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Abstract

Background: Globally, preterm birth (births before 37 completed weeks of

gestational) contributes to under-five and newborn deaths. Tanzania ranks the

tenth country with the highest preterm birth rates globally and shares 2.2% of the

global proportion of all preterm births and contributes to perinatal deaths. Perinatal

deaths (stillbirths and early neonatal deaths) continue to increase relative to

under-five deaths, especially in low- and middle-income countries. Previous

exposure to perinatal death increases preterm birth risk. Understanding the

independent and joint predictors of these outcomes may inform interventions to

accelerate progress towards achieving sustainable development goals. The study

aimed to determine the joint predictors of preterm birth and perinatal death among

singleton births in northern Tanzania.

Methods: The study utilized birth registry data from Kilimanjaro Christian Medical

Center (KCMC) zonal referral hospital from 2000 to 2017, located in Moshi

Municipality, Kilimanjaro region, Northern Tanzania. Generalized estimating

equations (GEE) estimated the marginal effects of covariates on perinatal death.

The predictive capacity of machine learning algorithms was compared with the

classical logistic regression model to predict perinatal death. Multinomial logistic

regression with cluster adjusted robust standard errors determined predictors of

preterm birth. Joint predictors of preterm birth and perinatal death and the

co-occurrence were estimated using the random-effects models to account for the

correlation between these outcomes.
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Results: Perinatal mortality in this cohort slightly declined while preterm birth

rates were increasing. Maternal demographic characteristics and pregnancy-related

conditions and complications increase the risk of these outcomes. The joint

predictors of higher risk of preterm birth and perinatal death were inadequate (<4)

ANC visits, referred for delivery, and complications during pregnancy and

childbirth, specifically pre-eclampsia/eclampsia, PPH, LBW, abruption placenta,

and breech presentation. Younger maternal age (15-24 years), PROM, placenta

previa, and male children have higher odds of preterm birth but a lessened

likelihood of perinatal death.

Conclusion: ANC is a critical entry point for delivering the recommended

interventions to pregnant women, especially those at high risk of experiencing

adverse pregnancy outcomes. Improved management of complications during

pregnancy and childbirth and the postnatal period may eventually lead to

substantially reducing adverse perinatal outcomes towards improving maternal

and child health.

Keywords: Preterm birth, perinatal death, GEE, logistic regression, machine

learning, missing data mechanisms, MAR, nonmonotone pattern, FCS,

joint/multivariate regression, joint modelling, correlated binary outcomes,

Tanzania.
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Chapter 1

Background

1.1 Epidemiology of preterm birth

Every year, an estimated 15 million babies are born preterm (before 37 completed

weeks of gestation) in the world, and this number is rising (World Health

Organization, 2020). Preterm birth is a leading cause of deaths in children under

five years of age globally and it was responsible for over 1 million deaths in 2015

(Liu et al., 2016; Quinn et al., 2016; World Health Organization, 2020). It increases

the risk of babies dying from other causes especially neonatal infections (Blencowe

et al., 2013). Despite modern advances in obstetric and neonatal management, the

rate of preterm birth are reported to be increasing in the developed world

(Georgiou et al., 2015).

Every year, an estimated 15 million babies (11%) are born preterm (before 37

completed weeks of gestation) globally (Chawanpaiboon et al., 2019; Liu et al.,

2016; World Health Organization, 2020), majority (81.1%) of these occurs in Asia

and sub-Saharan Africa (SSA) (Chawanpaiboon et al., 2019). The rates of preterm

birth in SSA are notably high in Nigeria (6.9%), Ethiopia (12.0%), and Tanzania

(16.6%) (Chawanpaiboon et al., 2019). Tanzania ranks the tenth country with the

highest preterm birth rates in the world, and contributes a 2.2% of the global
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proportion of all preterm births (Chawanpaiboon et al., 2019). About seven years

ago (2013), Tanzania was not in the top 10 countries with the highest (>15%)

preterm birth rates globally. By then, Malawi had the highest preterm birth rate

(18%) in SSA and South East Asia (Blencowe et al., 2013; van den Broek et al., 2014).

The country specific estimates shows that the proportion of preterm birth ranged

between 12-13% in Mwanza region (Watson-Jones et al., 2007; Mahande et al.,

2013b; Temu et al., 2016; Rugaimukam et al., 2017) to as high as 24% among HIV

infected women in Dar es Salaam (Zack et al., 2014). In northern Tanzania, a 14.2%

prevalence of preterm birth was reported (Temu et al., 2016).

Preterm birth is a syndrome with a variety of causes which can be classified into

two broad subtypes: (1) spontaneous preterm birth (spontaneous onset of labour or

following pre-labour premature rupture of membranes (pPROM)) and (2)

provider-initiated preterm birth (defined as induction of labor or elective caesarean

birth before 37 completed weeks of gestation for maternal or fetal indications (both

“urgent” or “discretionary”), or other non-medical reasons) (Goldenberg et al.,

2008; Blencowe et al., 2013; Quinn et al., 2016; Phillips et al., 2017; World Health

Organization, 2020). Higher risk of preterm birth is reported among women with a

history of preterm delivery, those with low (≤24) or high maternal age (≥40), short

inter-pregnancy intervals (<24 months), low maternal body mass index (BMI),

multiple pregnancies, maternal infections such as urinary tract infections, malaria,

bacterial vaginosis, HIV and syphilis and those with inadequate (<4) ANC visits

(Blencowe et al., 2013; van den Broek et al., 2014; Mahande & Mahande, 2016;

Mahande & Obure, 2016; Temu et al., 2016; Fuchs et al., 2018). Stress and excessive

physical work or long times spent standing, smoking and excessive alcohol

consumption, sex of the child (more among males compared to females),

hypertensive disorders of pregnancy such as pre-eclampsia or eclampsia, placental

abruption, cholestasis, fetal distress, fetal growth restriction, small gestational age

(a birth weight below the tenth percentile for the gestational age), and early
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induction of labor or cesarean birth (before 39 completed weeks of gestation)

whether for medical or non-medical reasons also increases the risk of preterm birth

(Blencowe et al., 2013; Temu et al., 2016; van Zijl et al., 2016; Yang et al., 2016; Teoh

et al., 2018; World Health Organization, 2020).

The risk of preterm birth is reported to recur in subsequent pregnancies

(Mazaki-Tovi et al., 2007; Mahande et al., 2013b; Laughon et al., 2014; Yang et al.,

2016; Su et al., 2018). Recurrent preterm birth is defined as two or more deliveries

before 37 completed gestational weeks (Mazaki-Tovi et al., 2007). Recurrence risk of

preterm delivery occurs both in low- and high-income countries (Mahande et al.,

2013b; Laughon et al., 2014). The associated factors include;

pre-eclampsia/eclampsia and diabetes, perinatal death, low birthweight,

gestational age at delivery in the first pregnancy, short (<24 months) and long (>36

months) inter-pregnancy intervals, depression, a previous stillbirth and maternal

infections (e.g. UTI) (Mahande et al., 2013b; Laughon et al., 2014; Grantz et al., 2015;

Yang et al., 2016; Malacova et al., 2018).

