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ABSTRACT 

In this study the effect o f socioeconomi c, demographic and biologica l va riables on infant 

survival is in vestigated using data li'om "'fhe .limma in f~\I1 t survival differential longitudinal 

stud y"' conducted in 46 urban and 64 ru ral ' kebe les' in South-West Ethi op ia during September 

1992 and October 1994. The study uses 7,851 singleton and 89 twin infants. Matched pair 

analysis is used to assess the survival exper ience between twins, and parametr ic regression 

model is used to ,examine th e association between infant mortality and socioeconomic, 

demographic and bio logica l va riables. Data analyses wcre made using STATA 10 and SI'SS 16. 

The result of the matehcd pair analysis showed that , thc hazard ratcs for thc lirst and the 

second born twins are different at 5% leve l of significance. The Kaplan-Meier survi val 

estimate far the first born twi ns is 0.7143 (95% CI: 0.6069 to 0.7971) and ror the second born 
I 

twins is 0.5634 (95% CI: 0.4523 to 0.6604). 

In regard to the survival of singleton in fants , the result of Kaplan-Meier estimator shows that 

the survival probability is 0.9 12 with standard error or 0.0033. That is, infant mortality rate or 

about 88 deaths per 1000 live births. 

Dirferent parametri c regress ion model s were fitted to select the s ignificant factors afreet ing 

infant mortality in South-West Eth iopia. Almost all the models considered provided good fit 

l'or the data but log-no rma l regression model was round to be the best fit l'or the data. 

Ilased on the result br the final log-normal regression model, in fant mortality was significantly 

(p < 0.05) associated with birth weight , sex of the infant, mother' s educati on, lamily size and 

marita l status and the interaction between ethnie ity and place of res idence. 
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CHAPTER ONE 

INTRODUCTION 

1.lBackground 0/ the study and statement a/the problem 

·' Infant"· is derived I"rom the Latin wo rd " inl"ans'· meaning unable to speak. Thus, man y deline 

infancy as the period I"rom birth to approxi mately one year o r age, whe n language begins to 

fl ouri sh. It is an exc it ing period of ·' firsts··- first smil e, lirst success ful grasp, first ev idence of 
, 

se pa ration anxiety, first wo rd, fi rst step, first sentences and so on. The inl"ant is a dynamic , 

ever-changing be ing who undergoes an orderly and predictable sequence of neurodevelopment 

and phys ical growth . This sequence is influenced continuously by intrinsic and extrinsic forces 

that produce indi vidua l variati on and make each infant deve lopmental path unique. Intrinsic 

influences include the chi ld 's physical charac teri sti cs, state 0 1" wellness or illness, 

temperament. and other genetically determined attributes. Extrins ic in fluences during infancy 

originate primaril y fro m the family, the personal ities ana sty lcOT ca re given y parcnts ana- -----­

siblings. the l"amil Y·5 economic stalUs wi th its impact on resources of timc and money, and the 

cultural mili eu into which the infant is born . , 

The survival of· inlants in the ir first yea r o f life is commonl y viewed as an indicator 0 1" ge nera l 

heal th and we ll bei ng of a popUlation. The infan t mortality rate (IIVI R) defined as the ri sk fo r a 

li ve born child to die before , its lirst birthday is known to be one of" the most sensitive and 

common ly used indicators of the soc ial and economic development of a populat ion (lVIasuy­

Stroobant, 2001). Infant mortality rates arc divided into two periods: neonatal and post­

neonatal. Neonatal morta lity is death occurring in the lirst month o f li fe and is typ ica lly 

associated with event s surrounding the neonatal period and the infant 's delive ry. The highest 

risk fo r infant dea th is in the neonatal per iod. The primary direc t causes o f neonatal death 

worldwide arc prete,.,l1 birth (28 percent) , seve re in fecti ons (26 pe rcent). and asphyx ia (23 

pe rcent). 



Low birth wc ight and matcrnal compl ications in labor contributc s ignificantly to nconatal 

mortality. In addit ion. thcre is a syncrgist ic intcrrclationship bctwccn povcrty and incrcascd 

nconatal dcath. Post-nconata l mortality is dcath occurring bctwecn 28 and 365 days of lile. 

Posl-neonata l dea th s arc associated \;vith environmental, soc ial. and economi c conditions and 

cvents that occur ailcr dclive ry. 

Thc assoc iation betwce n deprivati on and poor surv iva l in infancy was al ready documcntcd 

wi th survey data as ea rl y as 1824 ( Masuy-S troobant, 200 I). The association betwccn socio­

economic fac tors and infant mortality was furthc r rcinforced when improvcmcnts in ove rall 

infant mortality Icve ls ove r time ran pa rall cl with ge neral soc ial and economic developmcnt in 

most industrializcd coun tries during the twentieth ccntu ry. 

Even though death is a biologica l event mainly caused by a specific disease. th e dcmographic 

study of the determ inants o f infant and child mortality wi ll concentratc on thc cu ltura l, 

env ironmcnta l. soc ia l and behaviora l factors , which may influencc thc like lihood of' ill hca lth , 

----7lclrsc'a. al11:f- de,llh in-early-rnf31Tey--R-e"Sem'ciTeslln thc iTis torica l--d-cdine- ohnfant and 'eh·il dl------­

morta lity in Europe have thus iden ti fied retrospect ive ly a widc seri es of determinants wh ich 

are also known to exp la in lhe' present-day situation in high mortality popu lat io ns. Climatic and 

seasonal variations in mortality by diarrhea have shown the importance o f eco logical 

conditions; sign ifica nt spatial correlations bctween regional IMRs and infant feeding practi ces 

we re also abundantly documented; soc ial fac tors as ind icated by the excess mortality of 

illcgit imate inf~lI1ts , or the stri king rural-urban differences obsc rvcd during the indust rialization 

proccss played also an important role in Europcan hi story. Finall y, the high fertility pattcrns we 

havc known did a lso excrt an effect on infant and child surviva l, through shortcned birth 

intcrva ls, f ~lm ily S IZC, ctc. IMR has a strong link to fe rtility and life expcctancy at birth. 

Incrcascd survival of infants and youn g chi ldrcn is gcnerall y accompanicd by a drop in 

fcrtility. 
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In ract , so man y prox imate determinants may be directl y innuenced by a mother' s education to 

rad ica ll y alter chances for ch ild survival. I-Ienee the wea lth of results showing the pos iti vc 

assoc iati on betwee n mother' s educati on and surviva l chances or her children: Caldwe ll ( 1979) 

sta tes that « ... the most important finding at th e indi vidual leve l was the extraordinary 

stability o r the relati onship between materna l education and child survi val across the dilfe rent 

continents and across enormous difre rences in socicta l leve ls or cdueatio n and mortality )), and 

those lindings hold true even after contro lli ng lo r other soc io-economic va riab les. 

[ach yea r lo ur milli",n babies die wo rl dwide in the first fou r weeks or lire . Ninety- nine pcrcent 

of th ose dea ths occur in low- and middle- income countries. According to the Lancet Neonatal 

Surviva l Steer ing Team in 2005, wo rld wide neonatal mortality cannot be red uced substanti ally 

without locusing on Afri can countr ies (Lawn et ai, 2005). The socioeconom ic status of 

develop ing countri es adve rse ly affects maternal-child health because it limits access to 

ad eq uate nutrition, qual ity he
1
alth care, medications, sa re "vater, adequate sanitation, and other 

basic socia l se rvices. The factors assoc iated with high infant morta li ty rates transcend national 

boundari cs, making infant mortality a crit ical global hea lth problem . 

Histori cal ly, perinatal dea th rates (perinatal deaths include pregnancy losses o f at least seven 

months' gestat ion (stillbirths) and deaths to li ve births within the lirst seven days or lire (ca rl l' 

neonatal deaths)) and morbidity have been hi gher in twin pregnancies than in singleton births. 

Asefa and Tcssema ( 1997) in their study reported that infant mortality of 446.8 per 1000 , 
among mu ltiple-births, in South -West Ethiopia, is ove r four lo lds compared to singletons. This 

is a vc ry hi gh dca th toll and a matter 01' seri ous concern. Moreove r, the second twin has been 

rega rd ed as having a hi gher risk 01' a poor outcome . Wh il c the fi rst-born twin is less likely to 

ex peri ence neonatal and perinatal complications and most likely to be heavier than the a ller 

coming twin (the second-bol,/, tw in). Birth order clTeet is more extreme when thc first-born 

twin weighs less than the second-born twin (i-lac king et ai , 200 I). The effect or birth order was 

marked eve n whcn other factors were controlled, such as birth weight, infant sex, presentation 

and mode or deli ve ry (i lack ing et ai , 200 I). 
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Po ve rty is onc of the most important lactors affect ing the infant mortality rate in Africa. 

Ethi opia is onc o f the poor Afri can countries with, according to UN ICE F (2009) report, a 

Gross Na ti ona l Incqme per capita of abou t $220 in 2007. Ethi op ia has a co rrespond ingly high 

infan t mortality ratc. esti mated l'o r 1991 at 130 death perl 000 live birth (World 13ank. 1993). 

According to UN ICEF (2009) report the cs timated infant mortality rate was 122 dcaths pe r 

1000 live births in 1990 and 75 deaths per 1000 li ve births in 2007 . Data from the 2005 ED II S 

of Ethiopia show that infa nt mortality has dec lined by 19 percent ove r the IS-year period 
I 

preceding the survey li·om 95 deaths per 1,000 live bi rths to 77 . Under-five mortality has gone 

down by 25 percent from 165 deaths per 1,000 li vc births to 123. The co rresponding dec lines 

in nconatal and postneonatal mortality over the IS-year pe ri od are 15 percent and 22 percent, 

respecti ve ly. It is not surpri sing that there are vari ous est imates of infant morta lity in a country 

where there is no vita l evcnt s registrati on. The var iat ion mainly emanates from methodologica l 

difference in the study. According to the 1994 national census of Ethiopia, the country level 

est imated infant mortality rate was 116 deaths perlOOO li ve births. In south-west Ethiopia , the 

estimates arc 153 deaths perlOOO live births for Kefecho Shekacho, 120 deaths perlOOO li ve 

b irrl~I'o r 1-IIUDabb9r ano- l-zlicleaths perr-OOO- I-ive l5ir(l~ro r Jimma zones and- 93c:learhs 

perlOOO li ve births for J imma town (CSA, 1996). Shamcbo et al (1993) in a cascs-re fercnt 

study at ninc rural and one urban kebe les, reported an inl ~1I1t mortality rate of 136 deaths 

perlOOO livc bi rths. Ascl~l and Tessema ( 1997) in an epidemiological survey based on onc-year 

birth cohort presented an overall infant morta li ty rate of 105.8 deaths perl 000 li ve births; the 

morta lity rate was calculated using life table estimate. All the above findings show high infant 

mo rtali ty rates in Ethi opia. 

A study based on sixty less de ve loped countries li·Dln UN statist ica l yearbook sho wed that 

good nutr ition and the presence of in fo rmall y trained health ca re personnel are more 

significantly re lated to low rates of infan t mo rta li ty (Jayaehandran and Jarvis, 1988). Child 

hea lth rcsearchers agree that the cause of infant morta lity in deve loping countri es is multi­

f~l eto ri al. The baby 's surviva l depends on th e interacti on of socio-economi c, biolog ical , 

behaviora l and envi'ronmenta l factors. Hence to understand in fa nt surv iva l one has to see the 
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relation s and interacti ons among the different SOClo-cconom lc. biological. bchavioral and 

environmental \",cbs. 

Unders tanding the epidemiolog ica l proli le or infant death and the capabi lities or hea lth systems 

in dea li ng wi th chil dhood hea lth problems is essential berore appropriate public hea lth 

interventions can be de ve loped and implemented. Development or these interventions al so 

requires an understandi ng and iden tilieation or the de terminants o j' inra nt Illo rta lity. In orde r to 

understand and priori ti ze th ese determinant factors, there is a need to specify an appropriate 

model and method of" analys is. Most orten Cox proportiona l hazards regress ion model IS 

employed in su rvivfd data anal ys is as it requi res less stringent ass umpt ions as compared to 

fully parametri c regress ion surviva l ana lys is model s. I lowever, the most im portant assum pti on 

to be checked with regard to Cox- reg ress ion mode l is the assumption o r proporti onal hazards. 

I I' one o r the independent variab le violates th is ass um ption we need to look ror another 

approach such as stratilicat ion or using parametric regress ion model to stud y survi vo rship. 

___ ---'''JJ.us.-the llYIpose o f" th is stud' is to identif)' determi nants o f inrantmortality that would help in 

planning and implement ing interventions to its reductio n us ing pa rame tri c regress ion model. 

1.2 Objectives of the study 

Genera l objective 

The general objecti ve orthis study is to assess the socio-economic, demographic and biolog ica l 

rac tors tha t determine thc survival orinrants in South-West Eth iopia. 
I 

Specifi c ohj ectives 

The spec ilic objcct ives or this study are 

)... To assess the extent or di frere nce in surviva l experiencc between twins. 

>- To study the distr ibution o f surviva l times of singleton infi1l1 ts. 

>- To investigate factors that dete rmines the survival orinrants in South-West Ethiopia. 
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1.3 Application ofresults 

:.. Si nce the study has in vo lvcd a largc sample size and vari ed ethnic groups in South -West 

Eth iopia , and samples from both urban and rura l sellings , and wider geographica l areas, thc 

findings will contri bute to improve child ca re and hea lth in the part ofth c country were the 
I 

study was undcrtakcn. 

:.. The resu lt of thi s study prov ides in fo rmatio n to government and other concerncd bodies in 

setting policies. stratcgies, and further investi gation lo r reducing infantmonality. 

I 
1.4 Limitations of the study 

• The pri ncipal limitation of th e study is that the number of deaths on which inference is 

based is ve ry smail relative to the censored observations. 

• Also, an additional problem is that due to missing va lues related to dead infants, the 

ana lysis is based on smalier set of data for which complete info rmation on surviva l 

times arc avai lable. 
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CHAPTER TWO 

LITERATURE REVIEW 

Each yea r, about 7.5 million babies bo rn in Sub-Saharan Afri ca , As ia, I~atin Ame ri ca , the 

Middle I~ast and North Afri ca die before their fi rst birthday. On average, 6 1 babies out of 

1,000 li ve births di e in deve lop ing countri es, compared with e ight deaths per 1,000 in 

deve loped countri es befo re their first birthday; in some deve lop ing countries, the rates arc 

mueh hi gher than the average. For exam ple, in Sub-Saharan Africa, the wo rl d's poorest reg ion, 

more than one in I 0 inl~l11t s di e be fore age one in Benin , 13urk ina I.'aso , Central Afri can 

Republic , Chad, Ethiopia , Gu inea, Mala wi, Ma li , Mozambique, Niger, Tanzania and Zam bi a. 

Per cap ita incomc is bclow $2,000 in all of these countries; in many, it is $500- 900. In 

countri es whe re per,capita income is hi gher, infant mortality ratcs arc substan tially lower. High 

infant mortali ty is , therefore, clearly a func ti on of poverty. Poverty creates condit ions, for 

example, lack of clean water, poor sa ni tat ion, ma lnutrit ion , endemic infecti ons, poor or 

---"'n"o 1"'1 c"<x"j<'1st·CTrr""p rtTmrry-llc1rlrlo cat c sc t v in-sam:l- Iuw-Ic"VC"lsors [rend iTrg""Dlr ITCll ltlr-c'aTc;-i'lT""\vITrcl ~I -----­

babics who arc not robust at birth do not rece ive the heal th care they need to overcome their 

vulncrabi li ty (AGI , 2002). 

Per inatal and neonata l deaths are the most significant contri butors to in!"ant ' s mortality and 

reduced life expectancy. Perinatal mortality in the developed world indi cates a rate of 10 per 

1000 stil l births and li ve births or less, while in deve lop ing countries perinatal mortality range 

from 35 per 1000 still births and live births to 100 per 1000 sti ll births and live births 

(Kulmala , 2000). In Ethiopia perinatal mortality has declined I'rom 52 per 1000 still births and 

li ve bi rths in 2000 to 32 pe r 1000 still births and li ve births in 2005 (EDIIS , 2005). , 

7 



Many litcraturcs reponed that, thc second twin has bccn rega rded as having a highcr ri sk or a 

poor outcomcs compared with the first-born twi n. Birth order effect is more ex treme when the 

second-bo rn twin is heavier than thc fi rst-born twin wh ich is a rare case (I-lacking et al. 200 I). 

A study in Canada revea led that the second twin was at signifi cantl y grea ter risk or compos ite 

adverse outcome than the first twin. Second twins we re more like ly to experience perinatal 

adve rse outcomes than first born co-twins, whether de li vered at 37 weeks or more , 34- 36 

wceks, or less than 34 weeks of gestati on. The result or thi s study con firm ed that the second 

twin was more likely to sufrcr adverse perinatal outcome independen t of bi rth weight , infant 

sex, presentati on. or mode of deli ve ry (odds ratio rOJrl 3.77, 95'Yo confidence interva l 2.3 1-

6.16) (Anthony ct ai, 2(06). 

