia l in the study. In the plot there is 

one po int in the top ri ght that fa ll s a bit away from the rest of the po ints. However, the 

dis tance between these po ints and the others is not stri king. The e lder mother 's age have 

score res idua ls that are we ll within the obse rved range of va lues. Therefore, neither the 

estimates fo r each of the parameters nor the set of parameter esti mates are affected by any of 

the observations in the datase t. 

4.3.3. Assessment of overall goodness of fit 

The fi nal step in the mode l assessment is to measure the overall good ness of fi t. A ll measures , .. " . 
depend on the prop0l1 ion of va lues that are censored . A perfectly adequate mode l may have 

low ii' due to hi gh percent of censored data. The mode l in Tab le 8A (A ppendix) presented 

the value of the -2Log-Like lihood with covariates which is equa l to 12 124.677 and the -

2Log-L ikeli hood for the null or empty mode l equa ls 12623 .946. The resulting goodness of fit 

is ca lculated as : 

R~ = 1- [exp (~[lo I l} = 1-(exp ([- 1262 3.946+1212+.6 771} = 0.0677 
p 7 : 18 

Also results of the Likelihood Ratio, Score and Wa ld tests fo r mode l goodness of fit 

di splayed in Table 4.4, suggests that model is good fit , i. e. significant at 5% leve l of 

signifi cance. 

Table 4.4: T he Likelihood Rati o, Score and Wald tests for overa ll measures of goodness of fit 

o f the final model: BETA=O ." 
Test Chi-square Df Pr>chsq 

Li ke lihood rati o 499.2695 10 <.0001 

Score 550.2074 10 <.0001 

wa ld 475.9465 10 <.0001 
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Moreover, Cox-Sne ll res idual s are used to assess the overall goodness of fit of the model. 

The plot in Figure 4 .2 of the cumu lative hazard function of the Cox-Snell resid ual against the . . " 
Cox-Snell residuals are fair ly close to the 45° straight line through the origin . This suggests 

that the mode l fit to the data is sati sfactory . 
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Figure 4 .2: Cumu lative hazard plot of the Cox-Sne ll res idua ls of the proportiona l hazards 

Cox regression model in Table 8A (Append ix). 

4.4. Interpretation and Discussion of the resnlts 

4.4.1. Interpretation 

When the proportiona l hazards model is used in the ana lysis of surviva l data, the coe ffi c ients 

of the explanatory variab les in the model can be interpreted as logarithms of the ratio of the 

hazard o f death to the reference group hazard. Th is means that est imates of thi s hazard ratio, . , " 
and corresponding confidence intervals, can easily be found from the fitted mode l. The 

interpretation of parameters corresponding to different variables whi ch are fou nd significant 

in the fina l mode l is descri bed in the fo llowing section. 
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Breast status, grouped mother age, mother education, birth order, source of drinking water, 

sex are the six categorica l variables that are found to be s ignifi cantly associated with the 

surv ival of in fants in the fined Cox regress ion model. , ,, 

The estimated relative risk (hazard ratio) of dying of infants who were not breastfed as 

compared to those who we re breastfed is 4.362 (95% CI: 3.747-5.077). T hi s means in fa nts 

who were not breastfed are dying at a rate which is about 4.362 times higher than infants who 

were breastfed . The 95 % confidence interva l also suggests that the risk of death fo r infants 

who were not breast fed is 3.747 times as low and 5.077 t imes as large as compared to those 

who were breast fed . 

The reference category for the mother age grou p is age >=35. The est imated hazard ratio fo r 

the covari ate mother age between 15 and 20 is 1.323. This implies that infants who are born 

to mothers of age group of 15-20 are dying at a rate 32% higher than those who are in the 

e lder age group (age >=35). The confidence interva l suggests that the hazard rat ios are as low 

as 1.048 and as hi gh as 1.670. The hazard ratio for the covariate mother age between 20 and 

34 is 0.753. The interpretati on of thi s is that infants who are born to mothers of age between , " 
20 and 34 are dy ing at a rate 25% lower than those who are in the elder age group (age 

>=35). The 95% con fidence interval imp lies that the rate could be as low as 0.627 and as hi gh 

as 0.903. 