The world has made substantial progress in improving child survival since 1990.

However, SSA remains to be one of the regions with the highest newborn deaths in

the world (UNICEF et al., 2020; You et al., 2015). The average under-five mortality

rate in SSA was 76 deaths per 1,000 live births in 2019 compared to 180 deaths per

1,000 live births in 1990 (UNICEF et al., 2020). A substantial progress in reducing

childhood mortality rates has also been reported in Tanzania. For example, the

under-5 mortality rates have declined from 147 to 67 deaths per 1,000 live births in

1999 and 2015-2016, respectively (MoHCDGEC [Tanzania Mainland] et al., 2016).

Despite progress in reducing under-five mortality, the world is witnessing an

increase in neonatal deaths (i.e. deaths within one month after birth). Forty seven

percent of the global under-five deaths in 2019 occurred before the first month of

life (neonatal period) (UNICEF et al., 2020). Hence, child survival remains an
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urgent concern especially in Sub-Saharan African countries. Research to determine

predictors of preterm births is an important stage towards addressing the burden of

this problem.

To increase child survival rates and reduce complications due to preterm birth,

WHO recommends essential care during childbirth and in the postnatal period for

every mother and baby (i.e. routine practice for the safe childbirth before, during

and after birth), provision of antenatal steroid injections, kangaroo mother care and

antibiotics to treat newborn infections (World Health Organization, 2020). Tanzania

has also adopted these strategies (Ministry of Health and Social Welfare [MoHSW],

2015). It is one of the five countries where WHO implements a clinical trial on the

immediate kangaroo mother care (KMC) for women at risk of preterm birth (World

Health Organization, 2020). This study may therefore contribute to reliable

information about preterm birth and associated factors that may be used to

improve newborn outcomes in Tanzania.

1.2 Epidemiology of perinatal death

The perinatal period commences at 28 completed weeks of gestation and ends

seven completed days after birth. Perinatal mortality refers to the number of

stillbirths (pregnancy loss that occurs after 7 months of gestation) and early

neonatal deaths (deaths of live births within the first 7 days of life) (MoHCDGEC

[Tanzania Mainland] et al., 2016; World Health Organization, 2019). Because

perinatal and maternal health are closely linked, perinatal mortality is used as an

indicator to measure maternal health status as well as quality of antenatal,

intrapartum and newborn care, and is an important health indicator (Mmbaga

et al., 2012b; Mpembeni et al., 2014; World Health Organization, 2016a, 2019).

Globally, more than 5 million perinatal deaths occur each year (World Health

Organization, 2016a). Children face the highest risk of dying in their first month of
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life, at a global rate of 17 deaths per 1,000 live births (UNICEF et al., 2020). Globally

2.6 million children died in the first month of life in 2016 – approximately 7,000

newborn deaths every day – most of which occurred in the first week, with about 1

million dying on the first day and close to 1 million dying within the next six days.

Sub-Saharan Africa is one of the regions with the highest rate – 28 per 1000 live

births (UNICEF et al., 2020). The patterns of these deaths are similar to the patterns

for maternal deaths; the majority occurring in developing countries (World Health

Organization, 2019). In Tanzania, between the year 2004-2005 and 2015-16, the

under-five mortality rate declined from 112 to 67 deaths per 1,000 live births but the

country has witnessed an increase in the number of stillbirths (from 143 to 187),

number of early neonatal deaths (from 156 to 214) as well as perinatal mortality rate

(from 36 to 39) deaths per 1,000 live births between 2010-11 and 2015-16

respectively (MoHCDGEC [Tanzania Mainland] et al., 2016).

The causes of stillbirths and early neonatal deaths are closely linked, and

examining just one or the other is reported to bias the true level of mortality around

delivery (Ouyang et al., 2013; MoHCDGEC [Tanzania Mainland] et al., 2016). The

risk of perinatal mortality has been associated with preterm birth, shorter birth

interval (<24 months), congenital anomaly, previous history of early neonatal

death, low birth weight, maternal anemia, placental abruption, ruptured uterus,

systemic infections/sepsis, pre-eclampsia, eclampsia, obstetric hemorrhage, having

a home delivery, fetal growth restrictions and maternal infections such as syphilis

and malaria (Nankabirwa et al., 2011; Bayou & Berhan, 2012; Mmbaga et al., 2012a;

Mpembeni et al., 2014; Unterscheider et al., 2014; Vogel et al., 2014; Getiye &

Fantahun, 2017). Although these factors may be common across low-, middle- and

high-income countries, they are likely to differ depending on the context or country

specific conditions such as availability of quality obstetric and newborn care

services at different levels of care.
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WHO has classified the causes of perinatal deaths according to the timing of death

as; antepartum (the time during pregnancy but before child birth), intrapartum (the

time between the onset of labor through delivery of the placenta) or neonatal

period (time between birth up to 7 days post delivery) as well contributing

maternal conditions e.g. hypertension (World Health Organization, 2016a; Getiye &

Fantahun, 2017). Classifying death by timing still provides valuable information for

analysis and targeting of programmes in these areas.

As with other negative maternal outcomes, perinatal deaths are reported to recur in

subsequent pregnancies (Salihu et al., 2011; Mahande et al., 2013a; Ouyang et al.,

2013). At the end of their second pregnancies, mothers whose first pregnancy had

ended in a stillbirth and whose first infant had died as a neonate were at increased

risk of experiencing recurrence of these events in developing countries (Ouyang

et al., 2013). Perinatal deaths have also been reported to recur in a hospital-based

study in northern Tanzania (Mahande et al., 2013a). Furthermore, recurrence risk of

perinatal death has also been associated with characteristics in the first pregnancy

including; pre-eclampsia/eclampsia, placental abruption, placenta previa, induced

labor, preterm delivery, low birth weight, stillbirth and early age at initiation of

pregnancy (Salihu et al., 2011; Mahande et al., 2013a).

WHO recommends a minimum of eight contacts for antenatal care that can reduce

perinatal deaths by up to 8 per 1000 births when compared to a minimum of four

visits (World Health Organization, 2016b). Early identification and management of

women with complications has been recommended to improve maternal and

perinatal outcomes (Vogel et al., 2014). Appropriate and informed interventions are

therefore necessary to accelerate progress towards achieving the second indicator of

sustainable development goal 3, i.e. “by 2030, end preventable deaths of newborns

and children under 5 years of age, with all countries aiming to reduce neonatal

mortality to at least as low as 12 per 1,000 live births and under-5 mortality to at
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least as low as 25 per 1,000 live births” (UNDP, 2018). These interventions should

consider context specific factors that can better explain the risk of perinatal deaths.