I 

Neonatal dea ths (death in thc first month oJ' lifc) arc genc rally assoc iated with c lements li nked 

to maternal care during pregnancy and deli ve ry whil e soc io-environmental factors become 

more important dete rminants of infant surviva l du ring the post-nco nata l period. It is csti mated 

that neonatal deaths can account lor nearly S-O-O(jl>ToOTilll iilTant deaths 111 deve loping countries. 

Fifty percent of in fant deaths in Ethiopia occur duri ng the first month of life (CDJ-IS, 2005). 

Low soe io economic status reflected by lack or cducation, low utilization of hea lth scrvices 

and poor env ironmcnta l sanitation leads to poor pregnancy ou tcomes (stillbi rth , low bi rth 

we ight, earl y and late nconatalmorta lit ies) (Karsten, 2002). 

A stud y based on the 2003 Kcn yan DHS by I-li sham and Clifford (2008) showed th at fa r th e 

post-neonatal mortality, the signifi cant factors arc maternal educat ion, prov ince, clhnicity, and 

age at lirst binh, sex of thc ch ild and breastfeed ing status. In rural areas, the signifi cant 

predictors of post-neonatal mortality are ethnicity, breastfeed ing status, birth order, birth 

interval and mother' s educational level. In the urban areas, survi va l of the child is dctermined 

by maternal awarcncss of ch ild earc and Icvel of education. The most important dete rm inants 

of infant mortal ity are breast feed ing status followed by ethnicity, then fertility factors (birth 

order and intervals) and the least is the gende r of the child . Once the ch il d has survived the first 
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month, cthni ci ty beeomcs the most important determinant of mortality in both urban and rural 

sell ings. then, lo llowcd in sequence by brcast feeding status, gcnder of the child , fertili ty 

factors. and thc le<lst signifi can t ones arc th e mother' s occupatio n and her highest le ve l of 

educa ti on. Thc efTcct of ethnicity on infant mortality cou ld be ex plained by the socioeconomic 

inequa lity between th e cthn ie groups. In general. this study showed that biolog ical and 

demographic variab les arc more important determinants of infant and post neonatal mortality. 

Gencrall y group differences in mortality have been explained by soc ial cha racteristics 

hypothesis. Thi s hy pothes is emphas izes di fferenccs in soc io-cconomic and dcmographic 

charactcri sti cs as the main cause o f obse rvcd differenccs in mortality. The basic assumption is 

that irrcspecti vc of ethnic background, pcople who possess the samc soc io-cconom ic and 

dcmographic cha ractcri stics should ha vc similar mortality cxperiences. /\ study in India 

indicates th at ethnicity pCI' sc docs not have an effect on infant surviva l. Ethnic difTerences in 

i nf~lI1t mortality mcrely reflect soc io-economic and houschold environmcntal dilTc rcnccs 

W' 'n thc membcrs of the cthnic grou s .latran 2002 . 
1 -

Ch ildhood mortality in gencral and infant mortality in particular arc often used as broad 

indicato rs of soc ial dcvelopment or as specific indica tors of hca lth status. This is because more 

than any other age-group o~ a populat ion, infant 's survival depends on th e soc ioeconomic 

conditions of their env ironment (Mad ise, 2003). I-Ienee its desc ription is very vita l for 

evaluation and plann ing of the pub li c hea lth strateg ies. One of the most important items in th e 

Millennium Development Goa ls (MDG) is to reduce infant and child mortality by two-thirds 

between 1990 and 201 5 (UN leEr, 2006). 

In order to ach ieve thi s goa l. efforts arc concentrated at ident ifying cost efTect ivc st rategies as 

many international agencies ha ve ad vocated for more resources to be dirccted to the health 

sector. One way bf doing thi s is to identify and rank-o rder th e importance of the 

soc iocconomic and other factors that affect infant mortality. Thi s wi ll he lp in prioriti zi ng th e 
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factors that nccd to be manip ulated for elfective health interventions in th e face of competing 

sca rce resources. 

Universa ll y. thcre is huge literature that foc used on the determinants of infant and child 

mortality. Most 01' the studies ha ve shown significant assoc iation between socioeconomic and 

other factors and infa nt-child mortality. Socioeconomic (lor example, Ca ldwell , 1979, Hisham 

and Clina rd. 2008), dcmograph ie (./all·an , 2002), biolog ical (for example. Forste, 1994) or 

environmelllal 1;lctors (fo r examp le, MUlunga , 2004) through making usc of surveyor censuses 

data. 

In Ethiopian context studies about infant mortality have been conducted S1l1ce the 1970s. 

Data I"rom the 2005 Ethiop ian DI IS show neonatal mortality rate of 39 pe r 1,000 live births. 

Thi s rate is sim ilar to post-neonatal deaths (3 8 per 1,000 live births) during the same per iod; 

that is, the ri sk of dy ing for an y Ethiop ian ch il d who survived the first month of li fe is the same 
----

as in the remaining II months of the first yea r of life. Thus 50 pe reelll of infant deaths in 

Ethiopia occur dur ing the first month of li re, a sim il ar pallern was observed in the 2000 EDI IS. 

The in falll mortality rate in the fi ve years preceding the survey is 77 deaths per 1,000 live 

births and under- li ve mortality is 123 deaths per 1,000 li ve births for the same period. Thi s 

means that one in every thi rteen Ethiop ian children dies before reaching age onc , whil e one in 

eve ry e ight docs not survive to the lifth birthday. 

A hosp ital-based 10010w up study cstimated a neonatal mortality of 7 1.8 deaths perlOOO live 

birth in Addis Aba ba. which was more th an 60% of the infant mortali ty rate (Sa hle Mar iam 

and Bcrhane. 1997) . Prev ious studies in i3utaj ira ( 199 1-92) lo und that parental 1;le tors, 

including paternal educa ti on. urban res idence, and child feed ing practices, lack of' san itation 

and pipc water were re lated to under-five morta lity where the e ffect was stronger in infants 
. I 

compared to ch Ildren 1-4 years (S hamebo et ai, 1994). 
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Infant and ch il d surviva l is innuenccd by the soc ioeconomic cha ractcristics of mothers. Based 

on EDII S (2005) in Et hiopi a morta li ty in urban areas is consistentl y lower tha n in rural arcas. 

F'o r example. infan t mortality in urban areas is 66 deaths per 1.000 live births compared with 

81 dealhs per 1,000 li vc births in rural areas. The urban- ru ral dirlcrence is evcn more 

pronounccd in the case o f chi ld mortality. Wide reg ional differential s in inlant and under-five 

mortality arc obsc r'icd. For exat11ple, Linder-five t110rtality ranges from a low of 72 per 1,000 

live bi rths in Add is Ababa to a high of 157 per 1,000 live births in l3cnishangu l-Gut11uL 

Under-live t110rtali ty is al so relatively highe r in At11hara and Gambe la . As expected, mother's 

cdueation is inve rse ly related to a chi ld's ri sk of dy ing. Unde r-five mortality among ch ildren 

born to mothcrs with no cducation (139 per 1,000 live births) is marc than twice that of 

ch il dren born to mothers with secondary and hi gher level of educati on (54 per 1,000 live 

births). The beneficial effect of educating t110thers is obvious fo r all childhood mortality rates . 

Regarding the assoc iat ion between socioeconomiC status and infanl and child mortalily, 

---Caldwell (J.97SLj [ep.orted on Ihe eJ:kJ tler 's education on reducin child mortal it ' . He 

put up a theo ry that mothe r's educat ion wo rks through changing feeding and care practices, 

Icading to belle r hea lt h seeking behavior and by changing the traditional familial re lat ionships. 

In supporting Caldwell"s ex planati on, I-Iobcraft ( 1993) explained that education can contribute 

10 child survival by't11aking wot11en more likely to marry and enter motherhood laler and have 

fewer children. utilizc prenatal care and it11mun ize Iheir ch il dre n. Howcver, some studies 

showed a contra ry conclus ion that the effec t of maternal education on child su rvival is weakcr 

in sub-Saharan A I·ri ca. 

A Tanzanian study had sh"'wn lack of infant and child t110rtality differentia ls by such 

socioeconomic factors as matern al educati on, partner's educati on, urbanlrural residence, and 

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

than 2 yea rs), teenage pregnancies « 20 yea rs) and previous child death we re all significant ly 

associated with increased infant and child mortality. There is lac k of in fa nt-child t11 0rtality 

differential s by cconomic status (wea lth index), ethni ci ty and sex o f the chil d. (Mturi and 

Curtis, 1995). However, in Kenya I-lill et al (2001) has reported an inverse relationsh ip 
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between mother ' s dducational leve l and econom ic sta tus (wealth index) and child mortality. 

While for the rclationship between urbanlrural residence and child mortality, urban areas 

showed hi gher mortality ri sks than rural. but when adj usted fo r I-IIY prevalence, child 

mortality was lower in urban areas. Adjusting fo r a number or soc ioeconomic ractors MUlunga 

(2004) fo und tha t ch ild surv iva l was f'o und belle I' f'o r those who were of birth order 2-3, bi rth , 
in terval more than 2 years, not outcomes o f' mu lti ple births, li vi ng in wealthier household s, had 

an access to dr inking water and sanita tion faci lit ies. But maternal age, maternal education and 

gender of the child had no significant association wi th chi ld morta lity. 

Other studies on dete rminants of in fa nt and child morta lity had supported the significant cfTect 

of' some biological and demographic predictors on the phenomenon (I'o rste, 1994). Regardi ng 

the mo rtality diffe rentials by gende r, males had 50% higher IMR compared to females 

(I lis ham and C lirr~rd, 2008) . According to Department of Health, South Australia, infant 

morta lity ra tes arc higher in males than females ('o r almost all leading causes in A ustrali a in th e 

___ "'I )",- --,-v-"cO'-a,'-.· period 1982 to 1996. inf~lI1t mortal ity of ma les was abo ut 27% higher tban fcma les'-_____ _ 

(OI-ISA. 2006). Ascf~1 and Tessema ( 1997) showed tha t infant mortality rate was higher f'o r 

males 103.7 per 1000 live births compared with females 86.6 per 1000 live birth s 1'01' 

si nglctons and 477.8 per 1000 live births 1'01' males compared with 417.9 per 1000 live births 

for femalcs in the case of mu lti ple births. Ma le children in general experience highcr mortal ity 

th an fema le ehildrcn. The gende r difTcrence is espcc iall y pronounced for infant mortali ty, 

where I in II boys dies bef'ore hi s fi rst birthday, compared with I in 14 girl s in Ethiopia 

(ED I-IS,2005). 

Sahil e Ma ri am and Berhane (1997) studied neonata l mortality rate of 1334 singleton neonates 

born at three Add is Ababa hospitals prospecti ve ly followed during the neonata l period. They 

found that the neomltal mortality rate to be 7 1.8 deaths per 1000 live births, with ear ly and late 

neonatal mortal it y ratcs of 50.9 and 20.9 per 1000 live births respec ti ve ly. The main risk 

factors f'or perinata l mortal ity were being low birth weight and prematuri ty. 
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A child's birth weight or size at bilth is an important indicato r 01' the child's vulnerability to 

the ri sk of child hood illnesses and the chances of survival. Childre n whose birth weight is less 

than 2.5 kg arc cons idered to have a higher than average ri sk of ea rl y childhood death. 

UN ICEF ( 1999) est il11ates that at the globa l leve l about 17% of infants arc born with birth 

we ight less than 2,500 grams. The prevalence of low birth weight is not unifo rm throughou t 

the wo rld: in low incol11e countri es frolll abou t 10-30'1., as com pared to de ve loped countri es 4-

10%. The prevalence of low-bi rth weight al110 ng infants in Ethiopia was 20 percent I'rom 2000 

to 2007 (UN ICIT, 2009). According to the 2005 Ethi opian DI-I S the percentage of low birth 

we ight babies has ilkreased in the past li ve yea rs from 8 pe rcent in 2000 to 14 percent in 2005. 

13irth weight is lowcr among children born to olde r women (age at birth greate r th an 35 yea rs) 

and ch ildren o f wo men with no ed ucation. The birth weight of a child also va ries by mother's 

place of residence. Twenty-three pe rcent of births in ru ral areas compared with 10 percent in 

urban areas have a repo rted birth weight less than 2.5 kg in I-·:thiop ia (EDH S, 2005). l3irth 
I 

we ight is dete rmined also by duration of gestat ional age and intrauterine growth rate. Low 

birth we ight is cons idered as one of the determ inants of perinatal and neo natal mortality. 

___ ..IN,,,e,,,o.!1IMJaLaI ill ness in eneral close I related to low birth we i ht. low birth wei ht bab ies also 

tend to ha ve hi gher morta liti es (K ulmala, 2000). 

Materna l factors are known to in fl uence the we ight of the new born baby. Among the fac tors 

are: pa rity. birth in terva l, nutriti onal status as re fl ected by pre pregnancy we ight, we ight for 

hei ght and weig ht fa in , health status of the mother indicated as the presence of anemia, 

antenata l infect ions or complication of pregnancy and behaviora l conditions like antenatal 

attendance and phys ica l cond iti ons du ring pregnancy (Ku lmala. 2000). Maternal nutritional 

status is probably the most important determinant of the birth we ight and the probability of 

neonatal surviva l. Mu lti gravidity (multip le pregnancy) and parity al so affects the nutritional 

status of the mother. I I' a wonnan cannot recover full y from the effect of her last pregnancy and 

period of breast I'eeding before becoming pregnant again, her nutritional status might be 

expected to deteriorate with each successive pregna ncy, wh ich is ca lled "Maternal Depress ion 

Synd rome". Thi s cond ition increases the risk of premature birth and low birth we ight babies 

with lower chance o f survival (Ku lmala, 2000, Karsten, 2002). 
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CHAPTER THREE 

DATA AND METHODOLOGY 

3.1 Source a/Data 

The data for thi s study arc taken from "The .Iimma infant surviva l difTerential longitudinal 

study" conductcd in 46 urban' and 64 ru ra l ' kebe les ' , wi th an estimated population of' 300,200, 

at the time of the study, in the ad min istrati ve zones of Ji mma, Illubabbor, and Kerfeeho, South­

West Ethiopia du ring September 1992 and October 1994, The a ltitude o f the study areas ran ges 

from 1500m to just be low 2000m, The sample invol ved a one-year birth cohort of 8,273 

infants and their famili es , There were a total o rs , 16 1 births of which 8,050 singletons and III 

multiple births ( 110 sets o f twins and one set of tri plet), Howeve r, due to miss ing values in thi s 

study we cons idered 7,85 1 singleton and 89 twin infants, Data were co llected by direct 

interview, observation and anthropometric measurement and dealt with soc ioeconomic, 

enviro nmenta l, biomedica l, behav iora l and nutritional va riab les at birth and on a 5im011lhly 
I 

ro llo\.v- up vi sil. 

Trained enumerators and Tradit ional rlirth Attendants (TrlAs) identify expectant mothe rs in 

their second tr imester by house to house visit s in their respecti ve catchment kebeles , In order to 

identify all li ve births, all the traditiona l birth attendants (TBAs) in the kebeles we re involved 

in the fie ld work, TI3A s are 'women res idents of the kebe le they se rve and by tradition they 

visit and assi st women during pregnancy and de li very, The TBAs had easy access to women in 

the ferti le age group, and we re able to assess their pregnancy status, 

Each TI3A was given responsibility fa r about 300 houses, and went house to house regularl y to 

locate pregnant women in their second trimester. The TBA reported daily in person to the 

enumerator respons ible fa r her kebele, For each three kebeles one high school completed girl 

enumerator was ass igned, The enumerato r regi stered the add ress of the expectant mother. Af'ter 

registrati on both the TI3A and the enumerator monitored the expectant mothe r so as to reach 

her on time soon aft er deli ve ry, For each three or more enumerators one superviso r (mainly 
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nurses) was assigned who checked and support data collect ion. In each kcbele all one year live­

birth cohorts we re recruited fo r the study and fo ll owed for one year from 1992 to 1994. 

3.2 Study Variables 

3.2.1 The response variable 

The re sponse variable used in this study is "infant surviva l time", which is measured as the 

durati on in days starting from the infa nt birth to death (if the event occurred) or from the infant 

birth to the end of the study period or to the date of lost for fo ll ow-up (censo red observations) . 