The estimated ri sks of death for infants whose mothers have no education and primary 

educati on compared to those infants whose mothers have secondary education are 3. 832 

(95% C I: 2.277-6.449) and 3.000 (95% CI: 1.737-5.181), respectively. This means that the 

hazard rate of death for in fants whose mothers have no education and primary educati on is 

3. 832 times and 3 times hi gher respective ly than infants whose mothers have secondary 

education (reference group). 

Hi gher birth orders (>=5) have the hi ghest morta lity risk. Infants with these characteri stics 

are 57% more li kely to d ie in in fa ncy re lat ive to the refere nce group births of order one 

(I-IR= I.568, 95% C I: 1.237 to 1.989). In fa nts ofoorder two -through four are dying at a rate 

34% higher than in fa nts of order one (J-1R= I.339, 95% C I: 1.056 to 1.699) . The confidence 
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in terva ls for higher birth order and birth order two through four indicate that the rate could 

actually be as hi gh as 1.989 and 1.699 and as low as 1.237 and 1.056, respect ive ly. 

The ri sk of dying for infants born in househo lds with access to unprotected drinking water is 

higher by 47% re lati ve to those born in households with access to piped drinking water. The 

estimated ri sk of death for in fa nts born in households with access to protected source of 

drinki ng water compared to those born in households with access to piped drinking water is 

1.368 (95% C I: 1.095-1.7 11 , p=<.006). S ince th€'p-value is signifi ca nt and the confidence 

interval does not contain I, an infant born in a househo ld with access to protected source of 

drinking water has a significantly higher hazard rate, at any given time, than infants born in 

households with access to piped drinking water (reference group). Thus, infants born in 

househo lds with access to protected source of drinking water are 37% higher to die in infancy 

relati ve to in fa nts born in households with access to piped drinking wate r. 

The hazard ratio for female is 0.802. Thus, female infants have a 20% lower ri sk rate of death 

than male infants. The confidence interva l indicates that the risk of death for female infants 

could be as low as 0.69 1 and as hi gh as 0.93 1. 

4.4.2. Discussion of the results 

The results of the ana lys is presented in thi s paper, identified variables/factors that are 

significantl y assoc iated with high risk of infant "\Qr!ality. The paper is im portant to reduc ing 

infant mortality by ensuring the effect ive implementation of a li mited number of s ignificant 

variables/factors. 

In thi s study the co variates residence, breastfeeding status, mother education, father 

education, mother age, birth order, family size, wealth index, source of drinking water and 

sex are s ignificantly associated with increased risk of infant mortality in univariate analysis 

but in multi variab le ana lys is only breastfeeding status, mother educati on, mother age, birth 

order, source of drinking water and sex s ignifi cantl y affect the surviva l of in fants. 

Thi s study shows that the risk of infant death is higher among infants who are not breastfed 

than those breastfed. Demographi c resea rch by Mosley and Chen ( 1984) and by Schultz 

(1984) also found that the ri sks of morta lly of in fant s are affected by biomedica l factors (i.e. 
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breastfeed ing patterns, hygiene, san itary measures, and nutrition). A s imilar study in Kenya 

by Hi sham and Cli fford (2008) a lso found that the most important determinants of infant 

mortality are breastfeeding status ; thi s study also showed that in fants who are not breastfed 

have hi gh ri sk of mortality. A study in Ma lawi by Manda (1999) also investigated the direct 

and indirect (through its relationship with birth intervals) effects of breastfeed in g on children 

mortality. Thi s result suggests that breastfeeding provides the ideal fo od for hea lthy growth 

and deve lopment of infants. 

We expect that in fant born to young mothers (age between 15 and 20) and those born to older 

mothers (age above 35 yea rs) would have hi gher,morta lity than born to mothers aged 20-34 

years. T he lower ri sks of in fa nt death among children those born to mothers aged 20-34 years 

found in thi s paper is as the expected mortality pattern. Bicego (1990) in Haiti also showed 

that low age at birth was found to have marked effects on infant survivorship . The study in 

Kerala by White (2006) also showed that mother 's age has sign ifi cant effect on infant 

mortality. Ha ilemariam and Tesfaye (1997) study in a small urban community in Sebeta a lso 

showed that early pregnancy and late pregnancy have a significant negative impact on the 

livelihood of infants. A Tanzanian study a lso showed that a teenage pregnancy (15-20 years) 

was significantly assoc iated with increased infant mOl1ality. Thu s, as expected, in thi s study 

infants born to mothers aged 20-34 years are at a lower ri sk of mortality. 