As perinatal mortality rate is reported to have increased countrywide, this study

will determine current trends and associated factors among deliveries from women

recorded at KCMC medical birth registry in northern Tanzania.

1.3 Literature review

1.3.1 Literature search strategy

Literature was searched from Google scholar, Science Direct, PubMed and Scopus

databases. The local UKZN library system provided more access to articles that

would not be accessible through Google Scholar from some of the publishers.

Books (those available at the UKZN library and on-line) particularly those that are

specific to statistical models were also searched and used to enrich the literature

referred in this study. The search terms used include preterm delivery, preterm

birth, recurrence of preterm birth, recurrence risk of preterm birth, predictors of

preterm birth/delivery, perinatal death, perinatal mortality, stillbirth and early

neonatal death, recurrence of perinatal death, recurrence of adverse perinatal

outcomes, predictors of perinatal death/mortality, generalized estimating

equations, ordinal logistic regression, ordered logistic regression, joint modeling of

categorical outcomes, joint modelling of correlated binary outcomes, multivariate

models for binary data, marginal models for categorical data.

1.3.2 Preterm births rates

Every year, an estimated 15 million babies are born preterm and the rates are

increasing (Blencowe et al., 2013; World Health Organization, 2020). This estimate is

most probably an underestimation, as most countries have an incomplete birth

registration (van Zijl et al., 2016). The global estimate of preterm birth rates in 2010

was 11.1% (Blencowe et al., 2013). Majority (60%) of all preterm births occur in
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sub-Saharan Africa or South Asian countries, but preterm birth is truly a global

problem (Blencowe et al., 2013; World Health Organization, 2020). Low- and

middle-income countries (LMIC) account for the majority of the world’s preterm

births whereby, in the lower-income countries, on average, 12% of babies are born

too early compared with 9% in higher-income countries (Quinn et al., 2016; Purisch

& Gyamfi-Bannerman, 2017; Vogel et al., 2018). Within countries, poorer families

are at higher risk (World Health Organization, 2020). Preterm birth complications

are a leading cause of deaths in children under-5 years of age (Blencowe et al., 2013;

Liu et al., 2016; UNICEF et al., 2020; World Health Organization, 2020) and

according to WHO, in almost all countries with reliable data, preterm birth rates are

increasing (World Health Organization, 2020).

There are significant variations in the incidence of preterm birth worldwide

(Purisch & Gyamfi-Bannerman, 2017). The rates of preterm birth in 184 countries in

2010 ranged from 5% in several Northern European countries to 18% in Malawi

(Blencowe et al., 2013; Purisch & Gyamfi-Bannerman, 2017). The PTB rate in USA

was reported to be 9.6% in 2015 though not very different from the rate reported in

the 1980s i.e. 9.5% (Purisch & Gyamfi-Bannerman, 2017). Grantz et al. (2015)

reported that 7.8% of women in Utah state USA delivered preterm. This suggests

that, there are differences in PTB rates across states in this country. In the UK, a

proportion of 14.5% was reported among women at high-risk for preterm delivery

in view of their pregnancy history, which included previous late miscarriage, PTB

or significant cervical surgery (Teoh et al., 2018). Studies among high risk

pregnancies are likely to report a large proportion of PTB due to several factors,

including the documented recurrence of negative pregnancy outcomes in

subsequent pregnancies (Mazaki-Tovi et al., 2007; Mahande et al., 2013b; Laughon

et al., 2014; Grantz et al., 2015).

Different hospital based studies on PTB have also been conducted in Asian
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countries. The proportion of PTB was reported to be 6.1% in India (Ahankari et al.,

2001), 8.6% from eight hospitals in Western China (Lu et al., 2015a) and 5.1% in Iran

(Alijahan et al., 2014). This indicates variations in PTB rates across countries. India

and China are the top two countries with the highest number of preterm births

though their PTB rates are not among the top 10 in the world (World Health

Organization, 2020).

The highest documented PTB rates in sub-Saharan Africa for the past seven years

(in 2013) was from Malawi, which had the highest PTB rate (18.1 preterm births per

100 births) in the world (van den Broek et al., 2014; World Health Organization,

2020). However, as previously mentioned, a recent systematic review and

modelling analysis indicated that, Tanzania is the tenth country with the highest

(16·6%) PTB rate in the world (Chawanpaiboon et al., 2019). This systematic review

and modelling analysis only focused on estimating the global burden of preterm

birth and documented challenges in data quality and gestational age estimations.

Reasons for Tanzania being ranked tenth with high preterm birth rates are not

discussed in the paper. However, the study utilized data from an observational

study among women attending antenatal care in Mwanza city from 1997 to 2000

and followed-up to the delivery assessed occurrence of adverse pregnancy

outcomes, including preterm birth (Watson-Jones et al., 2007); the KCMC Medical

Birth registry data reported by Mahande et al. (2013b) from 2000-2018 and

1999-2006 data by Habib et al. (2011).

Hospital-based data such as the KCMC Medical Birth registry are most likely to

overestimate the actual burden of preterm birth in Tanzania. Although 75% of all

deliveries are self-referred for delivery to KCMC hospital, there may still be some

concerns about the generalizability of these findings to the Tanzanian population.

The current study reported trends and determinants of preterm birth and perinatal

deaths and is crucial to informing interventions. Based on the findings presented in
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this thesis, the study is an essential milestone to bridge gaps in data availability,

analysis, interpretation, and reporting (Gliklich et al., 2020).

There are also variations in PTB rate between and within countries in SSA. Among

women who delivered in Gondar town health institutions, Northwest Ethiopia,

prevalence of PTB was 4.4% (Gebreslasie, 2016). In Kenya, prevalence ranged

between 18.3% in 2013 (Wagura et al., 2018) and 20.2% in 2017 in Kenyatta National

Hospital (Okube & Sambu, 2017), an increase of about 2%. The high absolute

number of preterm births in African and Asian countries are related, in part, to high

fertility and the large number of births in those two regions in comparison to other

parts of the world (Blencowe et al., 2013). A meta analysis in East African Countries

(Tanzania, Kenya and Uganda) had estimated the prevalence of PTB to range from

2.7% in Mwanza Tanzania to 5.9% in Kabale Uganda (Marchant et al., 2012). A birth

cohort study in rural Uganda reported a PTB rate of 19.4% (Bater et al., 2020), which

is even higher than global estimates (Chawanpaiboon et al., 2019). Current

estimates are crucial to inform interventions and policy decisions.