Due to the nature o f the dependent variable in the regress ion model lor survival data analysis. 

stati stical packages {or estimating thi s mode l requ ire that the data on the dependent variable be 

composed of two parts: a dummy variable indicating whether or not the even t (infant death) 

occurred during the stud y pe riod; and a va riable giving either the time ol'the event occurring or 

the time o f censoring. In thi s study. for those infants who died during the stud y period. the 

second component of the dependent variable is the number of days fl"Om birth to death. For 

th ose in fa nts who did not di el by the end ofl he stu y or those w 10 were lost to fOllow-up, the~--­

second component o r the dCflendent va riable is the number of days of follow-up. Since there 

arc censo red obse rvations the coding of the first component of the dependent va riabl e, event, is 

such that I indicates uncensored observati on (those who died before celebrating their first birth 

day) and 0 fo r censored observations (those who arc alive at the end of the stud y period or lost 

to fo ll ow-up). 

3.2.2 Explanatory vari ables , 
The exp lanatOl"Y va riables conside red in this study inc lude: socioeconomic, demograp hic and 

biolog ical va riables. The soc ioeconomic va riables include maternal educat ion level , type of 

place or residencc (urban / ru ral) and source of dri nki ng willer. The dcmographic va riables 

used arc age of the mother at birth, ethnieity, religion, fa mi ly size and marita l status. The 

biolog ica l va riab les include Iota I live birth , sex of the child and bi rth we ight or the in fant. 

These arc spec ified and de fined below. 
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Ta b le I. T he ex planato ry va ria bles cons ide red in thi s s tudy 

,-:-:--
Variable Variable description Category 

Med ue Maternal educati onal leve l 0 - " illiterate" 

I = " I - 6 grade" 

2 :::;: <. secondary & above" 

Site I Pl ace of resi dence 0 - " urban" 

I ;:;; " rural .. 

Momage Age of the motile r at b irth 0 ., <20 years" 

I .. 20-34 yea rs" 

I 2= ">=35 years" 

Sex Sex o f the ch ild 0 :::;: <, female" 

I :::;: " mal e" 

Mometh [thn iei ty of the mot her o :::;: ., Oromo" 

1:::;: " Other" 

Mornrcl Mother's re ligion 0 " Chnstlan 

I = " Muslim " 

MstalliS Marital status orthe mother 0 = " Current ly Married" 

I 1 :::;: "Currentl y 11 0 t M arri ed" 

Famsizc Family size 

Il wt Birth we ight ort he inf~lIl l 0= " Weight>- 2,500gm" 

1= ' ·Weig il t<2.500gm" 

Parity Tota l number of live birth 1 :::;: " Primi" 

2 :::::: " 2 - 4" 

3 :::;: " > 4" 

Water Source of dr inking water 0 - " pipe 
.. 

I = " protected wei ll spring" 

2 :::;: " unprotected source" 
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3.3 Methodology 

3.3.1 Survival analysis 

Surviva l anal ys is is conce rn ed with the technique for studying data re lated to time- to-an­

event. Surviva l data arc no! amenable to standard statisti ca l procedures used in data 

analysis . One or the most important differences between the outcome variab les modeled 

via linea r and log isti c regress ion analyses and the time variable in the surviva l data is the 

fact that we may onl y observe the surviva l time partia lly. The va ri ab le time actually 

records two diffe ren t things . f or those subjects who died. it is the outcome va riable of 

intercst, the actua l su rviva l time. However, for subjects who we re alive at the end or the 

study, or for subjects who were lost to foll ow-up, time indicates the length of fo ll ow-up 

(which is a partia l or incomplete obse rvation or survival time). These incomplete 

observations arc referred to as being censored. 
1 

Thc main goa l fo r a sta ti st ical analys is of survival data is to fit a mode l that will yield 

51010gieal iyplaus lblc ana In crpretal51e esti mates of t llCCIT~t\Jr cOvdriatcs--Olr stlrv iva ll----­

time. The fact that somc of our observations of th e outcome va ri able, survival time arc 

incomplcte is a problem for convent ional univariate summary stati stics such as the mean, 

standard dev iatio n, etc. In thi s situation, we must obta in an estimate of the cumulat ive 

di stribution f'unct ion in orde r to obtain va lues of stati stics wh ich summarize the survival 

data. Summary va lues arc at the heart of stat ist ica l analys is. Surv ivor and hazard funct ions 

arc the two funct ions o f centra l inte rest in sllmmariz ing surviva l data (Hosmer and 

Lemcshow, 1998). 

Let T bc a random va ri ab le represen ting survival times and I be the rea li zati on of th e random 

vari able T. The cu mu lat ive di str ibution fun cti on is the proba bi li ty that a subject sc lected at 

random will have a surviva l time less than some stated va lue, I. whi ch is given as: 

I 
nl) = P(T < I) 

And its complement. the survivors hip functio n is given as: 
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I 
S (r) = I'(7 ~ r) = I - F (r) 

The survivor function can therefo re be used to re present the probability of observ ing a survival 

tilll e greater than or eq ual to sO llle stated va lue I, 

As already Illent ioned, the hazard fun cti on is another illlportant analytic too l for the analys is of 

survival tilllc data , The terlll " hazard" is used to descri be the concc pt of th e ri sk of " ra ilure" in 

an interva l afier ti llle I . cond iti onal on the subject hav ing survived to tillle I . That is, th e 

function rcprcsents the instantaneous dea th rate for an individual surviving to ti llle r, Thus, the 

hazard i'u nc li o n .h (~) . is de fi ned as: 

h(r) = lilll JI' ( r "; T ,,; r+l\r!/ ' >/ )} 
\/ - )0 1 AI 

From thi s defini ti on the relationship between the surv ivo r and haza rd i'unction, can be 

expressed as: 

-----h01) 
j (l ) 
S (I) 

- d 
leg-S-t l-)------------­

dl 

where j (l) is the probability density ru nction of T, 

The survival and hazard functions can be esti mated using the Kap lan-M eier method, or Life 

Table method, or Nelson-Aa len me thod as a prelim inary analysis. These methods are non­

parametri c or distribution- rree, since these do not require spec ifi c ass umption to be made about 

the un derl y ing di strlbution o f the surviva l times, When we have a large study whose mortali ty 

experi ence is presented in ca lendar time units (such as quarterl y. semi -annua ll y, etc) the Lif'c 

Table esti mator o f the survivo rship i'u nction may be used, 

Unli ke the Lif'c Table estimator the Kaplan-Meier estimator of the survival ['uncti on is based on 

ind ividual obse rva ti ons and ' it is more prec ise than th e Life Table estimator. In order to 

construct the Ka plan-Me ier est imator, suppose we have n inde pendent observat ions, Denote 

their surv iva l times by I" I" '" , I" and ind icator of censoring by 6,. 6, ' " ,6" ' 

18 



\;\,/hcrc ,5 ~ , 
{

I, event or death 

, 0, censored 

The surviva l data are dcnoted by (I ,(5 ) for i~ I, 2, ,11 
J ' , 

Supposc we ha ve 117 <; 11 failures occurred at dist inct III times. The di stinct ordered fa ilure timcs 

obse rved among the 11 ind ividual s arc/(,), 1(2)" "/(",) , where 117 <; 11, 

The conditiona l probab ility of surviva l at timclu1 , 1'(/uJ , is then est imatcd by: , 

wherc 11, is the number o r individua ls at risk of dying or fa iling at time 1(,) and d, is the 

number or deaths at time It,) ' 

Then the Kaplan-Me ier estimator or the survi va l runct ion at time I, is the product of 

conditional su rvival probabilit ies and de noted as: 

J 

~ () , (11-£1) S "\I I ~ II -' --' . 
'I' ):;' 11/ 

" for conven ience we take S'M (I) = I i r I < 1(,) 

I 

8 ased on ,~w (I) the cumulat ive hazard runeti on is estimated by: 

The va riance or the Kap lan-Meier survival runction estimator is estimated by the ro ll owing 

formula wh ich is es timated based on the de lta method using first order Tay lor se rie s expansion, 

) [ ]' "A A " d 
110"(.'1'1« (/) = s,,\/ (/) 2: ( , ) 

,<1 11 n -d 1'1 - / / / 
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This is rererred to as Gree nwood ' s rOrl11ula ro r esti mating the va ri ance or Kaplan-Meier 

surviva l fUllction es timator. 

The construction or po int wise confidence interva l ror the Kaplan-Meie r survi va l runet ion 

estimator is given in Appendi x 13. 

The variance o r the cum ul ative hazard ru ncti on estimator is esti mated by: 

_ (- )'" d 
Var HK,\/ (/) = ,~, n, (n,~ d, ) . 

Another est imator or the cumulativc hazard Function or interest is, the Ne lson-Aalcn es timato r 

which is given as: 

.. (3.1) 

The co rre sponding survival runetion es timator is given by 

S~ (I) = li,,(') 
.. N,' e . ! 

Afte r obtaining sta ti stics which prov ide a description of the overall surviva l experience. i.e.; 

the survi va l and haza rd runct ions, we usual ly turn our attention to a comparison or the 

survivorship expe ri ence in key subg rou ps in the data. These groups might be defi ned by the 

values ora covariate which arc thought to be related to surviva l times. 

3.3.2 Tests for two or more groups 

, 
When comparing groups o r subjects. it is al ways a good idea to begin with a graphical di splay 

orthe data in each group. In studies or surviva l lime, we plot the Kap lan-Meier est imator orthc 

survivo rship runcti on lo r each or the gro ups. It can be considered as a visua l aid ror 

comparison. In genera l. the pa llcrn or one survivorship function ly ing above another means the 

group defined by the upper Gurve li ved longe r, or had a more ravo rable surviva l ex perience, 
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than the group defined by the lower curve. In other words, at any point in time the proportion 

of subjects estimated to be a li ve is greater for one group (represented by the upper curve) than 

the other (represen ted by the lower curve). 

The goals of comparing survivo rship funct ions in different groups of subjects arc identical to 

those of the two sam ple t-test, th e non-parametr ic rank SUI11 test and the analysis of variance. 

Namel y. we wish to quan tify differcnces between groups through point and interval estimates 
r 

of key measures. Standard stat istical procedures, such as those named above , may be used 

without modificat ion whell th ere arc 110 censored observati ons. Si nce survival data arc 

typically ri ght skewed, we wo uld likely usc rank-based non-parametric tcsts fo llowed by 

estimates and eonlidence in terva ls of medians (and poss ibl y other quantiles) within groups. 

Modifications of these proeeGi urcs arc requ ired when censored observat ions arc prcsent in the 

data (The detai l di scussion is found in Hosmer and Le l11cshow, 1998). 

Here we di scuss on hypothes is tcsts that are based on compar ing the Ne lson-Aa lcn cumulat ive 

hazard rate es timator (the Ka plan-Me ier surv ival fu nction estimator could equal ly be used), 

___ --'obtaineD d.i.r.ectly fi·OITI the data to an eXQceted est imator o f the cumulative haza rd rate, based 

on the assul11ed model unde r the null hypothes is. Rather th an a dircct cOl11parison of thcse two 

ra tes, wc shall exami nc tes ts that look at we ighted differcnees between the observed and 

ex pected hazard rates (The detai I d iscuss ion is found in Klein and Moesehberger, 1997). 

/\ method used in eD mparing haza rd rates of K( K ~ 2) populations, that is, a procedure to test 

the fo ll owing set of hypo theses: 

ffn : h, (I) =h, (1) = .. . =h, (I) , fo r a li i 0; T, versus 

J-l, : al ieast one of the h, (/)'5 is diffe rent for some I 0; T , 

Whcre hI (I) , j = 1,2, .. . , K is the hazard ratc of the /" population at a time I. 

Ou r in fe rence is abo ut the hazard rates fo r all time points less tha n T , wh ich is, typica ll y, the 

longest ti me in the study. The alte rnat ive hypothesis is a global one in that we wish to rej ect 

the null hypothes is if, at least, one of the popu lations differs from the others at some time. 
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Suppose I,,!,, . .. , I" arc the distinct dcath times in the poo led sample. At timel, we 
. I 

observe d events 
" 

[n 
.,,, 

the./ sample out of Y indi vi duals at ri sk, 
'I 

j = 1,2, ... , k and 

i = 1,2, ,D. 

A' K 

Let d = '\' d and 
I ~ 1/ 

/ '-- 1 

1~ = I )~, bc the number of dcaths and the number at ri sk in thc combined 
I =d 1 

sample at time t, , i = 1,2, ... ,D. The test of H " is based on weighted comparison of the 

estima ted hazard rate of the j''' popu lat ion under the nu ll and alternati ve hypotheses. based on 

thc Nelson-Aalen est il11 ato r in (3. 1). If the null hypothcs is is true, then. an estil11ator of the 

expec ted haza rd rate in the j'" population under Ho is the poo led sal11ple esti mator of the hazard 

rated, / y, whercas using onl y data fro m thej" 'sample, the est imator of th e ha zard rate 

is d,,/ Y". To makc compari son let W, (t) be a posi ti ve we ight I'u ncti on with the propcrty 

that W (I ) is zero \~' he neve r Y is zero. The test of H is based on the statistics: 
I I 1/ II 

" {d d} L I (r)=~W, (/ , ) /-; 
" , 

, j = 1,2, ,K .... (3.2) 

If all thcZj (r)'sare c lose 'to ze ro, then , th ere is little evidence to believc that the null 

hypothes is is fa lse, whereas, if one of the Z, (r) 's is far from zero, then , there is evidencc that 

thi s population has a h,vard rate differ ing from that ex pected under the nu ll hypothesis. 

Although the gcneral theo ry allows for different weight functions for each of the comparisons 

in (3.2) in practice, a ll of the common ly used tests have a we ight function W, (I)) = Y"W (I,). 

Il ere. W (I, ) is a common we ight shared by each group, and )~, is the number at risk in 

the ./" " group at time I . With thi s cho ice of weight functions 
I ' 
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......... (3.3) 

No te that with this class of we ights the test statistic is the sum of the weighted di ITerence 

be tween the observed number of deaths and the expected number of deaths under Ho in 

the j'" sample. Thc expccted number of deaths in sample j at!, is the propo rt ion 01' individ uals 

at ri sk Y / Y that arc in sample j at time I , mUlt ip lied by the nu mber of deaths at timc f . 
'/ , I - I 

The var iance 01'1:', (II') in (3.3) is given by: 

0' = ~ W (f )' >,:, (I - )~, )( Y, - d,c} ,;' = 1,2, ... ,K 
/I fj , Y Y Y - J I. , , , . (3.4) 

and the covariance ofZ, (I') : Z , (I' ) is expressed by: 

" Y-Y-(-v---J r ' _ IW( )' " 'x 1 , -U , . (J - - f --- --- ) ~ (T 

Ig ,,,, 1 I Y Y Y _ 1 I' 0 
" , 

The tcrm (l~ - d, )/ ()~ - I) , which equal s one if no two individuals have a common event 

time, IS a correct ion fa r tics. The terms Y" (I ->,:, ) d and - Y" . >':g d arise fro m the 
Y Y ' Y Y , 

J I I I 

va riance and cOlanancc or a multinom ial random vari able with paralllctcrsd, . 

y 
" . 1 2 17 = - - , ; = , , , y' ... ,1( .The component s vector (z, (r) , Z, (r) , ... ,Z,. (T) ) arc linear ly 
, 

" dcpcndcnt bccausc I Z , ( T) is 7c ro. The test stati sti c is constructed by se lecting any K - 1 of 
,,,,1 

the Z '5. The estimated variance-covariance mat ri x of these sta ti stics is give n by , 

the (K - I) x ( K - i) matrix L, formed by the app ropri ate O" x ' s. The test stat istics is give n by 

the quad rati c fo rm 
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When the null hy pothes is is true , thi s stati sti c has a chi-squared di str ibuti on for large samples 

with 1<-1 degrees off freedom. An a level test oUf. rej ec ts whe n X ' is larger than the a '" upper 

pe rcen tage po in t o f a chi -squa red. rando m variab le with K - I degrees 01" freedom. 

When K = 2 the test sta ti stic can be wri tten as: 

z =_ 3W(~, )[ d" - ~,( 1 )] 
~ W (I )' }. ~' (I _ >,;,)( Y, - d, )d 
~ ' y Y Y - l ' , , , 

whi ch has a stan da rd normal di stri but ion for la rge sa mp les when N. is true, us ing thi s statistic, 

the a leve l test o f the a lte rn at ive hypothes is: 

. A : 1, (1» h,(I)- ,-mr/ S r" is reJected when the ca lculated va lue o f Z ~L", tire a ''' UPIJer-------

percentage poin t or p standard normal distr ibution. 

A vari ety o f we ight fun ct ions have bee n proposed in the litera tu re. A comm on we ight fu ncti on. 

leading to a test availa ble in most stat ist ica l packages. is W(I) = lia r a lii . Th is cho ice o f 

we ight fun ction leads to th e so-ca ll ed log rank test. 