There is hi gher mortality in children whose mothers were not educated or had primary 

ed ucation than children whose mothers were attend ing secondary education in this paper. The 

study in rural china by Jacoby and Wang (2003) showed that a higher maternal education 

level reduces child mortality and that female e~Hcation has strong health externalities. In 

Z imbabwe a s imilar study showed that women's average educati onal leve l in their 

community exerts a great influence on infant survival (Zerai (1996». A study In Ethiopia by 

Wang (2003) a lso showed that female ed ucation atta inment has significant effect on reducing 

infant mortality. Therefore, improving the know ledge of fema les and mothers in the societies 

are crucia l to reduce risk of infant death. 

The findings of thi s study suggest that birth order is a dominant determ inant of infant 

mortality . The hi gher birth order (>=5) shows a hi gher risk of dying than bil1h order one. 

Ha ilemar iam and Tesfa ye (1997) also found that higher birth order have a signifi cant 

negative impact on the livelihood of infants. In Kenya, Mutunga (2004) found that infant 
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survival was found better for those who were of birth order 2-3 . A similar study in Kera la 

showed that Infant mortal ity is found to depend on birth order (White (2006)). In Korea, Kim 

(2004) study identifi ed birth order is major factor wh ich were associated with infant and child 

mortality. 

The result of this study a lso shows that infants whose parents use unprotected drinking wate r 

have less surviva l chance than those who use piped drinking water. A study in China showed 

that access to sa fe water or sanitation reduces child mortality ri sks by about 34% in rura l 

areas, which means access to sa fe water/sanitation, and immunization reduce diarrhea 

in cidence in rural areas (Jacoby and Wang (2003)). A similar study in a small urban 

community in Sebeta a lso found tkat source of.dr ink ing water has direct effect on infant 

mortali ty (Hailemariam and Tesfaye (1997)). In Kenya, Mutunga (2004) found that child 

surviva l was found better for those who had access to safe drinking water and sanitation 

facilities. Baker (1999) a lso indicated that source of drinking water and sanitati on faciliti es 

are strong predictors of infant morta li ty. A study in Egypt by Hala (2002) showed that access 

to municipal water decreases sanitary ri sks. Access to munic ipal water and improved 

sanitation facil ities had significant pos itive impact on children mortal ity (A li (2002)). 

Therefore, hi gher mortali ty rates are experienced in households that have access to 

unprotected drin king water. 

The lower probab ili ty of dying in infancy period for fema les com pared to males fo und in this 

study is consistent with many studies all over the world . Likewise, more boys die before their 

first birth day than girls in Kenya (Hi ll et a l. (200 I)). A similar study in Kenya by Hi sham 

and Clifford (2008) also showed that the sex of infants is the significant factors of infant 

mortality. A study in Ethiopia, Asefa and Tesset1'la (1997) showed that infant mortality rate 

was higher for males than fema les. 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

5.1. Conclusions 

The Kap lan-Meier resu lts showed that most of the deaths occurred in the earlier month, that 

is, from birth to one month and it declined in the later months offollow up. About 47.9 % and 

58.4% of the deaths occurred in the first and second months of fo llow up period, respecti ve ly. 

Th is study has also exam ined the socioeconom ic, demograph ic and environmental 

determ inants of infant mortal ity in Eth iopia. Results based on the Cox proporti onal regression 

model show that socio-demographic and environmental variables are more im portant 

determinants of infant mortality. The findings of the study demonstrate that different factors 

such as breast feeding status, mother's education, mother age at birth, sex of infant, birth 

order and source of drin king water have stati stically significant impacts on the survival ." experience of infant. The findings further suggest the fol lowing: breastfeeding status and 

mother's education number have a significant effect on the survival of infants, that is, in fants 

who are breast fed have less ri sk of death and infants born to mothers who have secondary 

educati on are less li kely to face the risk of death . Also infants born to mothers of age group 

20-34 have lower risk of death . Birth order and sex were al so fo und to have contribution to 

in fant morta lity. In fants that are in a higher birth order number have higher risk of infant 

mortal ity and infants who are fema le have less risk of death. The study al so shows, that 

source of drinking water has a significant effect on in fant mortality. An infant that comes 

from a household with access to protected water and unprotected wate r are associated with 

hi gher ri sk of mortality than an in fant that comes from a household with access to piped 

water. 