Furthermore, there are also differences in PTB rates across regions in Tanzania.

Prevalence ranged between 12-13% in Mwanza region (Watson-Jones et al., 2007;

Rugaimukam et al., 2017) to 24% among HIV infected women in Dar es Salaam

(Zack et al., 2014). Prevalence in Kilimanjaro region, northern Tanzania was

consistently reported to be about 14% (Mahande et al., 2013b; Temu et al., 2016).

Tanzania is one of the countries where WHO is implementing the immediate

kangaroo mother care (KMC) multi-country trial (which is a continuous

skin-to-skin contact, breastfeeding support, and promotion of early hospital

discharge with follow-up) for improving outcomes of preterm births (World Health

Organization, 2020). Current estimates on PTB rate in the country, which also

document trends over time are crucial to inform public health interventions and

programs. The PTB rates are on the rise in both low-, middle- and high-income
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countries (Georgiou et al., 2015; Purisch & Gyamfi-Bannerman, 2017;

Chawanpaiboon et al., 2019; World Health Organization, 2020). Without context

specific interventions, these rates will continue to rise.

1.3.3 Predictors of preterm births

Preterm labour is now thought to be a syndrome initiated by multiple causes

though a precise mechanism cannot be established in most cases; therefore, factors

associated with PTB, but not obviously in the causal pathway, have been sought to

explain preterm labour (Goldenberg et al., 2008; Vogel et al., 2018; World Health

Organization, 2020). There are many maternal and fetal characteristics that have

been associated with increased risk of preterm birth. These are categorized in

maternal demographic characteristics, nutritional status, pregnancy history, present

pregnancy characteristics, psychological characteristics, adverse behaviours,

infections, uterine contractions and cervical length, and biological and genetic

markers (Goldenberg et al., 2008; Vogel et al., 2018). High risk of PTB in high

income countries such as USA and UK, has been linked to racial and ethnic

disparities especially among blacks compared to women from other racial groups

(Goldenberg et al., 2008; Purisch & Gyamfi-Bannerman, 2017).

Generally, maternal factors associated with the risk of PTB include home delivery

(Bater et al., 2020), low (<20 years) and high (>35 years) maternal age, short

inter-pregnancy intervals (≤24 months), low maternal body mass index (BMI) (i.e.

<19 Kg/m2), multiple pregnancies, low socio-economic and educational status,

being single and smoking and alcohol consumption during pregnancy (Blencowe

et al., 2013; Goldenberg et al., 2008; Mahande & Obure, 2016; Okube & Sambu,

2017). Teoh et al. (2018) did not find child gender differences in the occurrence of

PTB contrary to study by Temu et al. (2016) who reported lower risk among females

compared to males though results were not statistically significant. Goldenberg

et al. (2008) indicated that, the mechanisms by which the maternal demographic
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characteristics are related to preterm birth are unknown.

Other factors associated with increased risk of preterm birth include maternal

infections such as urinary track infection, malaria, HIV and other STIs, maternal

conditions such as hypertension during pregnancy, pre-eclampsia/ eclampsia,

maternal anemia and gestational diabetes, low birth weight (LBW), inadequate

(≤4) ANC visits, multiple pregnancies, heavy physical work during pregnancy,

placenta previa, placenta abruption, complications during pregnancy, cervical

incompetence, polyhydramnios (excess of amniotic fluid in the amniotic sac),

preterm premature rupture of membranes (PPROM) and antepartum hemorrhage

(Watson-Jones et al., 2007; Alijahan et al., 2014; van den Broek et al., 2014; Lu et al.,

2015a; Gebreslasie, 2016; Mahande & Mahande, 2016; Mahapula et al., 2016; Temu

et al., 2016; Ahankari et al., 2001; Okube & Sambu, 2017; Rugaimukam et al., 2017;

Wagura et al., 2018; Bater et al., 2020). Intimate partner violence (IPV) during

pregnancy has also been linked with higher odds of PTB (Hill et al., 2016; Vogel

et al., 2018). Other studies did not find a significant association between several of

these factors (including socio-demographic characteristics, maternal anemia and

HIV positive status) with increased risk of PTB (Watson-Jones et al., 2007; Ahankari

et al., 2001; Wagura et al., 2018). This can be explained by the timing of anemia

screening (i.e. before or on the day of delivery) (Ahankari et al., 2001), the

mediating effect of HIV infection on women with malaria and/ or anemic which

may increase the risk of negative pregnancy outcomes (Watson-Jones et al., 2007)

and the small number of women who delivered prematurely (Wagura et al., 2018).

A systematic review by Malacova et al. (2018) has linked previous exposure to

adverse pregnancy outcomes such as PTB and stillbirth with increased risk of PTB.

Likewise, history of preterm birth has been reported by several studies to be a

major risk factors for PTB recurrence in subsequent pregnancies (Mazaki-Tovi et al.,

2007; Mahande et al., 2013b; Laughon et al., 2014; Grantz et al., 2015; Okube &
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Sambu, 2017; Phillips et al., 2017; Malacova et al., 2018; Su et al., 2018). Also,

women who deliver a twin pregnancy are at greater risk for delivering prematurely

in a subsequent singleton pregnancy (Schaaf et al., 2012). Defining risk factors for

prediction of preterm birth is a reasonable goal for identification of at-risk women

that allow initiation of risk-specific treatment and also provide important insights

into mechanisms leading to PTB (Goldenberg et al., 2008). This study will

determine predictors of preterm birth taking into account the natural ordering of

this outcome which is crucial in informing clinical, epidemiological and public

health decisions and interventions.

1.3.4 Perinatal death rates

Globally, more than 5 million perinatal deaths occur each year (World Health

Organization, 2016a; UNICEF et al., 2020). Children face the highest risk of dying in

their first month of life, at a global rate of 17 deaths per 1,000 live births. Globally

2.4 million children died in the first month of life in 2019 – approximately 6,700

neonatal deaths every day, with Central and South East Asia and SSA carrying the

highest burden (UNICEF et al., 2020). “About a third of all neonatal deaths occur

within the first day after birth, and close to three quarters occur within the first

week of life” (Lawn et al., 2014; UNICEF et al., 2020).

Significant differences exists in perinatal death rates in developed compared to

developing countries. Perinatal mortality rate (PMR) was reported to be 5.4 per

1000 live births in Ireland (Unterscheider et al., 2014) which is slightly lower than

that reported in USA (6.0 per 1000 births) (Gregory et al., 2018). These rates are over

five times lower compared to the rates in developing nations (Bayou & Berhan,

2012; Getiye & Fantahun, 2017). The estimated perinatal mortality rate in Brazil,

Southern America, was about four times higher (20.3 per 1000 births) (Miranda

et al., 2017) than that reported in Ireland (5.4 per 1000 live births) (Unterscheider

et al., 2014). These inequalities may reflect differences in the availability of quality
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obstetric and newborn care services.