Now we sha ll sec how these tests ca n be used to ana lyze th e survival of matched pa irs. Il cre 

we have pa ired eve nt ti mes ( T" , T,,)and th e ir co rresponding event ind ieators (6", 6 ,,) , 

fori = 1, 2 , .. . , 11 . We wish to test the hypothes is No: h, (I) = h, (I). Co mputin g the stati sti cs 

(3 .3) and (3.4) we get (3 .5) and (3 .6). 
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W(7;,)( I- 1/2) = W(7;J / 2 in;, <7;,A, = I 

or 7;, = 7;,A , = 1,8" = 0 

Z,,('r) = W(T;, )(0 -1/2) = - W (1',,)/ 2 if 1'" <7;,,8,, = I ....... (3.5) 

or T;, = 7;" ()'" = 1,8" = 0 

o Otherwise 

And 

W (7;,)' (1/2)(1 -1/2) = W (7;,)' /4 if?;, <7;,,8,, = I 

or ?;, = T" ,8" = 1,8" = 0 

CT", = W( 7;,)' (1 / 2)(1 - 1/2)=W(7;,)' /4 if 7;, <7;,,8,, = 1 

o 

For any o f'the we ight functions W we have: 

and 

or 7;, = 7;,,8,, = lA, = 0 

Otherwise 

. . (3.6) 

where /), is the number of matched pa irs in which the indi vidua l from sample I experiences the 

event first and /), is the number in which the individual from sam ple 2 experiences the event 

lirst. Here w is the value 01' the we ight fun cti on W at the time when the small er of' the pa ir 

fails. Because thcsc we ight s do not depend on from which group thi s fai lurc camc from, the 

test stat isti c is: 

Z = f), - f), 

- JD, + D, 
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Th is has a standard normal di st ribution when the number of pairs IS large under the null 

hypo thes is. Note that matched rail's, where the smaller of th e two times corresponds to a 

censored obse rvati on, make no contrib ution to ZL ord II . . Detail discuss ion is found in Kle in 

and Moesehberge r ( 1997). 

3.3.3 Regress ion Model 

Regression modeling of the re lati onship between an outcome variable and independent 

predictor variable(s) is commonl y employed in virtually all fie ld s. The popula rity of this 

approach is due to the fact that plausible models may be eas ily fi t, eval uated and interpreted. 

Stat isti ca ll y, the speci li eati on of a model requ ires choosi ng both the systematic and error 

components . The choice of the systemat ic component involves an assessmcnt of the 

relationship between an "average" of the outcome var iab le and the independent var iable(s). 

This may be guided by an exploratory ana lys is of the current data and/or past experi ence. The 

choice-ohm error componcnt- inve lves-spee ifyi ng the-sta ti st i ~a l distr ibu tion o f what remains to----_ 

be ex plained arter the model is fit i.e. ; the residuals. 

In an appl ied sett ing, the task of model se lecti on is, to a large exten t, based on the goa ls of the 

ana lysis and on the measurement sca le of the outcome va riable . 1'01' example, we may wish to 

model the relat iony,ip between a conti nuous dependent va riable and a set of independent 

variables. /\ good place to sta rt would be to usc a mode l with a linear systematic component 

and norma ll y distributed errors, the usual linea r regression model. Suppose instead we wish to 

model the relat ionsh ip between a dic hotomous dependent va riab le and a set of exp lanatory 

va riab les. If we assume the goa l o f thi s analys is is to estimate the "effect" o l'the various factors 

via an odds- ratio. then the Ibg istie regression model wou ld be a good choice. The log istic 

regress ion mode l has a systematic component that is linea r in the log-odds and has 

binomial/Bernou lli dist ributed errors. 

One of the most important diffe rences between the outcome va riables mode led via li nea r and 

log istic regression analyses and the time va ri able in the surviva l data is the fact that we may 

onl y obse rve the surviva l time partiall y. 
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The mall1 goa l fo r a sta ti stical analysis of survival data is to fit a model that will yield 

mean ingi'u l and inte rpretab le estimates o f th e effect of covariates on surv iva l time. Mainly 

there arc three typeJ of regress ion models fo r survival data ana lys is. These models differ in the 

assumptions made aboul the relati onship bClvvcc n co va riates and surviva l ex peri ence. For 

examp le, in thc acce lerated failure time model log-of survival time is related additive ly to the 

linear c0111bination of covariates; in proportiona l hazards mode l log-of the haz.ard rate is related 

addit ively to the linear combination of covariates or hazard ratc is rela ted 111ultipliea ti vcly to , 
the linear e0111 bination of eovariates; and in proportional odds 1110del log-ol' odds of survival is 

re lated add iti ve ly to thc li near cO l11 binat ion of cova riates. Deta il discuss ion is fo und in II os 111 cr 

and LC111c show ( 1998). 

3.3.4 Accelerated Failure-Time Model 

Let T be a random va ri abl e represent ing surviva l time, a convenient and 111caningrul way to 

o 
desc",be surviv·al tirl1c with a Sgt of covariatgs, ~X, ,-X , ,--.-, . ,X ,, ), is-with thc..equaliol1 

......... (3.8) 

thc error componcnt. c .follows thc cxponential distribution wi ill paramctcr equal to one and 

its density function is givcn by: 

Thi s 111 0dc l, (3 .8), can be "I inear ized" by taking the natural logarith111 of each side of thc 

equation yiclding 

Y = fJ" + fJ,X, + fJ,X, + +fJ X + @ 
II II 

......... (3.9) 

whcrcY=ln(T) and O= ln(c). Thc crror componentefoll ows an "extrc111C 1111111111U111 va luc" 

distr ibution. This d istribution is not encountercd oft en outsidc o f applicatio ns in surv iva l , 
ana lys is but plays ccnt ral role in 1110de ls o f life-Icngth and is oftcn refe rrcd to as the GU111bcl 
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di stribution. The mean of this distribu ti on is 0 and its shape pa rameter ,s I (denoted 

by C(O.I). The densi ty function of the C(O, I) is given by: 

f (0) ~ ex p[ 0 - eta) ] 

The usc of the distributi onC(O, I) in (3.9) is somewhat like using the standard norma l 

di stribution in linear regress ion. The standard normal distri but ion is de notedN(O,I). From 

practical exper ience we know that, in linea r regression, the errors rarely if ever ha ve va riance 

equal to one. Thc usual assumption is that the va riance is neither a function of th e outcome 

var iable nor of the independent va riables. It is assumed to be constant and equa l to the 
I 

parameter,, ' . This distribution is denoted by N( 0,,, ' ). An additional parameter may be 

introduccd in to (3.9) by multiplyingO by" to yie ld the model 

Y = fJ" + fJ,X, + fJ,X, -I- ... + fJI'X" + (5 X 0 .... . .... (3.10) 

TneaiSfi'i5ufion orcrxo is denolea as tJ(O;<:r) .------

Under this model (3.10) survival time foll ows the exponential distribution when " = I and the 

Weibull di stribution when" * I. On the other hand when () is distr ibuted as standard norma l, 

N (0, I) or standard log istic, L( 0, I) , the surviva l time foll ows log-normal distribution or log­

logistic distribution respectively (Hosmer and Lemeshow, 1998). 

Surviva l time models that can be linea ri zed by tak ing log-trall sla rmation arc called accelerated 

failure time mode ls. The reason fa r th is termino logy is that the effect o f the covariate is 

multiplicative on t11e time sca le. That is, the effect of the cova riate is sa id to "aeee lerate" 

surv ival time. In terms of the surv ival function, the accelerated failure-time model states that 

the su rviva l fun ction or an individual with covariate X at time I is the sa me as th e survival 

functi on of an individual with a baseline survival funct ion at a timelexp( .!.O:). where 

other words, the acce lerated failure time model is defined by the re lationship: 
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s(/ lx) = S,,[/exp(,qxl] , fo r alit 

'vvhcrc So is a baseline surv ival rUllctioll . 

The factor exr(,q'Xl is ca ll ed an accelerat ion factor which tell s us how a change in covar iate 

va lues changes the 'time sca le fro m the base line time sca le. One implica tio n of this mode l IS 

that the haza rd rate for an ind iv idual with covar iate X is related to a base line hazard rate by 

I 

where ho is the base line hazard rate . 

3.3.5 The Weibull Regression Model 

___ The-I"\!'cib.uJJ disl[iblitionJ ~ a ve rL Oexible model for lifetime data. It has a hazard rate which is 

tllOnOlOnc increas ing, decreas ing, or constant. It is one of the parametric regress ion models that 

have both a proporti onal hazards representat ion and an acce lerated fai lure-time represe ntat ion. 

The haza rd fun cti on, for the s inglc cova ri ate Weibull regress ion model is: 

.. (3. 1 I ) 

For convenience, we usc )" = 11 . Thi s hazard functi on may be re-expressed in proport ional 
1/ (T 

hazards or acce lerated failure time form. The proporti onal haza rds for111 of the functi on is 

obtained as follows: 

= }~/ ;'-Ie -),/~' e -).A~ 

29 



( ) 
ax = ho I e I . .. ..... . (3.12) 

,.vhere y = exp(- p',/O") = exp\O,,) , 0, =-/3,/0" and the base line haza rd fun ction IS 

h,, (t ) = llyt ' - lal though the paral11eter O" is a va ri ance-l ike paral11eter on the 10g-til11e sca lc, 

), = Yo. is cOl11l11only ca lled the shape paral11eter. So, we will reJC r to 0" as the shapc 

paral11e ter. The paral11eter y is called a sca le pa ral11 eter. The expression l'o r the hazard function 

in (3. 12) leads to a hazard ratio interpretation of the paral11eter O, i.e. ; the proportional hazards 

1110dcl rcprescntation. 

The aecc leratcd (~l ilurc til11e fo rl11 of thc hazard func tion is obtaincd by re-exprcssing (3.11) as 

follows: 

( )' -' = AY Ie fitx e- fJ.-'" .... (3.1 3) 

. I 
Thc rat ionale for prescntlng both fonns of the hazard function is that different so rtware 

packagcs usc diffcrent paral11cte ri zations when fillin g a 111 0del. ror cxal11pl c, SAS usc thc 

acce lerated fail urc til11c 111 0dcl paral11cteri zation in (3 .1 3) and report cstil11ates of the /3 forl11 of 

thc coefficients and 0" whe re 0" = 1/ A. . STA TA, on thc other hand , offers the option of providing 

cstil11ates of ei ther paral11cterizati on. I I' the acce leratcd failurc til11 c or 10g- til11e forl11 is choscn, 

es til11 ates of /3 and 0" arc prov idcd. If the log-hazard ('o rl11 is choscn (3. 12) rcprcsentation, 

estil11ates of q and 0" are provided such that the relationship between th e two sets of 

cocffi cients is q = - /3/ 0". In the rel11ainder of this secti on. we usc th e accclerated fa ilure til11e 
( -

fo rl11ulation of the 111 0de l. 

Thc survivorship functi on corresponding to the accelerated fa ilu re til11e ('o rl11 of th e haza rd 

func ti on in (3.13) is 
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S(/.X.f!.CT) = exp \ - I ). exp[ (- ljiT )(fi .. + fi,x) J} . 

We obta in the equation fo r the median surviva l time by setting the survivorship run et ion equal 

to 0.5 and so lving fo r time yie ldi ng 

.. . . ..... (3.14) 

For example. ir the covariate is dichotomous and coded 011, the time ratio at the median 

surviva l time is: 

.. 150 (x =l,fi .cr) [- In(0.5)J~ ell, ,'IJ, 
III(x =l,x =O) = - = ~ =eP, . 

l,o (X =O,f!,cr) [- In(0 5)J ell" 
. ........ (3 .1 5) 

Alternati ve ly, the re lat ionship between the two median ti mes is: 

......... (3. 16) 

From (3. 16), we can see that the med ian surviva l time in the group with x = f,siil" times the 

median survival tim e in the group w ith x= O. Prom this the multiplicati ve covariate effect on 

th e time sca le is c lea r and easy to understand . The resu lt in (3. 15) holds not onl y ror th e 

med ian but for all percenti les. 

The (I - a ) I 00 pc rcent can fidence i ntcrval for the ti me ratio in (3 . I 5) is constructed based on 

the (I - a) I 00 perce~t con fide nee interva l or i;" estimator o r fi . 

The Wcibull regression model with I' cova ri ates can be ex pressed as 

Y=x"fi+crW 

, 
whereX = (xo,x" ... ,xp), xo= l and Y= lnCr)and the error term, crW, fol lows an 

"extreme minimu m va lue" distribution, i.e.; W ·- G(O, lT) . f!' = (fio, fi" .... fi,, ) represents the 

vector 01' regress ion coefficients. The probability dcnsity functi on of W is: 
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Thus. the underly ing probabi lity density runction and surviva l f'uncti on. re specti ve ly. ror >'. arc , 
/ ; (y) = - exp -

I {(y - X.8) 
(5 (5 

e ff 

(' -X~) } 

and 

S(y) = ex p - e rr . 

[ 
I 
(,_X/i)] ] 

Parameter Estimation 

The rull maximum likelihood estimation method is used to estimate parameters or the mode l. 

The first step in maximum likelihood estimat ion is to crea te the specifi c li kelihood functi on to 

be maximized. In simp lest terms, the likelihood runetion is an ex press ion that yields a quantity , 
si milar to the prubahility or the observed data Linder the mode l. In case or regress ion models 

1'0 1' survi va l data , we construct the actual likelihood f'unction by cons idering the contribut ion or 

the indi vidual obse rva ti ons separa tel y. Those subjects who died or experience the event 

contri bute through their probability density function and censored obse rvati ons cont ribute 

through their survival f'unetion to the like lihood f'uncti on. Thus, under the assumption or 

independent obse rvat ions, the f'ull li ke lihood functio n is obtained by multiplying the respecti ve 

contributions o f' th e indi vidual observat ions. Detail discuss ion is round in Ilosmer and 

Lemeshow ( 1998). 

For ri ght censored observat ions the likelihood is: 
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In order to avo id com pli ca ti on in the ea lcu[ation o f the like [i hood [et 

2, = 
y,-d! 

and f( z) is replaced with ~ f (~) . This y ields the log-likelihood function 
a 

) 
1(,q.IT) = 2)", (- [n(a) +z, ) -e' 

, ,,, I 

.... (3.17) 

The scorc cquati on for the j th regress ion coefficient is obtained by takin g the derivati ve of 

(3.17) wit h respect to fJ, and selling it equa l to zero, y ie ldi ng 

B/(,q,IT) = ..f!: - x" (0 -e" ) = O 1'=0 I 2 . . 
BfJ 

~ I '.' , , . , p. 
I ' ''' ] a 

.. .. ..... (3. [8) 

The score equation for the shape parameter, a , is: 

......... (3. [9) 

" 
where 111 = I o~ , is the number o f non-ce nso red obse rva tion s. 

, , J 

Some so ft ware packages. lo r exa mpl e , STATA, parameteri!.e the [og-li kelihood functi on in 

terms of - In (a) si nce this makes the sco re equa ti on eas ier to so lve from a computational po int 

o f view. Regard[ess o f what form is used, al[ packages report an est imate ofa. The so luti on to 

(3.18) and (3. [9) a re deno ted 'as j; and a-, res pect ive ly . 
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As is the case in any appl ication of maximum likel ihood , the est imator of the covariance 

matri x of the parameter estimator is obtained from the observed information matrix. The 

ind ividua l clements o f thi s matrix to be eva luated arc: 

32
/( [1.0-) 

3fJ,3(J, 

3' /([1,0- ) 
3fJ,30-

and 

When eva luated at the sol ution to the likelihood equations, the information matrix may be 

expressed as 

", I [XVX 
f (fJ, cr) = -;;J .' - cr" 2 fiX 

where X is an n by }) I I matrix containing the va lues of the covaria tes, ,1 = diag (e o, ), an n by n 

The esti mator of the cova ri ance matrix for the estimators of the paramete rs is 
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The end-po ints of a (I- a) 100 percent Wald statistic based confidence illlerval lo r 
I 

the/" coef'ric ient is give n by: 

where ,iE(iJ,) de notes the es timato r of the standa rd error of the est imator o f the coe ffi cient. 

3.3.6 Log-normal Regression Model 

Given a set of eovariates X = (xo, x" .. . ,x,, )' , the loga rithm of th e time-to-event follows the 

usual norm al regress ion model , that is, 

where W lol lows a standard normal distri bu tion. For the log-normal d istri but ion th e survival 

function o f the ti me to event T is give by: 

where <I){ } is the standard normal cumulative di stribution function. 

The haza rd functi on docs not ha ve a closed form (Klein and Moeschberger, 1997). The 

likelihood constructi on, pa rameter estimation and so on foll ow the same step li ke the Weibull 

di stribution discussed in secti on (3.3.5). 
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3 .3 .7 Log-logistic Regression Model 

An alternative l11 0del to the Weibu ll reg ress ion 1110de l is the log-log isti c regress ion 1110del. This 

distribution has a haza rd rate whi ch is hUl11p-shaped , that is. it increases initially and. then, 

decreases. It has a surviva l runcti on and hazard rate that has a closed la rl11 expression, as 

con trasted with the 10g-norl11 al di stribution which also has a hUl11p-shaped haza rd rate. 