5.2. Recommendations 

... 
The Government of Ethiopia has given hi gh priority for infant surviva l interventions. This 

decis ion has been taken in a context which strongl y supports such action. Not only is there 

powerful internat ional support, but also recent deve lopments in the hea lth and health-re lated 

sectors in Eth iop ia can prov ide the practica l means for implementing a success ful Child 

Survival Strategy. Moreover, identi fY ing the im portant of the soc ioeconom ic, demographic 
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and env ironmenta l factors that affect in fant m!irtality, and acting on them is mandatory. 

Based on our findings, we make the fo llowi ng recommendations: 

~ Achieving the Millennium Development Goals for ch ild surviva l in Ethiopia demands 

focused and coordinated act ion to improve nutrition, to strengthen hea lth service 

systems, and to reduce inequities in access to effective intervent ions aga inst the 

diseases which kill young children. Thus, breastfeeding has an important role for 

reduction of infant mortali ty, women continue to breastfeed for an extended period. 

~ The po lic ies and efforts have to be put in place to improve women education. Since 

women are the primary caretakers of infant, they shou ld be empowered through 

education, so that the health and survival of their infant will be enhanced. 

~ The government should work close ly with both the private sector and civi I society to 

ensure that households have uni versal aicess to safe water as thi s will to a great 

extend reduce the number of infant deaths. The study shows that access to adequate 

and safe water can influence infant mortality and, therefore, these major determinants 

must be addressed in developing susta inab le preventive interventions. 

, .. 
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APPENDIX 

Table I A: Distr ibution of important soc io-demographic and environment characteristics of 

infants in Ethiopia. 

Covariate / 
factor Category Censored Dead (%) Total 

Residence Urban 943 68(6 .7) 10 1 I 
Rural 5457 650( I 0.6) 6107 

Mother No Education 4855 602( 1 I) 5457 
Education Pri mary 11 79 10 1(8.6) 1280 

Secondary and 482 15(3. I) 497 
1-1 igher , ... 

Father Ed ucation No Education 3770 485(11.4) 4255 
Primary 1872 169(8.3) 2041 
Secondary and 758 64(10.1) 822 
1-1 igher 

Breastfeeding No 1546 445(22.4) 1991 
status Yes 4854 273(5.3) 5 127 

Marital status Currently Married 6044 671( 10) 67 15 
Currently not 356 47( 11.7) 403 
Married 

Ch ild' s birth I 11 11 87(7 .3) 11 98 
order 2-4 2848 3 I 2(9.9) 3 160 

>4 244 1 3 19(10. 1) 2760 
Famil y size \-3 636 48(7.0) 684 

4-6 13 10 350(9.6) 3660 
>~7 2454 320( I 1.5) 2774 

Wealth index Poor 2859 35 I (10.9) 32 10 
Med ium 2448 282( I 0.3) 2730 
Rich 1093 85(7.2) 11 78 

Source of Pipe 1445 11 5(7.3) 1560 
drinking water protected source 2256 260(10.3) 2516 

unprotected 2699 343(1 1.3) 3042 
source , , .. 

Mother' s age 15-20 793 133(14.4) 926 
20-34 4569 4 18(8.4) 4987 
>=35 1038 167(3.9) 1205 

Chi ld's sex Female 3166 300(8.7) 3466 
Male 3234 4 I 8(1 1.4) 3652 
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Table 2A: Results of the Kaplan-Meier Estimates of in fant surviva l funct ion . 

Time Beg.Total Fai l Net Lost 
Survivor 

Std.Error [95% conf. Int.) 
Function 

0 7 118 344 22 0.95 17 0.0025 0.9464 0.9564 

I 6752 75 55 0.941 1 0.0028 0.9354 0.9463 

2 6622 54 11 2 0.93 34 0.0030 0.9274 0.9390 

3 6456 39 129 0.9278 0.003 1 0.921 5 0.9336 

4 6288 23 130 0.9244 0.003 1 0.9 180 0.9303 . , .. 