There is no significant variation in the reported PMR in Asian countries such as

India (49.4 per 1000 births) (Bellad et al., 2010) as compared to estimates in some

SSA countries such as Nigeria (49.9 per 1000 live births) (Oyira et al., 2017). A

Meta-Analysis of Demographic and Health Surveys from 21 SSA countries revealed

a PMR of 34.7 per 1000 births, Eastern African region carrying the highest burden

(Akombi & Renzaho, 2019). Tanzania has the highest PMR in the region (Akombi &

Renzaho, 2019). Also, country specific estimates in Eastern African ranged from 41

per 1000 live births in Uganda to 75.3 per 1000 live births in Eastern Sudan

(Nankabirwa et al., 2011; Ali et al., 2013). The unacceptably higher rates in Sudan

were linked to higher rates of home deliveries, low antenatal care coverage and

maternal conditions such as anemia and malaria infection (Ali et al., 2013). There

could also be some variations in PMR in East African countries depending on the

source of data i.e. community/population vs hospital/facility based surveys. For

instance, the Rwanda DHS has reported a rate of 29 deaths per 1,000 pregnancies

(NISR [Rwanda] et al., 2015), which is nearly 2-3 times lower than that reported in

Uganda and Sudan (Nankabirwa et al., 2011; Ali et al., 2013).

As earlier indicated, the perinatal mortality rate has been reported to increase in

Tanzania from 36 to 39 deaths per 1,000 live births between 2010-11 and 2015-16

DHS survey rounds, relative to under-5 mortality, respectively (MoHCDGEC

[Tanzania Mainland] et al., 2016). Similar trends were also reported in northern

Tanzania. PMR ranged between 27 per 1000 births in Manyara region to 57.7 per

1000 births in Kilimanjaro region (Hinderaker et al., 2003; Mmbaga et al., 2012a).

Mahande et al. (2013a) reported that, among 3,909 women who delivered

singletons for the subsequent (second and above) pregnancy in the KCMC medical

birth registry, 7% lost their child in a perinatal death in their first recorded

pregnancy. The estimated PMR in Kilimanjaro region is higher than the national
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and zonal estimates (MoHCDGEC [Tanzania Mainland] et al., 2016). This increase

in PMR in Tanzania could impair efforts to improve child survival and the

achievement of SDGs. Registry based cohort studies serve as an important data

source to provide current trends and rate of perinatal mortality hence inform

interventions and policy decisions to improve maternal and child health.

1.3.5 Predictors of perinatal deaths

The WHO has classified the causes of perinatal deaths according to the timing of

death as; antepartum (the time during pregnancy but before child birth),

intrapartum (the time between the onset of labor through delivery of the placenta)

or neonatal period (time between birth up to 7 days post delivery) (World Health

Organization, 2016a; Allanson et al., 2016). This classification also links the

contributing maternal conditions with perinatal deaths, given that a maternal

condition is frequently found in the context of a perinatal death (Allanson et al.,

2016). Worldwide, PTB complications are reported to be the leading cause of deaths

among children under-5 years of age, followed by pneumonia and intrapartum

related events (Liu et al., 2016; World Health Organization, 2020). Although Liu

et al. (2016) reported pneumonia to be a leading cause of under-5 deaths in SSA,

PTB complications remains to be one of the biggest threats to child survival, given

its increasing contribution to under-5 deaths both in the region and worldwide.

Findings of the WHO multicountry survey on maternal and newborn health have

associated perinatal deaths with placental praevia, placental abruption, ruptured

uterus, systemic infections/sepsis, pre-eclampsia, eclampsia and severe anemia

among other complications or diseases (Vogel et al., 2014). A review by Nijkamp

et al. (2017) has provided critical information regarding maternal medical history,

obstetric history, current pregnancy (complications), drugs or medications and

other risk factors that are associated with perinatal deaths that should be evaluated

and recorded to improve management and prevent recurrence in subsequent
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pregnancies. Despite variations in the causes of perinatal deaths between and

within countries, various studies have reported similar factors associated with this

outcome. For instance, in Ireland, perinatal death was associated with low birth

weight (LBW), prematurity, pregnancy comorbidities such as hypertension and

diabetes, poor obstetric histories such as prior perinatal death, intrauterine growth

restriction (IUGR) recurrent pregnancy loss and ethnicity (high among ethnic

minorities) (Unterscheider et al., 2014) as also reported by other studies (Bellad

et al., 2010; Miranda et al., 2017; Nijkamp et al., 2017).

In African countries, similar and some other factors have been associated with

increased risk of perinatal deaths. These include, PTB, pregnancy induced

hypertension, obstetric hemorrhage, antepartum hemorrhage, LBW, birth asphyxia

(limited blood flow and deprivation of oxygen to a newborn infant before, during,

or after the birth process), maternal anemia, hypertensive disorders of pregnancy

(including gestational hypertension, pre-eclampsia and eclampsia), congenital

anomalies (also known as birth defects, congenital disorders or congenital

malformations), recurrent pregnancy outcomes such as LBW, neonatal and

perinatal deaths, short (<24 months) or long (>37 months) inter-pregnancy

intervals, low maternal age (<20 years), nulliparous (women who never given

birth), higher rates of home delivery, parity (≥3), obstructed labour (a condition

frequently known as labour dystocia), fetal malpresentation, never use of mosquito

nets (for malaria prevention), low uptake of antenatal care (ANC) services and

antenatal iron supplementation (Nankabirwa et al., 2011; Bayou & Berhan, 2012; Ali

et al., 2014; Habimana-Kabano et al., 2015; Allanson et al., 2016; Getiye & Fantahun,

2017; Oyira et al., 2017).

Likewise, studies in Tanzania reported that, the risk of perinatal deaths was also

associated with prematurity (PTB), birth asphyxia, preeclampsia/eclampsia,

congenital malformations, infections (such malaria, syphilis and urinary tract
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infections), LBW, history of previous pregnancy outcomes such as child death,

hypertensive disorders, prolonged obstructed labour, nulliparity and nutritional

deficiencies (Hinderaker et al., 2003; Mmbaga et al., 2012b; Mpembeni et al., 2014).

High risk of recurrence has been documented among women who experienced

adverse pregnancy outcomes such as perinatal death (including stillbirth and/ or

early neonatal death) in the previous pregnancy(ies) in both developed and

developing countries (Watson-Jones et al., 2007; Salihu et al., 2011; Mahande et al.,

2013a; Ouyang et al., 2013). With increasing regional and national rates of perinatal

deaths, it is important to determine the associated factors which is necessary for

targeted interventions.