The single covariate log- logisti c acce lerated failure ti me model may be expressed as 

In (T) = fJ" + fJ,x + OE' .......... (3 .20) 

where the error tcrn\ [; lallows the standard logistic di stribution. The appea ling reature or the 

log- log isti c 111 ode I is that the slope coef'iici ent can be expressed in such a way th at it can be 

interpre ted as an odds-ratio . In order to develop the odds- ratio interpretation, we begi n by 

ex press ing the survivorship runction la r the 1110del in (3.20) as 

......... (3.2 1) 

where z , as berore, is the standardi zed 10g- til11e outcol11e variab le, i.e. , z = (y - fJo - fJ,X,) /U 

and y = In (I) . The odds or a surviva l til11e or at least I is 

S(t ,x,/1 ,u) 
, ---= exp(-z) 

1- S (/,X,,q,U) 
.. ....... (3.22) 

As an exa l11pl e, ass ul11e that the covar iate is dichotol11 ous and coded 011 . The odds-ratio att il11e 

Ila rl11 ed I'rol11 th e ratio o r th e odds in (3.22) evaluated at binary covariate X = 1 and x = 0 is 

. _ . _ _ cx~{ - (y- /1:- fJ, x I)J_ 
OR (I ,_~ - I , _~ - 0) - :x

p
[ _(y - fJ~--jl, x O)r cxp(fJ,/o-) 

I 

. . ....... (3.23) 
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No te that the ratio in (3.23) is independent of time. I f the odds-rati o in (3.23) was 2. the 

interpretation would be that the odds of surviva l beyond ti me I among subjects with x = 1 is 

twice that o f subjects with x = 0 , and thi s holds lo r a liI . 

An alterna tive interpretation is obtained when wc express the median survival time as a 
J 

function o f the reg ress ion coefficients. Setting the survivorship I"unction in (3.21) equal to 0.5 

and solving. \,ve obta in an equation ror th e median surviva l time of' 

I,,, (x,,q, 0- ) = cxp (,80 + ,8,x) 

and the time ra ti o at the medi ~ n ti me is 

TR. (I,o' x = I,x = 0) = cxp (,8,) . . ........ (3.24) 

As expec ted with an acce lerated fai lu re ti me model, the ex ponentiated coefficicn t prov ides thc 

aece lcrat ion factor on the time sca le. In part icular, if the time ratio in (3.24) is 2, the med ian 

survival time in the gro up with X = 1 is twice tha t of the group with X = o. Since the pereen tiics 

a the surviva ll ime disffib utiO!fln (J.21} arc of the 10Tm 

I ,(x,,8,o-) =[(1 - p)/ pt cxp(,8o + ,8,x) . 
I - J 

The result in (3.24) holds at all va lues of time. 

I\s was the case with the We i bull mode l. maximum likelihood is the method usuall y employed 

to lit a log-log istic model to a set of data subject to ri ght censoring. It lollows from results for 

the standa rd log isti c distribllti on that the contr ibution of noneensored obse rvat ions to the 

like lihood is 

(l/o- )CXp(z)/ [1 +eX p( z)J' 

I\nd that o f censored obse rvations is 

[I + cxp (z)r' 
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where. fill" H muftiva riabfe mode l. z = (y- Xi!.)/O" . It fol lows that the log- likelihood 

function fil r a sample of 11 independent observHti ons of time. covariates Hnd censoring 

indicator, denoled (/" X ,, 6,) ,i = 1,2, ... ,ni s 

L (I!., 0" ) = :t~ {- In (0") + z, - 21n [I + cxp( zJ]} - (1 - bJ In [I + cxp( zJ] 
, ,,, I 

Thc parameter estimation and the derivat ion of imporlant stati stics follow same step like the 

Weibull reg ression mode l di scussed in secti on (3.3.5) (i losmer and Lemeshow, 1998). 

3.3.8 Model selection 

We ha ve presented difrerent parametric mode ls lhat can be used to study the effects 01' 

covariates on survival time. In thi s secti on. we locus on methods which help us for se lecting 

th e appropriate paramctric mode l for the observed data using gra phi eHI displHYs and 

information crite ria without covariates and ailer adjusting fil r tile el'reet or covar iates. First we 

check the appropriateness of the models graphically and then we compare the Aka iki e 
1 

info rmation criter ion (A IC) and the l3ayes ian informati on cr iteri on (RI C) as final criterion to 

choose the best model which lit s the data. 

The graphical methods 01' compari son, without covariates, discussed here serve as empi rical 

checks for the appropriateness of a given parametric model, not to "prove" tha t a part icu lar 

pa rametri c mode l is co rrect. In fac t, in ma ny applicat ions, severa l pa rametr ic mode ls may 

prov ide reasonable li ts to the data and provide quite sim ilar estimates o f key qUHntit ies (Klein 

and Moeschbcrge r, 1997). 

For si mplicity we shall examine the problem of check ing fo r the appropriateness 01' a given , 
model in the univaria te sC lli ng i.e.: without covar iates. The kcy too l is to lind a I'unction of the 

cumulativc hazard rate which is linear in some I'unction of time. The basic plot is made by 

estimating the cumulative hazard rate by thc Ne lson- Aalen est imator in (3. 1). A I'unction ol' the 

Kapl an -Meier surv iva l funct ion estimator cou ld also be used for thi s purpose. as an alternative 
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to the Ne lson-i\ a lcn cumulat ive hazard runction estimator. To illustrate th is tech nique, 

cons ider a check or the appropriateness or the log- logistic regress ion model. Here. the 

cumulative haza rd ratc is 11(1) == In( 1 + ,1./ " ) a simple mathematica l man ipulat ion will give: 

In {exp[II (I) ] - I} == In( ,1. ) + a ln(l) . . (3 .25) 

So, a plot 01' In {ex p [ II (I) ] - I} ve rsus In (I) shou ld be approx imately li nea r with intercept 

In ( ), ) ror the log-jog isti c model to be appropri ate ror the obse rved su rvival data. 

I'or th e other parametric models discussed , th e rollowing plots arc made to check th e lit or the 

mode ls to the obse rved data. 

For Log-no rma I rcg ress ion m?del: cJ) I [ I - cxp ( - if (I) ) ] vers us In (l) .. ....... (3 .26) 

r or i:x ponential reg ress ion model: II (I) versus I . (3.27) 

For Weibu ll regress ion mode l: In (11(/)) versus In /) .. . ...... (3 .28 

whc rc if (I) is the Nelson-Aalen cumulative hazard ra tc cstimator. 

Nex t, we discuss methods to compare parametri c regress ion models fo r survival data arter 

adjusting ror cova ri ates . us ing th e Cox-Snell diagnost ic plot and info rmati on criteria. , 
Model-based inrerences de pend complete ly on the fitted stati stical model. For th ese in ferences 

to be "vali d" in any sense or the word, the fitt ed model Illust provide an adequate summary or 

the da ta upon which it is based. Central to the eval uation or mode l adeq uacy in any sc tting is 

an appropria te de finition or a re sidua l. 

For all regress ion mode ls, a spec ifi ca ll y designed stati stic to eva luate the accuracy or a 

pos tulated modcl (good n css-o f~ fit) is ca ll ed a res idual va lue. Residual valucs reflec t thc 

difrerence between the mode l-estimated val ues and the obse rved data that generated the model 

estimates. The first such residual is the Cox- Snell res idua l that prov ides a check or the overa ll 

fit or the mode l. The Cox-S nell diagnosti c plot is used to assess the overa ll goodness or fit or 
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the model. The Cox-Snell diagnostic plot is the plot of the estimated Nelson-Aalen cumulati ve 

hazard fun cti on against the estimated Cox-Snell residuals , which is the same as the est imated 

cumu lative haza rd functi on from the model. 
I 

For exam ple. the estimator of the cumulati ve hazard fun ct ion far the Weibull regression mode l 

IS: 

. [(y - xf;r) I] ii(/ ,X",q, o-) =exp I' '-Yo-

= exp( Zi ) 

• ( '. ) ( _ \'iJ )A Hl rj:1cr=le '" I' ~ t' _ ' I 

for i = 1,2, ... , 11. 

If the model is "ood, the plot of Cox-Sne ll residuals ve rsus the Ne lson-Aalen cumu lative 

haza rd estimates should lie along the 45 deg ree diagona l line th at passes through the origin. , 
Alternati ve ly. one may calculate the Cox-Snell resid uals from the martingale resid ual s as 

11 (/"X,,~, o-) = ,5, - 114, 

where th e martingale residuals fo r each observa ti on is given by: 

A;' , = ,5,-ex p(Z, ) 

=!5i -I: exp( -,iX:~) 

which arc used fa r checking the scale or linearity of conti nuous covariates in the model. 

With the exception of the Weibull and log-normal regress ion models, which are nested unde r 

the generalized ga mma model , it is diffic ult to use a fa rmal stati sti ca l test to di scri minate 

be twcen parametric modc ls for survival data because the models arc not nested in a large r 

model which includes all the regression models (Klein and Moesehberger, 1997). In order to 
I 
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compa re alternative models lilled to an obse rved se t of surv ival data. a sta ti stic. which 

measures the exten t to which the data are filled by a part icular model , is requ ired. One way of 

se lec ting an appropri ate paljamctri c model is to base the dec ision 0 11 minimum ;\kaikic 

information criterion (A IC) and the Bayes ian informati on criteria (BIC). The AIC is given by: 

AIC= - 2 10g(likelihood) -I- 2(p + k) 

where k = I fo r the exponential model, k = 2 for the Wei bull , log- log isti c, and log-norm al 

mode ls and k = 3 fa r the general ized gamma model. 

So. the model with the small est AIC and J3I C will be considered as the best fit fa r the obse rved 

su rviva l da ta. 

3.3.9 Variable Selection Procedures 

Covaria tes may be se lec ted for inc lusion in a regressio n model for surv ival data using stepwise 

se lect ion methods that opera te in an ide ntica l manner to those used in other regress ion models, 

such as IlIlear or og iStie regressi n. rlYe:;Tarisrieal test-used- as a criterion is-most olien the 
I 

li ke lihood ratio test. However, the sco re test and Wa ld test are a lso often used by software 

packages. from the conceptual point of view it does not maller which test is actuall y used. 

However, the likeli hood rati o test is the best of the three tests and shoul d be used when there is 

a choice. 

Stepwise se lec ti on process consists o f fo rward se lection foll owed by backwa rd elimination. 

The lo rwa rd selec tion adds to the model the cova ri ate that is most stati sti ca ll y significant 

among those not in fhe model. The backward elim inat ion process checks each covariate in the 

mode l for cont in ued sign ifi cance. Most so ft ware pac kages that have im plemented stepwise 

se lecti on 01' covari ates trea t a llthe eovari ates available fa r se lection as if they we re continuous. 

This implies that to consider nominal sca le eovariates with more than two leve ls correct ly. one 

must crea te and include in the li st of eovariates the indi vidual des ign va riab les. An addit ional 

problem is that the indi vidual des ign va riables arc not considered as a unit, and the program 
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may select a subset or the m. When this occurs. there has been an im plic it reeodi ng of' the 

covariate and th e UScI' must make sure that the reeoding makes clinical sense or must add the 

unse lectcd des ign va riables in to the model when it is examined in more deta il (The detail 

di scuss ion is I(JLInd in Il osmer and I,emeshow, 1998). 

The stepwise proeepure is described be low, as it is currentl y implemented by def'aul t, uSing 

si ngle degrec-o l~rrecd om tests for entry and remova l of' covariates. I lere the test to be used IS 

the like li hood rati o tes t: actuall y the def'lLIl t in STATA is like li hood ra ti o test. 

Step 0: Ass ume that there arc f' poss ible co va riates . denote x . j = 1.2 ..... J}. This li st is , . 
ass umed to inc lude continuous co variates as well as al l des ign va riabl es for nominal scaled 

eova ri ates . At step 0 the likelihood rati o test and its p-value fer the signifi cance of each 

cova ri ate is computed by comparing the log likelihood of the model containing x , to th e log 

likelihood of'model zero (i. e., the model containing no covariates) . The test stati sti c is 

C (O) (I) = -2 [L(of(j)_ L(O) J, j = 1,2, .. . , ,, - . . .. ..... (3.2-9) 

whe re "(0) is equ al to the log like lihood of model ze ro, the no covariate mode l, and 1.(0) (.1) is 

eq ual to thc log likc li hood of' the mode l conta ini ng cova riate x" The test's s ignificance level is 

f 

,, (
0 )(1) = l{x ' ( I) ~dO) (I)J. .. .. . .... (3.30) 

Evaluation o f (3 .29) and (3.30) requires fitting p separate regress ion mode ls fe r survival data. 

The parenthes ized superscript in (3.29) and (3.30) denotes th e step, andi indexes th e particular 

co variate. 

The cand idate fe r entry into the model at step I is the most signifi cant covariate and is denoted 

by xi' ) where , 
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For the variable x, to bc entcrcd into the mode l, its p-valuc mus t bc smaller than some prc-, 

chosen critcri on for significance. dcnotepc If the va riab le se lected lor entry IS 

significant (i.e .. p in) (e,) < 1\) . then th e se lect ion process cont inues to stcp I; oth erwise it stops. 

Step I : This stcp bcgins wi th va riable x," in the mode l. Then p- I new regress ion models lor thc 

survival data (each including onc remaining va ri ablc along with x,. ) arc lit. and thc results arc 
I ' 

uscd to compute thc li kel ihood ratio test 0[' the fitted two-var iab le model to the one-var iab le 

mode l contai ning onl y x,. , , 

cil) (I) = -2[LI'\i ) - r.( .\)], j = 1,2, . . . ,p andi * e, .. . (3.3 I ) 

The p-val ue for the test 0[' the significance of adding x, to the model contai ning x," is 

......... (3.32) 

Th'C""variabfe scl'ecte~-as the candida te for entry at step-2 is x,., where 

I f the se lected covar iate x," is, signi li ean t, p I') (e, ) < p", the n the se lect ion process goes to step 

2; otherwise it stops. 

Step 2: This step begins with both X ,. and x,. in the model. During thi s step, two differen t , , 

eval uati ons occu r. The step begins with a backward e liminat ion check lo r the conti nu ed 

contribution o ['x," . That is, docs x", sti ll contribute to the mode l a fte r .Y,., has been added? Thi s 

is essen tiall y an eval uati on of (3.31) and (3.32) with the roles of the two variab les reve rsed. 

From an opcrational point 0[' view. we choose a different signifi cance criteri on ['or thi s check. 

de noted 1'" . We choose th is value such that P" > p" to elimi nate the possibility of enter ing and 

remov ing the same' variab le in an endless number of success ive steps. Assume the var ia ble 

en tered at step I is sti II signi fi cant. 
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The program lits p-2 regression model s for survival data (each incl uding one remallllllg 

va riable along wi th x" , and x:., ) and cOll1putes th e likelihood ratio tcst and its p- val ue for the 

add ition 01' th e new cova ri atc to the model , namely 

and 

The cova ri ate x," selected [or entry at step 3 is the one with the sll1a llest p-va lue, that is, 

The program proeecds to step 3 p (1) (e,) < Ph; otherwise it stops. 

Step 3: Step 3, if reached, is similar to step 2 in that th e el im ination process deterll1ines 

whether all variab les entered linto the model at earlier steps arc still signifi cant. The se lection 

process then followed is identical to the select ion part of earlier stcps, This proced ure is 

followed until the la st step, step S. 

Step S: i\t this step one o f two things ll1ay happen: (I) all the covariates arc in the 1l10de l and 

no ne may be re moved or (2) each covariate not in the model has ,;1'.) (.i) > P,: , At this point, no 

covariates arc se lected lor entry and none of the eovariates in the model may be rell1oved. 

The nUll1ber of va riables se lected in any app lication will depcnd on the strength of the 

assoc iations bctween eova ri ates and surviva l time and the choice o f P", and 1'" . Due to the 
I 

multip le testing th at occurs, it is nearly impossible to calculate the actua l sta ti stical significance 

of the ['ull stepwise process. Resea rc h III linea r regress ion indicates that usc of 

Ph = 0.05 cxeludcs too many important eovariates and that one shou ld choose a level of 

significance 0[' 15 percent. In man y applications it may make sense to use 25-50 percent to 

allow more va riab les to en ter 'than willultill1ately be used and then narro w the fi eld of selected 

va riabl es using I' < 0. 15 to obtain a multivar iable 1l10del lo r furth er analysis (Hosll1er and 
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Lemcshow, 1998). An unavoidablc problcm wi th any stepwisc selection procedure is the 

potcntia l l'o rthc inclusion or"noi5e" covaria lcs and thc cxcl usion or important covar ialcs. Th is 

might bc co nsidercd as the lim itation orthc se lection procedure. 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Twins Survival 

Birth order 01" twi ns was not c learl y ind icated in the data set under conside ration , but we used 

birth we ight as a proxy va ria ble to identify which one of the two is born first. that is because 

al most al ways the first bo rn twi n is heavier than the second born tw in (Pawe l et ai, 2008). 