5 61 35 23 146 0.9209 0.0032 0.9144 0.9270 

6 5966 42 125 0.91 44 0.0033 0.9076 0.9208 

7 5799 19 116 0.9114 0.0034 0.9045 0.9 179 

8 5664 2 1 105 0.908 1 0.0035 0.90 10 0.9 146 

9 553 8 9 121 0.9066 0.0035 0.8995 0.913 2 

10 5408 12 147 0.9046 0.0035 0.8974 0.9 11 3 

II 5249 57 7 1 0.8948 0.0037 0.8872 0.9018 

, .. 
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Table 3A: Results of the univariable, proporti onalllllzards Cox regression model 

Covariatesl Factors B SE Wald X' df Sig. Exp(B) LRSig. -2 logL 

Residence 
-.466 .127 13.369 I .000 .627 .000 12608.778 

Mother Education 28.865 2 .000 .000 12582.33 1 
No Education 1.296 .261 24.584 I .000 3.655 

Primary 1.042 .277 14. 194 I .000 2.836 

Father Ed ucation 18.789 2 .000 .000 12604.435 
No Ed ucation .384 .133 8.353 I .004 1.469 

Primary .055 .147 .142 I .706 1.057 

Breastfeed ing 
status 1.455 .077 357.930 I .000 4.284 .000 12254.895 

Marital status 
-.1 52 .151 1.018 I .313 .859 .3 13 12622.972 

Birth order ' 17.439 2' " .000 .000 12605.418 
2-4 .319 .12 1 6.939 I .008 1.376 

>=5 .493 .12 1 16.622 I .000 1.637 

Family s ize 14.774 2 .00 1 .00 1 12608.423 
I -.524 .1 55 11.46 1 I .00 1 .592 

4-6 -.204 .077 6.976 I .008 .8 15 

Wealth index 12.364 2 .002 .002 12610.323 
Poor .422 .12 1 12.163 I .000 1.524 

Med ium .374 .124 9. 118 I .003 1.453 

Source of drinki ng 16.202 2 .000 .000 12606.422 
water 
protected .349 .112 9.70 1 I .002 1.417 

un protected 
.432 .108 16.098 I .000 1.54 1 

Mother's age 51. 168 2 .000 .000 12574 .831 
15-20 .027 .1 16 .056 I .8 13 1.028 

20-34 -. 529 .092 33 .365 I .000 .589 

sex 
-.296 .076 15.260 I .000 .744 .000 12608.492 

' " 

54 



Tab le 4A: Results of the multivariab le proportional hazards Cox regression model containing 

the variables sign ificant at 20% leve l in the univariable proportional hazards Cox regression 

model 

Covariatesl Factors df Wa ld X= Sig. LR ,( = Sig. 

Breastfeeding 
I 362.489 .000 373.252 .000 

status 
Mother' s age 2 34.729 .000 32.4 12 .000 
15-20 I 6.766 .009 
20-34 I 7.758 .005 • . 
Mother educati on 2 2 1.220 .000 28.364 .000 
No education I 20.375 .000 

I primary I 13.971 .000 
Father educat ion 2 5.27 1 .072 5.433 .066 
No education I .000 .999 

! primary I 1.879 . 170 
Birth order 2 5.2 19 .074 5.45 1 .066 
2-4 I 3.202 .074 
>=5 I 5.2 10 .022 
Water 2 8.223 .016 8.599 .0 14 
Protected source I 4.576 .032 
Unprotected source I 8.22 1 .004 
Family size 2 2.757 .252 2.833 .243 
I I 2.642 .104 
4-6 I .905 .341 
sex I 

8.336 .004 8.421 .004 

Res idence 
I . 167 .683 .168 .682 

Wea lth index 2 4.2DI .122 • . 4 .205 . .1 22 
poor I .640 .424 
medium I 2.949 .086 

N. B The val ue of -2 log L for the null mode l IS 12623.946 
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Tab le 5A: Results of the multi variable proportional hazards Cox regression model after 

e liminating the variable Res idence from the mu lt ivariable proportional hazards Cox 

regress ion mode l in Tab le 4A 

Covariatesl Factors df Wa ld X: Sig. LR X: S ig. 