1.4 Problem statement

Despite all efforts put forward during the MDG era, perinatal and newborn deaths

continues to increase relative to under-five deaths. Child survival remains at the

heart of the SDG agenda and an urgent concern (You et al., 2015). The highest

number of deaths in children under-five years of age are reported to occur during

the perinatal period (UNICEF et al., 2020). An estimated 15 million babies are born

too early every year (World Health Organization, 2020). Preterm birth is a leading

cause of deaths in children under five years of age (especially perinatal deaths) (Liu

et al., 2016; Quinn et al., 2016; World Health Organization, 2020) and a significant

cause of long-term loss of human potential among survivors around the world

(Blencowe et al., 2013; Malacova et al., 2018; World Health Organization, 2020).

There is, therefore, a close relationship between preterm births and perinatal deaths

because as it also reflect perinatal care services (Lee et al., 2019a), with

provider-initiated preterm birth (often caesarean section) used to prevent potential

fetal deaths. According to World Health Organization (2020), in almost all countries

with reliable data, preterm birth rates are increasing. This would imply a

proportional increase in the number of both stillbirths and early neonatal deaths,

especially in SSA and South-Eastern Asia. To accelerate progress towards reducing
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preterm births and perinatal death rates, country specific estimates are needed to

document current trends and risks using available data.

This study utilized cohort data from KCMC zonal referral hospital birth registry,

which documents deliveries prospectively since the year 2000. The study will

provide an 17 years (i.e. 2000-2017) trend in preterm births and perinatal deaths

and associated factors. Such data are crucial in assessing effectiveness of

interventions to improve child survival towards achievement of sustainable

development goals (SDG). No study has assessed the joint predictors of preterm

birth and perinatal death which underpins the need for this study. We developed a

joint model to assess the joint predictors of preterm birth and perinatal death,

particularly using the random effects approach (Fitzmaurice et al., 2009;

Molenberghs & Verbeke, 2005). While other studies such as those by (Chuwa et al.,

2017; Isaksen et al., 2015; Mahande, 2015; Mmbaga et al., 2011, 2012b) ignored the

presence of missing values in their analysis (by performing complete case analysis),

we applied multiple imputation techniques to account for missing data, hence

improved parameter estimates.

Furthermore, most studies on preterm birth analyzed this outcome as a binary

variable ignoring the natural ordering or other preterm birth categories. Based on

the WHO definition, preterm birth is further grouped according to the levels of

severity (World Health Organization, 2020). It is therefore imperative to consider

these sub-categories and determine associated risk factors compared to those

reported in binary regression analyses that will encourage focused care for women

at high risk of experiencing this and related pregnancy outcomes.

1.5 Study justification

A good understanding of predictors for different negative pregnancy outcomes

may contribute to designing of preventive strategies especially for high-risk
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pregnancies. Existence of a well established medical birth registry better serves this

purpose among many others (Bergsjo et al., 2007). A joint model between preterm

birth and perinatal death will contribute to better understanding of potential risk

factors hence inform preventative and therapeutic measures. This study will also

provide current trends of these outcomes in Tanzania which is crucial to reduce the

risk and related negative pregnancy outcomes.

Women experiencing preterm birth and perinatal death are mostly faced with

psychological, social and economic challenges associated with caring for the babies

born preterm (for instance, preterm deliveries are associated with prolonged

hospital stays for intensive care) and the loss of an infant. Most of the risk factors

for both preterm birth and perinatal deaths can be reduced through cost-effective

interventions before, during and after delivery, during antenatal, labor and

postnatal care (World Health Organization, 2016b, 2020).

Perinatal death is a devastating obstetric complication (Nijkamp et al., 2017).

Determination of causes of death (or associated risk factors) helps in understanding

why and how it occurs, and it is an indispensable aid to parents wanting to

understand why their baby died and to determine the recurrence risk and

management in subsequent pregnancy. Capturing the chain of maternal and fetal

events that led to perinatal death can inform preventative and therapeutic

measures (Nankabirwa et al., 2011; Allanson et al., 2016). Hence, findings from this

study will contribute valuable information that can be used to inform care

throughout the course of pregnancy to reduce the devastation that parents are

likely to experience due to pregnancy related complications. Also, this study may

inform future studies on these and related adverse maternal and fetal outcomes.
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1.6 Study objectives

1.6.1 Broad objective

The main objective of this study was to assess the independent and joint predictors

of preterm birth and perinatal death among singleton birth in northern Tanzania

based on KCMC zonal referral hospital birth registry data between 2000 to 2017.

1.6.2 Specific objectives

1. To determine predictors of perinatal death among singleton births using the

KCMC zonal referral hospital birth registry data between 2000 to 2017.

2. To determine predictors of singleton preterm birth using the KCMC zonal

referral hospital birth registry data between 2000 to 2017.

3. To determine the joint predictors of preterm birth and perinatal death among

singleton birth using the KCMC zonal referral hospital birth registry data

between 2000 to 2017.

4. To develop and apply novel statistical methodology to model PTB and

perinatal death outcomes, including the methods for handling missing

information in the data set.

The rest of the thesis is organized as follows: Chapter 2 describes the data source

and exploratory analysis; Chapter 3 describes the statistical and computational

analysis methods; Chapter 4-7 presents background, methods, results, and

discussion based on each paper/manuscript; Lastly, Chapter 8 focus on the general

discussion, conclusion, and recommendations.
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Chapter 2

Description of the data source and

exploratory analysis

2.1 Study design

We conducted a secondary analysis of birth cohort data from the Kilimanjaro

Christian Medical Centre (KCMC) referral hospital, situated in the Moshi

Municipality of Kilimanjaro region, Northern Tanzania. The KCMC medical birth

registry was established at KCMC to; secure a working system for medical birth

registration, provide research data on the women reproductive health and for

monitoring perinatal health and quality of care at KCMC among other purposes

(Bergsjo et al., 2010). A description of the KCMC medical registry is also available

elsewhere (Bergsjo et al., 2007, 2010; Mmbaga et al., 2012a; Mahande, 2015).

2.2 Study area

The Kilimanjaro Christian Medical Centre (KCMC) is the national zonal referral

hospital located in Moshi Municipality, Kilimanjaro Region, Northern Tanzania.

Based on the 2012 National Population and Housing Census, the region was

projected to have a total population of 1,790,113 in the year 2017 of which males

were 865,692 (48.4%) and females 924,421 (51.6%) (NBS & OCGS, 2018). The region
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has a total of seven districts, including Moshi Municipality and Moshi rural district

where approximately 70% of births that occur at KCMC comes from. This means

that the main catchment area of the hospital is the local population (Mmbaga et al.,

2012b; Mahande, 2015). The hospital also admits referred cases from the rest of the

regional districts as well as six other regions; Arusha, Kilimanjaro, Manyara, Tanga,

Dodoma and Singida (Mahande, 2015). The KCMC Medical birth registry data is

not linked to other health facilities across these regions but captures information for

births recorded in the department of obstetrics and gynecology.