There were 110 twins but after cleaning the data fo r miss ing birth weights and survi va l times, 

the number of twins reduced to 89 of which there were 63 deaths. that is infant mortality of 

354 deaths per 1,000 live births among th e twins. 

The survival experience of the first and second born calculated based on the Kaplan-Meier 

survival ['uncti on est imator arc displayed in Figure I. Similarly, thc cumula tive hazard 

estimates arc di splayed in rigu re 2. As can be seen from Figure I tle irst 50rn twin have 

better survival during the st udy peri od than the second horn twin and from Figure 2, the haz.a rd 

rate of the seco nci tw ins is hi ghe r th an the first born twins. In addit ion to th e graphical 
, 

comparison of haza rd rates for the lirst and second born, we employed lormal test of 

significance using matched-pair anal ys is lor surviva l data. That is, using the stati st ic in (3 .7), 

we test th e hypothesis that there is no d iffere nce in the hazard rates between the lirst born twin 

and th e second bo rn twin ; where D, (num bcr of first-born twins died lirst) = 12 and D, (nLlm bcr of 

seconcl-born twins died first) =3 1. The va lue of the test stati stic eq uals Z= 2.897 with p-va lue 

0.004 , so there is sufficient evidence that the hazard rates lor the lirst and second born arc 

difTere nl at 5% leve l 0[' significance. The est imated surviva l probabilities and the 

corresponding 95% conlidence in terva l at the end of their first yea r is 0.7143 (95% CI: 0.6069 

to 0.7971) and O.~634 (95% CI: 0.4523 to 0.6604) fo r the lirst-born and second-born 

respectively. Since twi ns cann ot be treated as independent observations it is not logical to 

combi ne them wi th singletons in the stud y of infililt surviva l. So. in thi s stud y we investigate 

fac tors affecting the mortality of'sillgicLOn infants separately. However, it is suggested that one 

46 



call investigate fac tors afTedi ng th e survival of twin infants by usi ng multi variate surviva l 

analysis, which wil l be a topic of fUrl her investigation. 

o 
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Kaplan-Meier survival estimates 

100 200 300 
survival time in days 

--- first born twins second born twins 

Figure I. The Kapl an-Meier survival functions estimates of twin s by birth order 
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Nelson-Aalen cumulat ive hazard estimates 

100 200 300 
survival time in days 

first born twins second born twins 

Figure 2. The Nclson-Aalcn cUlllulati ve hazard functions of twins by birth order 

4.2 Data Analysis for Singletons 

J 

400 

Data analysis l'or the surviva l of" singletons begins by providi ng descript ive summary measu res 

rollowcd by bivariate analys is of" the ca tegorical variab les and grouped cont inuous covariates 

using log-rank test and then fi tting both ull-adjusted bivariate and multi variate parametric 

models. The results in the un-adjusted bivariate model desc ribe the gross erf"eet oC the 

eovariates on inf"a nt mo rtalit~, while the results in the multivariate mode l descri be the net 

errect , that is, the encets or eaeh covariate alier controlling l'or the eneets of othe r variab les in 

the model. In this st udy a va riab le is considered significantly assoc iated wi th mortality when 

its p-va lue is less than 0.05. The likelihood ratio test was used to examine the strength or the 

association between independent va riabl e and in fa nt mortality. 

Some continuous va ri ab les we re categorized l'or comparison or infant mortality among the 

va rious categories . For example, age or mother at birth was categori zed into three age groups 

such as: less than 20, 20-34 and 35 and morc. These breakpoints were se lected because of" the 
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need to cover thc difTerent reproductive trajectories: adolescence, yo un g adult and adult 

women. On the other hand categorized va riabl es we re further edited by combini ng some of' 

their groups in one or two groups either because of the sma ll number o f obse rvations in those 

catego ri es or to make the analys is and the interpretati on morc meaningful. For instance, in the 

va ri ab le "lV!other's ethnic groUp". ethnic groups li ke i\ mhara, Tigre, Gurage and so on we re all 

combined in one group because of the small num ber of observations in those eth nic categories 

relati ve to the major Oromo ethnic group in the study area. lV!arital status is recoded as 

currentl y marri ed and not cu rrent ly married.The rest of the varia bles are used in the same way 

as they have been used by i\sse fa and Tesema ( 1997) who ori ginally collected the data and 

used Cox propon ional haza rds model except th at in thi s stu dy the cova ri ate family size is 

treated as continuous variable. 

4.3 Descriptive 'Analysis 

The principal weakness here IS the small size of observed deaths relative to censored 

observations on which infe rences arc based. The total num ber of observations used in this 

analys is, a lter cleaning th e data for missing va lues, contains 7,85 1 sing leton bi rth s. or which 
I 

66 1 died during the one year stud y period. This means that wc have on ly 8.42 pcrcent complete 

info rmat ion about the survi va l times of the infants or equivalently, more than 91 percent 01" the 

information on surviva l times orthe infants is incomplete or censored. 

The majority of the deaths took place ea rly. i\pprox imate ly 22 pe rcent of the total number of 

deaths occurred in the first month 01" life, wh ich is the neona tal period. The highest risk fo r 

infant death is in thi s period. Low bi rth weight materna l complicat ions in labor contribute 

signifi cantly to neonalalmonality (Karsten , 2002). 

Summary statist ics based on quartil es are misleading; thi s is due to ext remely large censored 
f 

observa ti ons. The value 0 1" any eSlimated time percentile. such as the median surviva l time, 

depends on the est imated value of the constanlterm (,00) in (3. 14), whi ch, inturIl, depends on 

the obse rved number or ac tual survival limes, wh ich is the obse rved number or deaths. 
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Thus, the estimated time percentil e val ues are only useful fo r descriptive pu rposes ii' the 

obse rved survival times arc about 80 percent of the data. l3ut the ratio of any two time 

percenti les depends onl y on the coeffic ient of the covariate of interest. See equat ion (3. 15). 

li enee, the ratio is a more useful summary measure of survival experi ence than estimates o f 

percen til es in this study, where onl y 8.42 percent of the data with the observed survival times. 

The overall surviva l and clIlllulati ve hazard functions are given ill Figure 3 and 4. As can be 

seen from Figure 3, the est imated surviva l probabi li ty of s ingleton infants at the end of the ir 

first yea r of life is about 0.9123 with standard error of 0.0033 and 95'Yo conlidenee interva l 

be tween 0.9056 and 0.9185. That is, infant morta lity rate is estimated to be about 88 deaths in 

1000 li ve births. 
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i'i gure 3. The ove rall estimated Kaplan-Meie r survival functi on l'or singleton 
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Figure 4. The Ne lson-Aalen estimated cum ulati ve hazard functi on for singletons 

Nex t, we compare the surviva l exper ience or inrants graphica ll y based on Kaplan-Meier 

sur viva l estima tes dnd using the log-rank tesl. In order to compare the survival or groups or 

subjects graph ica ll y, we plot the Kap lan-Meier estimator or the survival fun cti on 1'0 1' cac h of 

the groups. In general . the pa llern or one survivo rship fun cti on lying abovc anothcr mcans the 

group defi ned by the up per curve had a beller surviva l tha n the gro up defined by the lower 

curve. The de tailed di scuss ion is fa und in I los mer and Lemeshow ( 1998). 

As can be seen rrom Figure 5 (Appendix A), th e surviva l curve of fe males li es above the 

survival curve of males showing beller survival or females than males . The reducti on in 

surviva l times of infa nts whose mothers are ill iterate is re fl cc ted in Fi gure 6. Figure 7 shows 

the importance of marriage for the beller surviva l of infants, particul arl y duri ng the post­

neonatal pcr iod. Figure 8 could be an important evidence of the innuence of birth we ight for 

the survival of infants. Infa nts who weighs at least 2.5kg at birth beller survive their fi rst yea r 

of life than those who weigh less than 2.5 kg at birth (Sec append ix i\ for Figures 5 -8 ). 
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4.4 Log-rank test for comparing infant survival 

The dirrerenee in survi val outcomes between the dirrerent le vels o r each covariate is tested 

using the non-parametric log-rank test. The resu lts are presented in Table 2. 

Table2. Log-rank test results fo r the equality or inrant survival in the dirrerent catego ries or 

covariales . 

Variables 
Log-Rank 

Of 
Significance 

Statistics level 

Momeduc 21 .73 2 00000 

Momage 3.38 2 0.1845 

Site 7.55 1 0.0060 

Weight I 117.85 1 0.0000 

Sex 5.81 1 0.0161 

Mometh 5.19 1 0.0227 
-- -- --

Momrel 506 1 0.0244 

Mstatus I 16.23 1 0.0001 

Parity 5.77 2 0.0560 

Water 5.27 2 0.0715 

The results or the log- rank test in Table 2 indicate that ror all the va ri ab les except age or 

mothers at birth. parity and source or drinki ng wa ter; the hypothesis that the surv ival 

runcti ons or hazard ratcs arc equal among the groups was rejected at 5% signifi cance leve l. 

That is, infant su rvi va l rrom group to group varies significantly in most of' the cova riates 

under considerat iOil . This cloes not, however, l11ean th at those variables which arc not 

significant slich as age o f the mother, parity and source of drinking water. arc not important 

and that they should not be considered ror rurther analysis. But since these cova ri ates may 

have a joint cfTec t when they are taken together with other exp lanatory variables it is 

nec essary to consider them in the Illultivariablc analysis. Similarly. as suggested in the 
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literature. sec for example Ilosmer and Lemeshow ( 1998), using a modest Icvel of 

significance of 20% to include potential covariates in the multi va riab le analysis all the 

eovariates li sted in Tab le 2 are elig ible to be incl ud ed in the multiple covariate anal ys is in the 

next seclions. 

4.5 Parametric models comparison 

I 
In this section. we present parametri c model comparisons Ll sing graphica l displays and 

in formati on criteria without covariates and arter adjusting for the effects of covaria tcs. The 

choice of fittin g parametric model s than the most widely used Cox-proportional haza rds 

model is due to the fact that the assumption of proportionality is vio lated for most important 

covar iates. [ven arter using ~trat i fied proportional hazards mode l as a possib le so lu tion , the 

assumption st ill failed. Sec detail ed results in Appendi x B. 

We start model compari son graphica ll y. The fo llowing four graphs arc based on equati ons 

(3.25) to (3.28) for the most comJ11 only used parametric models such as e"pOllential, 

Weibull , log-log ist ic and log-normal. figu res 9- I 2 arc obtained without taking into account 

eovariates. us ing the relat ionship between the Nelson-Aalen cUJ11ulative hazard rate esti J11ates 

and survival time for each model. Figure 9 is a plot of cumulative hazard estiJ11ates versus 

time for the ex ponent ial model. I I' the fit is good, we expect a straight line through the or igin . 

rigure lOis a plot of log 01' cumulative hazard estimates ve rsus log of ana lysis time for the 
I 

We ibull model. If the lit is good we expec t approxil11ate linea r rela ti onship with an inte rce pt. 

rigure I I is a plot of probit of one l11inus the survival estimates ve rsus log-of ana lys is til11e 

for the 10g-norl11 al 1110de l. I I' the fit is good we expect approximate linea r relati onshi p with an 

intercept. I:igure 12 is a plot 01' the log-of exponentiated cumu lative hazard minus one ve rsus 

log-of analys is til11 e fo r the log- logisti c model. If the fit is good we expec t approx il11 ate linear 

relationship wi th an intercept. 

53 



O -L, __________ -, __________ -,,-__________ ,-__________ ,-

o 100 200 300 400 
Survival time in days 

r igLire 9. The piotto eheek the appropria teness of"exponential111odel 
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Figure 10. The plotto/cheek the appropriateness of Weibulllllodcl 
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o 2 4 
log-of survival times 

Figure I I. The plot to check the appropriateness or log- normal model 
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o 2 4 
log-of survival times 

Fi gure 12. The piotto check the ap propriateness or log- log isti c model 
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As can be seen from Fi gure 9, exponential regress ion model seems not appropriate fa r the 

data compared with the remaining three regress ion models. love n though, the remaining th ree 

seems equall y appropriate for the obse rved data. based on visual inspecti on slightl y the 

appropriate ness o f the log-normal model (Figure II ) outshines. 

Nex t, we consider model comparison afte r adjust ing for the effect of eovariates. In thi s case 

thc graphical displays are based on the Cox-Snell plots. That is. if th e model is good. th e plot 

of Cox-Snell res id ual s versus Nelson-Aalen cumulative hazard estimates should li e along the 

45 degree diagonal 'Iinc that passes through the orig in. Us ing a ll thc co variates presen ted in 

Table 2. we fill ed three parametric regre ss ion mode ls the Weibull , log- log isti c and log­

normal models and the detail results arc presented in Appendix 8. Here we present the Cox­

Snell plots fa r model comparison in Figures 13 to 15. 
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Figure 13. Thc Cox-Snell pial aher filling Weibull regress ion model 
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Cox-Snell residuals 

Figure 14. The Cox-Sne ll plot afte r litti ng log-normal regress ion mode l 
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r igu re 15. The Cox,Snc ll plot a ['tcr lilling log-logisti c regression model 

57 

.5 

.6 



From the Cox-Snell plots in Figures 13 to 15 it is obse rved that log-norm al regress ion model 

seems the best lit among the three mode ls. 

In add it ion to the graphi ca l compari son of the three pa rametric regression models, we used 
I 

Aka ikie inle rmat ion cri teri on (A IC) and Bayes ian info rmat ion cr iter ion ([3 1C) to choose the 

best model out o f the lo ur possib le models. The results are shown in Table 3. 

Tab le 3. Statistics for model comparison 

LR p-
Model Obsn. lI(nulI) II(model) Df AIC BIC LR value 

Exponential 7851 -3238.30 -3 160.29 10 6340.58 6410.27 156 0.0000 

Weibu ll 7851 -3181.24 -3105.25 11 6232.49 6309. 15 151 0.0000 

Log-normal T851 -3 167.16 -3079.59 11 6181.18 6257.83 175 0.0000 

Log-logistic 7851 -3 179.65 -3100.3 7 11 6222. 75 6299.40 158 0.0000 

Where in Table 3, I,R is the val ue or the li kelihood rat io test stati sti c and LR p-value is the 

eorrespondingj1-va lue of'the test. 

Accord ing to the results in T~ble 3, th e log-normal model with the smallest va lue of' AIC and 

I3IC seems to be the best lit of the four models, Thus, the log-normal regress ion model is 

cons idered fu rther to di scuss the effect of eovariates on infant survival. 

To check le r mode l adequacy , we used the li kelihood rat io test. The results are shown in 

Tab le 3. All the p-values o f the like lihood ratio tests in Table 3 showed, a ll the fo ur mode ls 

arc good fit for the data. Ilowever, based on the Aka ikie in forma ti on criter ion (A IC) and 

Bayesian in lo rmation criterion (131C) we choose log-normal as the best fit fo r the observed 

survival data. 

4.6 Bivariate un-adjusted log-normal regression model 

To ha ve an idea abou t the indi vidual effects of the different explanato ry va riabl es on in litnt 

surviva l. we litted log-normal reg ress ion model separately le r each explana tory cova ri ate, 

The results arc shown in Tab le 4, 
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Table 4. The result or un-adjusted bivariate analysi s using log-normal regress ion model 
p-

Covariales eoef. std.Err va lue TR 95%Cl ofTR 

Fa mil y s ize 0. 16 17 0.0315 0.000 1.1755 1.1050 1.2505 

Maternal Education 

Illitrate 

1-6 grade 0.6538 0.1643 0.000 0.1907 1.3935 2.6533 

Secondary & above 0.7586 0.1907 0.000 2.1354 1.4693 3.1 034 

Place or residence 

Urban 

Rural 0.4109 0. 1296 0.002 0.6630 .5143 .8548 

Mll terll ll l llgc lit child hirth 

< 20 years 

20 - 34 years 0.380 I 0. 19 18 0.047 1.4627 1.0043 2.1297 

> = 35 years 0.3508 0.2339 0.134 1.4202 .8980 2.2461 

Sex of th e child 

Female 

Male 0 .3056 0. 1277 0.017 0.7367 .5736 .9461 

Ethnieit) ' 

Orol11o 

Olhers 0.375 0. 1397 0.007 1.4550 1.1066 1.91 3 1 

Mother's religion 

Christian 

MLlslim 0.~028 0.143 0.005 0.6684 .5050 .8847 

Marita l status of the mother 

Married 

NOl marricd 0.8166 0.2293 0.000 0.4419 .2820 .6927 

Birth weight o f the infant 

>- 2.5 00glll 

<2.500glll 1.9 17 1 0.1851 0.000 0.1470 .1023 .2114 

Parity 

Pri III i 

2 - 4 children 0.3962 0.1587 0.013 1.4862 1.0890 2.0283 

> = 4 chi Idren 0.4245 0.1704 0.013 1.5289 1.0947 2.1353 

So urce of drinking water 

Pipe 

Protected well/spring 0.1752 0. 1919 0.361 0.8393 .576 1 1.2227 

Unprotected source -4098 0. 1769 0.021 0.6638 .4693 .9388 

Note: all the first groups or categorical covariales are lIsed as reference groups. 