Breastfeed ing 
I 362.300 .000 373. 126 .000 

status 
Mother' s age 2 34.635 .000 32.332 .000 
15-20 I 6.689 .0 10 
20-34 I 7.806 .005 , .. 
Mother educati on 2 22.901 .000 3 1. 796 .000 
No educat ion I 2 1.926 .000 
prim ar~ I 14 .8 16 .000 
Father ed ucati on 2 5.465 .065 5.640 .060 
No ed ucation I .001 .982 

I primary I 1. 879 .170 
Birth order 2 5.223 .073 5.456 .065 
2-4 I 3.202 .074 
>=5 I 5.2 15 .022 

Water 2 8.785 .0 12 9.2 19 .010 
Protected source I 5. 19 1 .023 
Unprotected source I 8.778 .003 
Fami ly size 2 2.749 .253 2.826 .243 
I I 2.635 . 105 
4-6 I .902 .342 
sex 

I 8.766 .003 8.855 .003 

Wea lth index 2 4 .689 .096 4.7 11 .095 
I . 901 .34 1 

' .. 
poor 
med iu m I 3.6 14 .057 

56 

, .. 



Table 5A: Results of the multi variable proportional hazards Cox regression model after 

eliminati ng the variable Residence from the multivariable proportional hazards Cox 

regression model in Tab le 4A 

Covariates! Factors df Wald X' Sig. LRX' Sig. 
Breastfeed ing 
status 

I 362.300 .000 373 .126 .000 

Mother 's age 2 34.635 .000 32.332 .000 
15-20 I 6.689 .010 
20-34 I 7.806 .005 
Mother educat ion 2 22.901 .000 3 1. 796 .000 
No educat ion I 2 1.926 .000 
primary I 14.8 16 .000 
Father educat ion 2 5.465 .065 5.640 .060 
No educati on I .001 .982 
primary I 1.879 . 170 
Birth order 2 5.223 .073 5.456 .065 
2-4 I 3.202 .074 
>=5 I 5.2 15 .022 

Water 2 8.785 .012 9.219 .0 10 
Protected source I 5. 19 1 .023 
Unprotected source I 8.778 .003 
Family size 2 2.749 .253 2.826 .243 
I I 2.635 .105 
4-6 I .902 .342 
sex 

I 8.766 .003 8.855 .003 

Wea lth index 2 4 .689 .096 4.711 .095 
poor I .907 .341 
med ium I 3.6 14 .057 

, .. 
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Table 6A: Results of the multi variabl e proportiona l hazard s Cox regress ion model after 

e liminating the variable Fam il y s ize from the multivariab le proportional hazards Cox 

regress ion mode l in Table 5A 

Covari atesl Factors df Wald X= Sig. LR X= Sig. 

Breastfeed ing 
I 362.692 .000 373 .536 .000 

statu s 
Mother ' s age 2 34.0 12 .000 3 1. 820 .000 
15-20 I 6.246 .0 12 
20-34 I 8.050 .005 
Mother education 2 24.023 .000 33 .760 .000 
No education I 23.022 .000 

I primary I 15.582 .000 

Father educat ion 2 5.485 .064 "5.659 .059 
No education I .001 .970 
primary I 2.025 .155 
Birth order 2 14.070 .00 1 14.9 11 .001 
2-4 I 5.933 .0 15 
>=5 I 13.548 .000 
Water 2 8.729 .013 9.162 .0 10 
Protected source I 5.175 .023 
Unprotected source I 8.722 .003 
sex 

I 8.892 .003 8.984 .003 

Wealt h index 2 4.559 .102 4.577 . 10 1 
Poor I .840 .359 
Medi um I 3.473 .062 

, .. 
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Table 7 A: Results of the multivariab le proportional hazards Cox regression model after 

e liminating the variable wea lth index fro m the mu lti variable proportional hazards Cox 

regression model in Table 6A 

Covari atesl Factors df Wa ldX ' Sig. LRX' Sig. 