The Tanzania demographic and health survey and malaria indicator survey

(DHS-MIS) 2015-16 estimated the total fertility rate in Kilimanjaro region to be 3.4

children per woman for the three years preceding the survey (MoHCDGEC

[Tanzania Mainland] et al., 2016). For a 10 years period, Maro et al. (2016) estimated

a very high maternal mortality rate at KCMC hospital, i.e., 492.1 per 100,000 live

births, though this figure is slightly lower than the national estimate of 556 per

100,000 live births (MoHCDGEC [Tanzania Mainland] et al., 2016).

2.3 Study population and eligibility criteria

Women and their respective siblings were recruited and data prospectively

collected since the year 2000 to date. The birth registry was designed to include

every birth recorded at the KCMC zonal referral hospital for all consenting

mothers. The hospital has an average of 3500-4000 births each year (Chuwa et al.,

2017; Mahande & Mahande, 2016; Mitao et al., 2016), which is close to 70,000

deliveries to date. All consenting mothers are interviewed using a standardized

questionnaire and data are prospectively recorded in the KCMC medical birth

registry. We analyzed data for all women and their respective singleton deliveries

recorded at the KCMC medical birth registry between the years 2000-2017. Women

with multiple pregnancies were excluded from our analyses to minimize

over-representation of high risk pregnancies (Mahande, 2015).
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Prospective sample size calculations allow for optimal sample size planning in

order to obtain adequate control over the risks of type I and II errors (Columb &

Atkinson, 2015). Longitudinal studies such as the birth registries tend to be more

powerful than cross-sectional studies (Diggle et al., 2002). Hospital-based studies to

estimate the risk of different adverse pregnancy outcomes often require a large

sample size in order to have large statistical power and enhance generalizability of

results (Mahande, 2015; Manor et al., 2000). Between the year 2000-2017, there was

a total of 55907 recorded deliveries in the KCMC medical birth registry from 45324

mothers aged 15-49 years. The large sample size from this registry enhanced

statistical power and reliability of the study findings. Large sample sizes also

provide room for performing stratified analyses (Katz et al., 2013; Mboya et al.,

2020b).

2.4 Data collection methods

Birth data at KCMC have been recorded using a standardized questionnaire

(Appendix A) and entered into a computerized database located at the birth

registry. Data collection is done by trained Project Midwives, mothers being

interviewed within the first 24 hours after birth given a normal delivery (Bergsjo

et al., 2010; Mmbaga et al., 2012a). Although the printed questionnaires are in

English language, the Project Midwives who conduct the interviews are well vested

in English and Swahili languages (Bergsjo et al., 2010). Patient files are used for

verification of interview data and to extract supplementary information. Following

a cesarean section, mothers are interviewed on the second or third day depending

on her condition. A unique identification number was assigned to each woman at

first admission and used to trace her medical records at later admissions (Mahande,

2015).
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2.5 Study variables

The KCMC birth registry contains data on the basic demographic/background

characteristics of parents and the child, mothers health before and during

pregnancy, delivery-related information, including complications, and child status.

Demographic characteristics included age (years), area of residence, occupation,

tribe, current marital status, and highest education level. Information about

mother’s health before and during pregnancy included body weight and height,

smoking and alcohol use during pregnancy, history of serious diseases such as

diabetes, hypertension, malaria, and anemia, family planning practices, antenatal

care (ANC) during the present pregnancy and if so, the number of visits, HIV

status, as well as diseases and complications during present pregnancy such as

gestational diabetes, diabetes, hypertension, preeclampsia/eclampsia, bleeding and

anemia.

Information concerning the delivery included parity, induction of labor, amount of

blood loss, mother’s health after delivery, including whether experienced maternal

death or not, and complications, particularly premature rapture of the membranes

(PROM), bleeding (>500 ml), 3-4 degree tear, abruption placenta, and placenta

previa. The registry also captures child-related information such as the date and

time of delivery, gestational age at birth, child’s sex, birth weight, Apgar scores (1,

5, and 10 minutes), presentation, mode of delivery, and child status, i.e., whether a

child is a live-born, stillborn or experienced neonatal death.

2.6 Data management

Data were imported from Access database to STATA version 15.1 (StataCorp LLC,

College Station, Texas, USA) for cleaning and analysis. We also used R version 3.4.1

for data analysis (for work in Chapter 5). Unique identification numbers (ID)

created to link mothers and her subsequent deliveries was used to merge/link the
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mother-child records. Duplicate and unusual observations were identified and

resolved prior to analysis in consultation with the KCMC birth registry data

managers. We reshaped the data from wide (where all deliveries occurred in

columns) to a long format (where a mother could have multiple records) to account

for repeated deliveries within a mother. Depending on the distribution of variables

in the dataset (both numeric and categorical), some were re-categorized for better

interpretation and comparison with other studies. Re-categorization of these

variables was informed by previous literature. For instance, maternal age was

categorized as 15-19, 20-24, 25-34, 35-39, and 40+. Also, due to small number of

deliveries born at <28 gestational weeks (extremely preterm), preterm birth was

grouped as <32 (extremely/very preterm), 32-<37 (moderate to late preterm), and

≥37 weeks (term), especially for regression analysis of this outcome. The patterns

of missing values was also identified to inform imputation.

2.7 Ethical considerations

Ethical approval for the establishment of the birth registry at KCMC were given by

the local Institutional Review Board of KCMC hospital, the National Ethics

Committee in Norway and by the Tanzania Ministry of Health, Commission for

Science and Technology (Bergsjo et al., 2010). For practical reasons, since the

interview was administered just after the woman had given birth, consent was

given orally. The midwife-nurse gave every woman oral information about the

birth registry, the data needed to be collected from them, and the use of the data for

research purposes. Women were also informed about the intention to gather new

knowledge, which will, in turn, benefit mothers and children in the future.

Participation was voluntary and had no implications on the care women would

receive.