TR stands fo r ti llle ral io. 
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From the un-adjusted lognormal reg ressIOn it can be seen that all the cova riates includ ing 

moth er' s age and source of drinking wa ter have significant gross effect on inf~ltlt surviva l. In 

particul ar, the ulH lflj usted mode l reveals that. the surviva l of in fants o f youn g ad ul ts (age 

betwee n 20 and 34 years) is much better than infant s 01' adolescent mothers (age less than 20 

years). And there is no significant difference in survi val of infants of adult women (agc > 35 

yea rs) and ado lescent mothe rs (age less than 20 yea rs). This di fTerence was not captured by 

the non-parametric log-rank test. Sim ilarly, the surviva l times of in lill1ts who drink water from 

unprotected sourecs is pre lly ",uch reduced relati ve to those who dri nk pipc wa tcr. And there is 

no stat isti ca ll y significant diffe rence in survivorship between in fants who drin k pipe water and 

protected we ll/spring wa ter. Th is difference was also not revea led by the non-parametric log­

rank tcs\. 

4.7 Multiple covariate log -normal regression model for infant survival 

When there. ar~ nUlllbeLQI' exp lanatory va riables of poss ible re levance, the e ffect of each term 

cannot be studied il{dependentl y of the others. The effect of any give n term therefore depends 

on the other te rms current ly incl uded in the model. Ilowever, in the bivariate ana lysis 

tec hnique the re lati ons whi ch arc obta ined for one factor do not take into account the other 

fac tors. So th e mul tivar iable analys is is used to know the most important factors assoc iated 

wi th inlant mortality in relat ion to the cova ri ates included in the model. 
t 

We fitted log-normal regress ion model using all covar iates and the results are presented In 

Tab le 5. 

Table 5. Summary of parameter est imates for th e pre liminary mode l 

Covariates 

Famify size 

Maternal Education 

IIlitrate 

1-6 grade 

Seconda ry & ab9ve 

Place of residence 

coef. 

0. 1633 

0.5905 

0.674 9 

p-

std .Err va lue TR 

0.0394 0.000 1.1773 

0.1722 0.001 

0.2245 0.003 
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1.9638 

95% CI ofTR 

1.0898 1.2720 

1.2878 2.52 96 

1.2647 3.0495 



Urban 

Rural 0.1438 0.1831 0.432 1.1546 .8064 1.6532 

Maternal age at child birth 

< 20 years r 

20 - 34 years 0.1962 0.2171 0.366 1.2167 .7950 1.8622 

> = 35 years 0.1134 0.2897 0.695 1.1201 .6349 1.9762 

Sex of the child 

Fema le 

Male -0.3973 0.1245 0.001 0.6721 .5265 .8579 

Ethnicity 

Oromo 

Others 0.0471 0.1946 0.809 1.0483 .7159 1.5349 

Mothe r' s religion 

Christ ian 

Musl im -0.1234 0.2056 0.548 0.8839 .5907 1.3225 

Marital status 01 the mothe r 

Married 

Not married -0.8807 0.2302 0.000 0.4145 .2640 .6508 

Birth weight of the infant 

>=2,500gm 

<2,500gm -1.7629 0.1873 0.000 0.1715 .1188 .2476 

--Parity 

Primi 

2 - 4 childre n 0.0325 0.1813 0.858 1.0330 .724 1 1.4738 

> = 4 chi ldren -0.1739 0.2423 0.473 0.8404 .5226 1.3513 

Source of drinking water 

Pipe 

Protected we ll/spring 0.0464 0.1928 0.810 1.0474 .7179 1.5283 

Unprotected source 0.0914 0.2067 0.659 1.0957 .7307 1.6431 

Constant term 9. 1935 0.3825 0.000 X.4438 9.94 32 

-In(sigma) 1.1119 0.0336 0.000 1.0461 1.1778 

Sigma 3.0402 0.1022 2.8464 3.2473 

Note: all the first groups of ca tegorical covariates are used as relcrence groups. , 
For th e covariate, family size, inc luded in the anal ys is we checked the assumption of linearity 

using mart ingale residua ls. The plot in Figure 16 presented in Appendi x A suggests that the 

assumption of linearity is sat is fied for the covariate family si7.e. In addition, we ehce ked for 

possib le meaningf'ul interacti on te rms to be included in th e mode l. Among many interaction 

terms conside red. the interaGtion betwee n place of residence and ethnicily was statisti ca ll y 
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significant. I lence, thi s interaction term was inc luded 111 thc mode l along with all other 

co va riates. 

In order to sc lect th e most important cov ariates in the Iinal model, we used stepw ise var iable 

se lection as discussed in secti on 3 .3.9. The results of the stepw ise se lection arc displayed in 

T able 6. 

Tabte 6. Summbry of parameter estimates of the final model 

p-

Covariates coef. std. Err value TR 95% Ct ofTR 

Family size 0.138983 0.030655 0.000 1.1491 1.0821 1.2203 

Materna l Education 

Ill itrate 

1-6 grade 0.616231 0.169393 0.000 1.8519 1.3287 2.5812 

Secondary & above 0.695736 0.212287 0.001 2.0052 1.3227 3.0399 

Place of residence 

Urban 

Rural 0.334965 0.183019 0.067 1.3979 .9765 2.0011 

Sex of the ch ild 

Female 

1171 a Ie -0.39163 0:124435 0.002 0.6760 .5297 .8627 

Ethnicity 

Droma 

Others 0.353819 0.195129 0.070 1.4245 .9718 2.0881 

Marital status 

Married 

Not married f -0.85926 0.226403 0.000 0.4235 .2717 .6600 

Birth weight of the infant 

>=2,500gm 

<2,500gm -1.77674 0.186633 0.000 0.1692 .1174 .2439 

Interaction term 

Rural X non-Oromo -0.68848 0.325636 0.034 0.5023 .2653 .9510 

Constant term 9.239217 0.28453 0.000 8.6816 9.7969 

-In(sigma) 1.111933 1.1117 1.0458 1.1776 

Sigma 3.040228 3.0395 2.8458 3.2465 

Note: all the fi rst groups 01' categorica l eovariates are used as refe rence groups. 

Hence. Table 6 presents th e final log-normal regress ion model results o f the determinants o f 

infant mortality. The resu lts include the estimates of coef'ficients o f the model, the standard 

error of the eoel'fic icnts and the corresponding p-values, the cst imated time ratio and the 
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correspondi ng 95% confide nce interva l of th e critical pred ictors of' infant mortal ity in thi s 

study. As can be sCf n from Tab le 6, I ~\lllil y size . ma terna l educa tion. mari tal status. sex of the 

child and weight of the child at bi rth show stati st icall y signilicant assoc iation with infant 

mortality. In addition. mode l result shows sign ificant interaction betwecn ethnicit y ancl place of 

residcncc. 

4.8 Discussion 

Thc cumulati ve proport ion surviv ing to thc end of the fi rst year was 0.91 23; this is an infant 

mortality rate of around 88 deaths pe r 1,000 li ve birth s, which is sma ll er when comparcd with 

the cou ntry Icve l estimatecl in fant mortal ity ra te of 116 deaths per 1,000 li ve births inthc 1994 

na ti onal census of Ethiopia . 

In thi s study larger 'fam il y s ize was beneficial fo r illfalJt s.u[Y il'al. The effect of an increase in 

the size of the 1 ~II11il y by onc person increases survival timcs of infants by an estimated amoun t 

of 15 percent (95%, CI: 8% to 22 '10). Th is findin g needs I'urthe r in vesti gati on. 

The lower probability of dy ing in infancy period fo r females compared to males round in th is 

study is eons istcnt wit h many studi es all ove r the world (I-l il l et ai, 2001 , DIISA, 2006). The 

surviva l time of' males is 67 percent o f the survival time of' fema les (95% CI: 53% to 86%) 

during inraney. In addit ion thi s resu lt is in line with the 2005 DI-I S report that, more boys di e 

before their first birth day than girl s in Ethiopia. 

There is a higher morta lity in ch ildren whose mothers we re not educated. Elementary 

education had c1 ccrepsedthe probability of dying before the first yea r of life significantly by an 

cstimated amount o r 85 percent compared to mothers with no educati on (95% CI: 33% to 

158%). And the survival times of infilllts whose mother' s had secondary and abo ve education 
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is estimated to be twice th at of infa nts of illiterate mothe r"s (95% CI: 1.32 to 3.04). 

Alternati ve ly, thi s means tha,t as the leve l o f maternal educat ion increases to secondary and 

above, the survival 01" infan ts is also increases relative to illitcratc mothers. Thi s increase is 

estimated to be between 32 percent and 204 percent with a probability 0.9S. 

The ri sk o f infant death is hi gher in mothers who arc not cu rrently married than currently 

married. The surviva l times of infants whose mother's are not currently married is estimated to 

be approx imately 42 percent of the surv ival times 01' in fants of currentl y married moth ers (95% 

CI: 27% to 66%). Thi s resu lt suggests a criti ca l role of fathers in providing financial assistance 

and emoti onal sUPP'l' rt for the mother. 

Early we ights 01" infants stro ngly predicted mortality, as one wou ld ex pect (Kulmala , 2000). 

The mortal ity in the low birth-we ight group (weight <2,500 g) is hi gher than in th ose we ighing 

allo"e 2,500g. In thi s study it 'was fo und that survi val times of underweight infants is es timated 

to be app roximately only 17 pcrcent of infants who weigh at least 2,SOOg. The main ri sk 

lilctorS for perinatal mortality were being low birth weight and prematurity (Sahle Mariam and 

Berhane, 1997). Neonatal illness in general close ly related to low birth weight , low birth 

we ight babies also tend to have hi gher mortal iti es (K ulmala , 2000) 

The lilled mode l result al so shows s ign ilicant interaction between ethnieity and place of 

res idence. It indicates th at the relationship between ethnieity and infant mortality is affec ted by 

Ihe level of a Ihire! lilelOr which is place of re sidence (efket modifier). Thus, we cannot 

generalize Ihe clTeet of ethnieity on infant mortality without specify ing Ihe place of residence 

where Ihe child gre w. In rural areas infililis who belong 10 Oromo elhnic group survi ve beller 

than olhers; the survival of infanls whose mOlher doesn"1 belong 10 Oromo elhnie grou p is 

about 72 percent of the survival times of infan ts of Oromo ethni c group. [3ut in urban areas , 
infants of olher elhnie groups survive beller than inlililts of Oromo ethn ic group; that is Ihe 

survival times of in fants of Oromo ethnic gro ups is onl y 42 percent of the surviva l times of 
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inran ts of other eth ni c groups. These ethnic differences in inlantmortality merely renect soc io­

economic and households environmenta l diricrences between the members of the ethnic 

gro ups. In general. when adjusting 1'01' the ericct of place of residence in fa nts or other ethnic 

gro ups beller survive cOl11pared with infants o fOl"Om o ethnic groups (see Figure 21). 
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CHAPTER FIVE 

CONCLUSIONS AND RECOMMENDATIONS 

In thi s stud y. matched pai r ana lys is is used to compare the hazard rate o f first-born and second­
I 

born twins. It was fo und that the hazard rates for the first and second born twins arc 

stati sti call y di fferent (p <O.OS). The Kaplan-Meier survival estimate for the first born is 0.7 143 

with standard error or 0.0484 and fo r the second born twin is 0. S634 with standard error o f 

0.0535, that is, the survival of the second-born twin is about three rourth of the survival or the 

fi rst-born twin. It is reasonable not to treat twins as independelll observations. So. it is not 

log ical to combine them with singletons in the study of infant survi val. We in vestigate ractors 

afTeeting th e morta l;ty or singleton infants separately using parametric regress ion models. 

Thi s stud y has examined the soc ioeconomic, demograpll ic and biolog ica l determinants or 

infan t mortality in South- West I~ thiopia . Results Ii'om the fill ed log-liorma l regrcss ion modcl 

show biolog ical and demographi c variables are more im portant determinants or inrant and post 

neonatal mortal ity. 

The predictors of the survi val probabi lity arc dominated by biologica l and demograph ic 

factors. Birth weight is the most important predictor of infant mortality; infants having birth 

weight Icss than 2.5 kg arc at a greater risk of dying relati ve to infan ts having birth weight 

greater than 2.Skg. The survival times of infants whose weight is less than 2.Skg at birth is 

reduced by more than 80 percent relative to infants whose weight is greater than 2.Skg at birth. , 
Birth wei ght is lower among child ren o f' women wit h no education. In th is stud y. 77 .14 percent 

of infants whosc wei ght at birth is less than 2.Skg belong to illi terate mothers, 16.24 pcrccnt 
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belong to i110thers who had elFi11e ntary educat ion and onl y 6.62 percent belong to mothers who 

had secondary and above educat ion. In addition, fam ily size, sex and marital status have strong 

assoc iat ion with infant mo rtali ty. 

Maternal educati on is also the most important pred ictor of inf~lI1t morta lity found in this study. 

Primary ed ucation of i110thers improves the survival of their infants by an estimated amount of 

85 percent compared with illiterate mothers. Infant mortal ity among chi ldren born to mothers 

with no education is twice that of children born to mothers with secondary and hi gher leve l of , 
educa li on. 

The findings suggest policies and e ffort s ha ve to be put in place to improve women educat ion. 

If wome n, who arc the primary ca retakers of chi ldren , arc empowered through educat ion. the 

health and surviva l o f their children wi ll be enhanced. 
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APPENDIX B 

Cox reg re s s; on -- Bresl em method for ti es 

NO. of sub ject:s 
NO. of fai lures 
Time at r·j sk 

Log likel i hood 

- t 

rh 
fams; ze 

- Irnorn reL2 
_Iwater_2 
_Iwater_3 
_Imeduc_1 
_ Imeduc_2 

_IbwC1 
_Isite_1 

_IS ex_1 
_Imollleth2 _2 

_Imstatus2 _2 
_ImageL1 
_IlllageL 2 

_Iparit~_2 
_Ipari ty-::' 3 

t 
fams ; ze 

meduc 
Site 

bwt 
sex 

morneth2 
mstatus2 

7851 
661 

2548291 

- 5778.2138 

Ha z . Rat i o Std. Err. 

. 8648953 . 0320523 
1.044507 .1361273 

.985871 . 1227251 
. 9713105 .1288618 
.6000749 . 0828763 
. 4702799 . 1104002 
4.254812 .6603433 
.9468231 . 1683919 
1.397366 .1762023 
. 8076874 .1482045 
1.660575 . 3528 75 5 
.8885184 . 1192856 
.9540496 .1717018 
1. 038791 .1183754 

- 1.179544 . 1817299 

1. 000274 . 0001882 
1. 001227 .0006194 

. 999598 .001008 7 
I .9955104 .0011638 

. 9993319 . 000755 
1. 001295 .0009781 

1. 00039 . 0012495 

z 

-3.92 
0 . 33 

-0.11 
-0.22 
-3.70 
-3.21 
9.33 

-0. 31 
2 . 65 

- 1.16 
2.39 

- 0.88 
- 0 . 26 
0.33 
1.07 

1. 46 
1. 98 

-0 . 40 
-3 . 85 
- 0 . 88 
1. 32 
0 . 31 

NUlllbe r of obs 

LRChi 2(22) 
Prob > chi 2 

7851 

189.83 
0 . 0000 

p> l zl [95% conf . Interval] 

0.000 .8043011 .9300544 
0 . 738 . 8090534 1. 348484 
0.909 .7724301 1.258291 
0 . 826 .7489122 1. 259753 
0.000 .4577687 .7866197 
0.001 .2968475 .7450399 
0.000 3.138879 5.767481 
0.759 .6681642 1. 341697 
0.008 1.091382 1. 789136 
0.244 .5637081 1.157264 
0.017 1. 094906 2.518492 
0 . 379 .6829528 1.155958 
0. 794 .6 70469 3 1. 357573 
0.738 .8308632 1. 298754 

-0.284 .8721103 1. 595354 

0.145 .9999054 1. 000643 
0.047 1.000014 1. 002442 
0.690 .9976229 1. 001577 
0.000 .993232 .99 77941 
0.376 .9978533 1. 000813 
0.18 5 .9993 795 1. 003214 
0 . 755 . 9979439 1. 002842 

Note: second equation contains variables that continuously vary wi t h respect 
to time; variables are interacted with current values of _ to 

It ca n bc seen that the p-va lu'i of the in teraction between bi rth we ight and log of time is 0.000 

and the p-value of the interaction be tween mother' s education and log of time is 0.047, theses 

shows that the two va ri ab les vio lates the propo rti onal haza rds assum ption. Nex t we fitted 

stratified propo rti onal haza rds model using place o /" residence (site) , birth we ight or mothers 

education as a stratifying va riable . 
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stratified Cox r egr . 