Breastfeeding 
status 

I 359.527 .000 370.322 .000 

Mother 's age 2 33.987 .000 3 1.789 .000 
15-20 I 6.291 .012 
20-34 1 8.046 .005 
Mother education 2 25 .558 .000 36.448 .000 
No education 1 24.538 .000 
primary 1 16.704 .000 
Father educat ion 2 4.903 .086 5.061 .080 
No education 1 .049 .825 
primary 1 1.294 .255 
Birth order 2 14.2 fD .00 1 ,, 15,0 17 · .001 
2-4 1 5.725 .0 17 
>=5 1 13.574 .000 
Water 2 11.315 .003 12.079 ,002 
Protected sou rce 1 7.348 ,007 
unprotected source 1 11.163 .00 1 
sex 

1 8,653 .003 8.74 1 .003 

' " 
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Tab le 8A: Results of the mu ltivariab le proport ional hazards Cox regress ion model after 

e lim inat ing the variable Fathedu from the mu lti variable proport ional hazards Cox regress ion . ''"-
model in Table 7 A. 

Covariates! Factors df Wa ldX' Sig. LR X' Sig. 

Breastfeeding 
I 36 1.239 .000 372.053 .000 

status 
Mother' s age 2 34.541 .000 32 .443 .000 
15-20 1 5.538 .01 9 
20-34 I 9.357 .002 
Mother educati on 2 28.845 .000 40.960 .000 
No education I 25.579 .000 

I primary I 15 .537 .000 
Birth order 2 14.477 .001 15.299 .000 
2-4 I 5.783 .01 6 
>=5 1 13.807 .000 
Water 2 12.332 .002 13. 194 .001 
Protected source I 7.584 .006 
unprotected source I 12.233 .000 
sex . .. 

I 8.420 .004 8.505 .004 

... 
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Tab le 9A: Percentage changes in the coefficients of the vari ab les inc luded in Table 8A, when 

the variables those were not s ignifi cant in the univariable and multivariab le proportional 

hazards Cox regression model are added one at a lime 

Marital I r Wealth Father 
Covari alesl Factors Residence 

Family 
status I s ize index education 

Breastfeeding status 
0.31 -0.16 0.04 -0.48 0.21 

Mother's age 
15-20 0.37 -1.7 1 -3 .39 -0.05 -6.82 
20-34 0.57 0.78 1.04 -0.17 7. 16 
Mother education 
No educat ion -3.08 4 .99 1.74 4 .07 0.75 
primary -3.02 4.32 2.1 4 3.70 -3.86 
Birth order 
2-4 -0.68 -0.34 16.12 -1.68 0.34 
>=5 0.22 I 0 18.89 0 0.89 
Water 
Protected source -2.79 14. 18 -0.63 17.83 0.64 
unprotected source -1.80 8.52 -0 .78 12 .68 3.24 
sex 

1.93 4 .65 0.66 -0.72 -1.42 

I . " 
Table lOA: Va lues of Wald stati stic and correspondin g p-values of possible interacti on term s, 

added one at a time, to the main effects variab les inc luded in the model in Tab le 8A. 

Interact ion between Covariatesl Factors DF Wald P-value 
Breastfeeding status Mother' s age 2 3.555 .169 

Mother Education 2 1.768 .41 3 

Birth order 2 2.805 .246 

Source of drinking water 2 2.775 .250 

Sex 1 .590 .442 

Mother' s age Mother Ed ucat ion 4 2.3 13 .678 
Birth order 4 9.323 .053 

Source of drinking wate r 4 7.093 .131 

sex 2 4.738 .094 

Mother Educat ion Birth order 4 1.505 .826 
Source of drinking water 4 7.884 .096 
Sex 2 4.053 .132 

Birth order Source of drinking water 4 1.11 4 .892 
Sex 2 .735 .692 

Source of drink ing Sex 2 1.858 .395 
water 

60 



Table II A: The five highest differences of the parameter estimates of the variables included 

in the model in Tab le 8A when the data value for each infant is deleted from the model 

Covariate / factor 
Deleted 

"'j(,,'=Pj -hi) I'" JW=Pj - pj(;)J observation (i) 
Breastfeed ing status 699 0.0045 0.0045 
(No) 704 0.00442 0.00442 