No. of subjects =' 
No . of failures 

Bresl ow met hod f o r ties 

Time at ri sk 

Log 1 i kel i hood 

_t 

r h 
famsi ze 

_Imam re 1_2 
- Iwater _2 
_Iwate r _3 
_Imeduc_1 
- Imeduc_2 

- IbwC1 
_ Isex_1 

_Imometh2 _ 2 
- Imstatus2_2 

_ IrnageL1 
_ ImageL2 

_ Iparity_2 
_Iparity_ 3 

t 
fams; ze 

rneduc 
bwt 
sex 

morneth2 
mstatus2 

7851 
661 

2548291 

- 5339.7862 

Haz. Rat; 0 std . Err. 

I 
.8650712 .0320489 
1. 044933 . 1361815 
. 9857511 . 1227087 
.9710085 .1288252 
.6012479 .0828973 
.4723745 .110613 
4 . 272216 . 6653056 
1. 396654 .1761205 
. 8097014 . 1482192 
1. 657365 . 3516416 
.8886409 .1192964 
. 9542415 . 1717356 
1. 038643 .118354 
1.179491 .1817126 

r 1. 000272 . 0001881 
1. 001213 .0006169 
.9954695 .0011718 
.9-993359 .00075 5 
1.001279 .0009 743 
1.000406 .0012461 

z 

-3.91 
0 .34 

-0.12 
-0.22 
-3.69 
-3 . 20 
9.32 
2.65 

-1.15 
2.38 

- 0 .88 
- 0.26 

0 . 33 
1.07 

1. 45 
1. 97 

-3.86 
-0.88 
1.31 
0.33 

Numbe r of obs 

LR chi2( 20) 
prob > chi 2 

p>lzl [95% Conf . 

0.000 .8044829 
0.736 .8093845 
0 . 908 . 7723383 
0.825 . 7486741 
0.000 .4588744 
0 . 001 .2 985148 
0.000 3.148451 
0.008 1. 090814 
0 . 249 .5 655993 
0 . 017 1.093502 
0.379 .6830555 
0 . 795 . 6706051 
0 . 739 .8307514 
0.284 .872 0842 

0 . 148 .9999037 
0.049 1. 000005 
0.000 . 9931755 
0.379 .9978572 
0.189 .9993712 
0.744 .9979671 

7851 

169.76 
0.0000 

I nterval] 

.9302227 
1. 34903 

1.258134 
1.25937 

.7877951 
.747493 

5.797083 
1. 788244 
1.159153 
2.511984 
1.156103 
1. 357843 
1. 298557 
1. 595258 

1. 000641 
1. 002423 
.9977688 
1.00"0"817 

1. 00319 
1. 002852 

stratified by site 

Note: second equation contains variables that continuously vary with respect 
to time; variables (ire interacted wi t h current values of _ t o 

It can be seen that thc p-valuc ofthc intc raction between birth weight and log of time is 0.000 and the 

p-value of the interaction between mother's education and log of time is 0.049, thcscs shows that the 

two variabl es v iol ates the proportional hazards assumption even anc]' stratify ing by the vari able place 

of residence (site). 
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Str-at; fie d Cox reg r. Bres l ow met hod for t i es 

NO . of subjects 
No. of failures 
Time at ri sk 

Log 1 i kel i hood 

_t 

rh 
famsi ze 

_Imed ucJ 
_Imeduc_2 
_Iwater_2 
_Iwater_3 

_Ipari ty_2 
_Iparity_3 

_ISite_1 
_Is ex_1 

_Imomre l _2 
_ImomethL2 

_Imstatus2_2 
_ImageL1 
_ImageL2 

t 
f ams i ze 

meduc 
sex 

mometh2 
mstatus2 

Site 

7851 
661 

2548291 
I 

-5470.2446 

Ha z. Ratio std. Err. 

.8646682 .0320789 

.5982735 .0829043 

.4669004 . 110151 

.9858746 . 1227285 

. 9711024 .1288376 
1. 03837 .1183485 
1.17941 . 1816931 

.9495526 . 1696624 
1. 394527 .1757604 
1. 044306 .1361268 
.8062134 .1484215 

,1. 661549 .3524189 
.8892524 .1194053 
.9548215 .1718539 

1. 000277 .0001886 
1. 00125 .000624 

.9993408 .0007549 
1. 001307 .0009828 
1. 000392 .0012454 
.9995816 . 0010157 

z 

-3.92 
-3.71 
-3 . 23 
- 0.11 
-0.22 
0.33 
1.07 

-0.29 
2.64 
0.33 

-1.17 
2 . 39 

-0.87 
- 0 . 26 

1. 47 
2.00 

- 0.87 
1. 33 
0.31 

- 0.41 

Numbe r of obs 

LR ch i2 C 20) 
Prob > chi 2 

7851 

79.56 
0.0000 

p>lz l [95% conf. Interval ] 

0.000 .8040263 .9298839 
0.000 .4559808 .7849699 
0.001 .2940418 .7413775 
0.909 .7724284 1. 258303 
0.825 .7487465 1.259491 
0.741 .8304931 1. 298279 
0.284 . 8720342 1.59513 
0 . 772 .6690053 1.347747 
0.008 1. 089294 1. 78529 
0. 739 .8088586 1. 34829 
0.242 . 5620129 1.156522 
0.017 1. 096405 2.517997 
0.382 .6834851 1.156967 
0.797 .6709936 1. 358708 

0.142 . 9999076 1. 000647 
0.045 1. 000027 1. 002473 
0 .3 83 .9978623 1.000822 
0.183 .9993824 1.003235 
0 .75 3 .9979535 1. 002836 
0.680 .9975928 1. 001574 

Stratified by bwt 

Note: second equ at ion contains variables that contin uousl y vary w1 th respect 
to time ; variable s are interacted with current values of _t o 

It can be seen that the p- va lue orthe interaction between mothers· education and log o rtime is 

0.045, theses shows that the variab le mothers' educat ion (mcd uc ) violates the proporti onal 

ha za rds ass umption even afte r st ratifying by the variab le bi rth wc ight (bwt). 
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s t rat i f i ed Cox reg r . Bresl ow met ho d f o r t 'ie s 

No . of subjects 
No. of f a i 'Iure s 
Ti me at ri sk 

Log l i kelihood 

_t 

rh 
famsi ze 
- I bwC1 

_Iwat er _2 
_ Iwater _3 

_Ipar i ty_2 
_Ipari ty_3 

- ISl t e_1 
_ Is ex_l 

_ Imomre 1_ 2 
_ Imomet h2_2 

_ Imstat us2 _2 
_Imag eL1 
_ImageL2 

t 
f amsi ze 

bwt 
sex 

momet h2 
mst_atus2 _ 

Site 

7851 
661 

2548291 

-5246 . 528 

Haz , Ratio Std. Er r , 

.8652075 .0320569 
,4.258858 .6619893 
.9867813 . 1228477 
.9726391 .1290723 
1. 038421 . 1183303 
1.178307 .1815377 
. 9437981 . 1682387 
1. 399465 .1764745 
1. 045084 .1361866 
.8079195 .1480242 
1. 664499 . 3532767 
.8879071 . 119189 
.95 34891 . 171582 

1. 000272 .0001882 
. 9954984 . 0011676 

. 99932 .0007551 
1. 001288 . 0009754 
1. 000368 .001247 
.9996294 . 0010085 

z 

- 3.91 
9.32 

- 0.11 
- 0.21 
0 . 33 
1. 06 

-0 . 32 
2.67 
0.34 

- 1.16 
2. 40 

- 0 . 89 
- 0.2 6 

1. 45 
- 3 . 85 
- 0 . 90 

1. 32 
0 . 29 

- 0. 37 

Number of obs 

LR chi 2(l9) 
Prob > chi 2 

7851 

153.09 
0.0000 

p>lzl [95% Conf . I nterval] 

0 . 000 .8046042 .9303755 
0.000 3.140392 5.77567 
0.915 .773129 1. 259476 
0 . 834 .7498849 1. 261563 
0 . 741 .8305713 1. 298284 
0.287 . 8711983 1. 593677 
0.746 . 6654975 1. 33848 
0.008 1. 09301 1 .791842 
0.73 5 .809524 1. 349189 
0.244 .5641751 1.15697 
0.016 1. 098051 2. 523157 
0.376 .6825048 1.155126 
0. 791 .6701014 1. 35672 2 

0 . 148 . 9999032 1. 000641 
0 . 000 .9932125 .9977895 
0 . 368 . 9978412 1.000801 
0 .186 .999 3784 1. 00 3202 
0 . 768 .9979264 1.-002815 
0 .713 .9976547 1.001608 

st rati fi ed by meduc 

Not e: seco nd equation contains variables t hat co nt i nuously vary with respect 
to time; variables are interacted wi t h current va lu es of _ to 

It can be seen that tile p-va luc or the interaction between birth we ight (bwt) and log or til11e is 

0.000, theses shows that the vari able birth we ight (bwt) violates the proporti onal hazards 

assumpti on even after stratify ing by th e va riabl e mothers' educati on. 
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Exponenti a 1 regression accelerated fai l ure- time form 

No. of subj ects 7851 Num be r of obs 7851 
No. of failures 661 
Ti me at ri sk 2548291 

LR chi 2e 9) 156 . 01 
Log li keli hood - 3160.2915 Pro b > chi 2 0 . 0000 

_t coef . std. Er r . z p>lzl [95% Con f . Interva l) 

famsi ze .0889526 .0198796 4.47 0.000 . 0499893 . 1279159 
_Isex_1 - . 2493336 .0786933 - 3.17 0.002 - .403 569 7 -. 0950974 

_Imed uc_l .3758504 .1089541 3.45 0.001 . 1623044 .5893965 
_Imeduc_2 . 4343099 .1378435 3.15 0.002 .1641415 .7044783 

Imstatus2 _2 - .5608076 .1316004 - 4.26 0.000 - .818 7396 - . 3028756 
_Ibwe1 - .9777678 . 1028387 - 9.51 0 . 000 -1. 179328 - . 7762076 

_lsi t ed_1 .233573 7 .1159585 2 . 01 0.044 .0062991 . 4608482 
_I rl1O me thL2 .20211 . 1250388 1. 62 0.106 - .0429615 .4471815 

_Isitxmom_-2 - . 40875 2 . 2016752 -2 . 03 0 . 043 - . 8040281 - . 0134758 
_cons 7 . 769582 . 1605047 48.41 0.000 7.454999 8.084166 

wei bu 11 regres si on accelerated failure - time form 

No . of subjects 
No. of failures 
Time at ri sk 

Log 1 i kel i hood 

_t 

fams i ze 
_Isex_l 

_Imeduc_1 
_I lIleduc_2 

_Imst atus2_2 
_Ibwe1 

_lsi ted_l 
_I IIlO llle t h 2_2 

- Is i tXlIlolll_- 2 
_cons 

I l n_p 

p 
li p 

7851 
661 

254 8291 

- 3105.24 72 

coef . Std . Err. 

.1257926 . 0291444 
-. 3553525 .1148737 

. 5376594 .1592824 

. 6252674 . 2013339 
- .7884589 . 1929173 
- 1. 399476 . 1575679 

. 3221849 .1685171 

.2943825 .1817653 
- .5867609 .2933948 
8.665589 .2573021 

- .3722196 .0378699 

. 6892029 .0261 
1.450952 .0549473 

z 

4 . 32 
- 3.09 

3.38 
3. 11 

- 4.09 
-8.88 
1.91 
1. 62 

-2.00 
33 .68 

-9 . 83 

81 

Num be r of obs 

LR chi2e 9) 
prob > chi 2 

7851 

151. 99 
0.0000 

p>lzl [95% conf . Interval) 

0 . 000 . 0686707 .182914 6 
0.002 -. 5805008 - .1302042 
0.001 . 2254717 .8498472 
0 . 002 .2306603 1. 019875 
0.000 - 1.1665 7 -. 410348 
0 . 000 -1. 708304 -1.090649 
0.056 -. 0081026 . 6524723 
0.105 -. 061871 . 6506359 
0.046 - 1 . 161804 -. 0117176 
0.000 8.161286 9 . 169891 

0 . 000 - .4464431 - .297996 

. 6399001 .7423043 
1. 347156 1. 562744 



Log - norma l regression 

NO. of subje ct s =' 
No. of failures 

accel erated fa il ure - time form 

ri me at ri sk 

Log 1 i kel i hood 

_t 

famsi ze 
_Isex_1 

_I medu c_1 
_I medu c_2 

_Imstatus2_2 
_IbwC1 

_lsi ted_1 
_Imometh2_2 

- Is 1 tXmom_ ..... 2 
_cons 

/In_sig 

sigma 

78 51 
661 

2548291 

-3079.4644 

coef . std. Err . 

.1389828 . 0306552 
-.3916331 .1244346 

. 6162313 . 1693934 

. 6957362 .2122872 
-.8 592568 .2264033 
- 1.776743 .1866331 

.3349647 .1830194 

.3 538188 .1951287 
-.688475 .3256356 
9.239217 .2845301 

1.111703 .0336047 

3.039529 .1021423 

z 

4.53 
- 3.15 

3 . 64 
3.28 

-3. 80 
- 9.52 
1. 83 
1.81 

-2 . 11 
32.47 

33 . 08 

Number of obs 

LR chi2C 9) 
prob > chi 2 

p>lzl [95% conf . 

0.000 . 0788997 
0 . 002 -. 6355205 
0.000 .2842264 
0.001 .279661 
0 . 000 - 1. 302999 
0 . 000 -2. 142537 
0.067 -. 0237468 
0.070 - .0286265 
0.034 -1. 326709 
0.000 8.681549 

0 . 000 1. 045839 

2.845784 

Log - log i sti c regression accel erated failure - time form 

No. of subjects =, 
NO. of failures 
Ti me at ri sk 

7851 
661 

2548291 

Log 1 ikel i hood -3100.3733 

_t Coef. std. Err. 

famsi ze .1306197 .0296089 
_Isex_1 - .3702133 .1174905 

_Imeduc_1 .5592916 .1618391 
_Imeduc_2 .6418962 .2037789 

- Imstatus2_2 -.82 30752 .2021778 
_IbwC1 -1. 508227 .1667853 

_lsi ted_1 .32 69055 .172159 
_Imometh2 _2 .3064026 . 1846945 

_ IsitXmom_-2 -.6043659 .3022583 
_cons 8 . 464221 .2591739 

/I n_gam . 3404402 .0372865 

gamma 1. 405566 .0524086 

z 

4.41 
-3.15 

3.46 
3.15 

- 4.07 
-9.04 
1.90 
1.66 

-2.00 
32 . 66 

9.13 

82 

Numbe r of obs 

LR chi2C 9) 
prob > chi 2 

p>lzl [95% conf. 

0.000 .0725873 
0.002 - .6004904 
0.001 .2420928 
0.002 .2424969 
0.000 - 1 . 219336 
0.000 -1. 835121 
0 . 058 -. 0105199 
0.097 -.0555919 
0.046 -1.196781 
0.000 7 . 956249 

0.000 .26736 

1. 306511 

7851 

175.21 
0.0000 

Inte rva 1] 

.1990658 
- .1477456 

. 9482362 
1.111811 

-.4155144 
- 1.410949 

. 6936762 

.7362641 
-.050241 
9 . 796886 

1.177566 

3.246464 

7851 

158.55 
0.0000 

Int erval] 

.1886522 
-.1399362 

.8764903 
1. 041296 

-.4268139 
-1.181334 

.6643309 

. 6683971 
- .0119505 

8 . 972192 

.4135204 

1. 512132 



The Gree nwoo(r s 1()l"J11lila lelr the variance of KM survival fu ncti on estimator is given by: 
I 

Point wise confidence interva l (CI) for th e surv ival functio n 

wherc s.e(,~,,,, (10)) = Va+~KM (10 )) ; 0 :0:; 8(1):0:; 1 
I 

Sometimes, thi s CI gives va lues less than a and greater than I (which violates the rule of 

o :0:; P (x) :0:; 1 ). In order to aeh ie ve 0 :0:; 8 (I) :0:; I , the log-log transformat ion wi II be appl ied. 

In (- ln ('~'\/ (I))) , 0 :0:;8 (1) :0:; 1 
I 

The variance esti mator of In ( - In (,~ K.\I (t) )) is given by: 

point wise (I -a ) 100 percent Cl ioI' In ( - In( '~KM (10 ))) is given by: 
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=> L ::; ln (- ln (SA", (to)))::;U 

~ ..' < ') (/) < ,/ =>e _ lKMO- e 

.'.point wise ( l - a)100 percent C I ror KM surviva l estima te at 1 = 10 IS betwee n 

exp(~exp(U))an!1 exp(~exp(L)) 
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