701 ... 0.0044 1 0.0044 1 
20 0.0044 0.0044 

706 0.00426 0.00426 
Mother's agee 15-20) 485 -0.008 11 0.00811 

33 -0.008 11 0.00811 
299 -0.00808 0.00808 
29 0.0079 0.0079 

419 -0.0079 0.0079 
Mother's age(20-34) 5655 0.00742 0.00742 

768 0.00732 0.00732 
3903 0.00663 0.00663 
7100 0.0066 0.0066 
817 0.00655 0.00655 

Mother Educati on 2593 0.06967 0.06967 
(no education) 1980 0.0693 0.0693 

2464 0.06856 0.06856 
5050 0.06634 0.06634 
1796 0.0660 1 0.06601 

Mother Education 144 1 0.06866 0.06866 
(primary) 5706 0.06864 0.06864 

4274 0.06767 0.06767 
434 ." 0.06611 0.06611 
2053 0.0656 0.0656 

Birth order (2-4) 4215 0.0 1154 0.0 1154 
2 187 0.0 1148 0.01148 
2046 0.0 1142 0.0 1142 
1554 0.0 11 39 0.0 1139 
3 109 0.0 1139 0.0 11 39 

Bi rth order(>=5) 5780 0.0 11 55 0.0 11 55 
7041 0.01 148 0.01148 
11 54 0.01 143 0.01143 
5329 0.0 11 38 0.0 11 38 
1554 0.0 11 36 0.01 136 

Source of drinking 4215 0.0098 1 0.00981 
water 2187 0.00965 0.00965 
(protected source) 2046 0.0096 1 0.00961 

3226 0.00958 0.00958 
2269 0.00958 0.00958 

Source of drinking 4385 0.00948 0.00948 
water 1643 0.00935 0.00935 
(unprotected source) 3074 0.00935 0.00935 ... 
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3546 0 .00931 0.00931 

4581 0 .00929 0.00929 

Sex(female) 3784 0 .00416 0.00416 

556 0.00411 0.0041 1 
6826 0.0038 1 0.00381 
4908 0.0038 0.0038 
3446 0 .00377 0.00377 

... 
Table 12A: Categori ca l Variable Cod ing 

Frequency ( I) (2) 

Mother education O- No education 5457 I 0 
I=Primary 1179 0 I 
2=Secondary & Higher 482 0 0 

Source of Water O=pipe 1560 0 0 
I =protected so urce 25 16 I 0 
2=unprotected source 3042 0 I 

Breast feed ing status O=No 199 1 I 
I=Yes 5127 0 

sex O=Female 3466 I 
I=Male 3652 0 

Mother age 0= 15-20 926 I 0 
1=20-34 4987 0 I 
2=>=35 1205 0 0 

Birth order 0= 1 1198 0 0 
1=2-4 3 160 I 0 
2=>=5 , . .. 2760 0 I 
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Figures IA: Plots of Kaplan-Meier survivor funct ions, based on diffe rent factors 
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Kaplan-Meier surviva l estimates, by Sex 
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the mode l in Table SA for the covariate breast status, 
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Figure 4A: Plots of the Sca led Schoenfe ld res idua ls and the ir lowess smooth obtained from 

the model in Tab le SA for the covariate mother age, . " 
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The line that passes through zero is a reference line. 

Figure SA: Plots of the Sca led Schoenfe ld res idua ls and their lowess smooth obta ined fro m 

the mode l in Ta ble 8A for the covar iate mother education. 

2.00000 

I 
;; 1 . 00000 

:: 

- 1 . 00000 

-2. 00000 

• 
o 0 . 20000 0 . 40000 

The line that passes through zero is a reference line. 

o o 

0 . 60000 

I 09...-t ; ...... 

• 

8 

a 

o 
o 

O . BOOOO 

gog ! 

1 . 00000 

Figure 6A: plot of the Sca led Schoenfe ld residua ls and their lowess smooth obtained from the 

model in Table 8A fo r the covariate birth order. 
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Figure 7 A: Plots of the Sca led Schoenfe ld residuals and their lowess smooth obta ined fro m 

the model in Tab le 8A for the covari ate water. 
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Figure 8A: Plots of the Sca led Schoenfe ld res iduals and their lowess smooth obta ined from 

the model in Table 8A for the covari ate sex. 
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Figure 9A: Plots of the score residuals computed from the mode l in Table 8A for ungrouped 
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