Following consent, mothers were free to refuse to reply to single questions. For

privacy and confidentiality, unique identification numbers were used to both
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identity and then link mothers with child records. There was no any

person-identifiable information in any electronic database, and instead, unique

identification numbers were used. Necessary measures were taken by midwives to

ensure privacy during the interview process. Necessary measures were taken by

project midwives to ensure privacy during the interview (Bergsjo et al., 2010). This

study was approved by the Kilimanjaro Christian Medical College Research Ethics

and Review Committee (KCMU-CRERC) with approval number 2424, particularly

for data access.
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Chapter 3

Statistical and computational

analysis methods

3.1 Descriptive analysis

Descriptive statistics were summarized using measures of central tendency

(mean/median) with their corresponding measures of dispersion (standard

deviation/interquartile range), respectively for numeric variables. Categorical

variables were summarized using frequency and percentages. Line graphs were

used to display trends over time. We used standard linear regression models to

assess linear trends in the proportions of preterm birth and perinatal death over

time (years). Chi-square (χ2) test was used to compare proportion of preterm birth

and perinatal death across different levels of explanatory variables. Data analysis

involved handling missing data using multiple imputation and followed three

stages; the first stage was the complete case analysis. The second stage was the

imputation of the missing values in both the outcomes and covariates, followed by

the analysis of the imputed dataset. Results are compared before and after

imputations.

Furthermore, as we have also stated in (Mboya et al., 2020b), for the analysis of
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missing data, we assumed a nonmonotone pattern of missingness in which some

subject values were observed again after a missing value occurs (Ibrahim &

Molenberghs, 2009; Jakobsen et al., 2017). Multiple imputation is a commonly used

method to deal with missing data, which accounts for the uncertainty associated

with missing data (Pedersen et al., 2017; Jakobsen et al., 2017; Sterne et al., 2009).

Under a nonmonotone pattern of missingness, it is recommended to use the

chained equations, also referred to as fully conditional specification (FCS)

(Van Buuren et al., 2006a; Azur et al., 2011) or the Markov Chain Monte Carlo

(MCMC) method to impute missing values (Jakobsen et al., 2017). We, therefore,

used multiple imputation by FCS to handle missing data in this study. This

technique is a powerful and statistically valid method for creating imputations in

large datasets, which include both categorical and continuous variables (Liu & De,

2015a; Van Buuren et al., 2006a; White et al., 2010; Azur et al., 2011). Additional

details about the assumptions, multiple imputation technique implementation, and

the FCS algorithm are in Section 3.4.

For objective 1 (addressed in Chapter 4), we used generalized estimating equations

(GEE) with binomial family, logit link, exchangeable correlation structure, and

robust variance estimator. Results from this model were compared to the GEE

log-linear regression model, i.e., Poisson family, log link funcion, an exchangeable

correlation structure, and robust variance estimator (Mboya et al., 2020b). GEE is an

extension of Generalized Linear Models (GLM), which is a subject-specific or

conditional models assuming independence of observations within an individual

subject i.e. observation are independent and identically distributed (referred as the

iid requirement) (Hardin & Hilbe, 2003). Contrary to this assumption, there are

many common data situations for which responses are correlated. For instance,

data of patients from different health facilities within the same district may be

different. This may be influenced by the level of health facility (e.g. district vs

referral hospital) and the type of services offered at each level. Based on such
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conditions, the assumption of independence is violated because of the correlation

of observations. GEE models were therefore developed to address the dependence

of longitudinal and clustered data (Hardin & Hilbe, 2003; Bergsma et al., 2009;

Reddy, 2017). A population-averaged model is one which includes the

within-panel (cluster) dependence by averaging effects over all panels (Hardin &

Hilbe, 2003). Registry based studies include data collected at different time points,

successive records being linked using unique identifiers. A mother can have one or

more deliveries recorded each time they deliver in the health facility.

In the crude/unadjusted analysis, a 10% significance level was used to select

covariates to include in the multivariable models. Variable selection was performed

using stepwise regression applying both forward selection and backward

elimination methods (Chowdhury & Turin, 2020). However, variables reported in

the literature to significantly increase the risk of perinatal death were retained in

the models regardless of their level of significance. Relative risk (RR) and Odds

Ratios (OR) with their 95%CI were used to determine the strength of association at

5% significant level. Furthermore, a follow-up paper (which is the content of

Chapter 5) was written to predict perinatal deaths using machine learning models

compared to the logistic regression model (Mboya et al., 2020a). Details about the

applied machine learning models, the statistical approach, and results are

presented in Chapter 5, which are also published in (Mboya et al., 2020a).

For objective 2 (which is the content of Chapter 6), we used multinomial logistic

regression models to determine the predictors of preterm birth as opposed to

previous studies. Epidemiologists are often interested in estimating the risk of

adverse events originally measured on an interval scale (such as gestational age in

weeks). Still, they often choose to divide the outcome into two or more categories to

compute an estimate of effect (risk or odds ratio) (Ananth & Kleinbaum, 1997).

Such restrictions assume that these outcomes share similar characteristics,
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including associated factors that may not always be the case. Previous studies have

analyzed preterm birth as a binary variable (Ahankari et al., 2001; Laughon et al.,

2014; Lu et al., 2015a; Mahande et al., 2013b; Malacova et al., 2018; Teoh et al., 2018;

van den Broek et al., 2014) ignoring other severe forms of preterm birth (World

Health Organization, 2020). Cluster adjusted robust variance estimator was used to

account for repeated observations/deliveries within mothers. Likelihood ratio test

was used to compare nested models while Akaike Information Criteria (AIC) for

comparing non-nested models and for model selection. Likewise, in the unadjusted

analysis, a 10% significance level was used to select covariates to include in the

multivariate models with stepwise regression used for variable selection. Also,

variables identified in the literature as clinically important in the association with

preterm birth were retained in the model regardless of their level of significance.

Odds ratios (OR) and 95%CI were used to determine the strength of association at

5% significance level.

Furthermore, for objective 3 (content of Chapter 7), we jointly modelled the

predictors of preterm birth and perinatal death using the random effects approach.

Studies on the joint modelling of adverse pregnancy events such as preterm birth

and perinatal death are limited. Preterm birth is a known major risk factor for

perinatal death (Goldenberg et al., 2008; Bayou & Berhan, 2012; Georgiou et al.,

2015; Getiye & Fantahun, 2017; Liu et al., 2016). Traditionally, joint models were

developed for the analysis of longitudinal and time-to-event data (Henderson et al.,

2000; McCrink et al., 2011; Andrinopoulou, 2014; Asar et al., 2015). Joint models

applied to categorical responses are also termed as multivariate models

(McCullagh, 1980; Glonek, 1996; Molenberghs & Lesaffre, 1999). By fitting two

independent models of preterm birth and perinatal death, we are making a

restrictive assumption that the two data generation processes are independent. This

may not be a valid assumption because two outcomes from the same individual

could be highly correlated. Therefore, a joint model is relevant to account for
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dependence nature of the two outcomes. The statistical methodology for joint

modelling of correlated binary outcomes applied in this thesis is presented in

Section 7.2.5.

3.2 Marginal models for longitudinal data

In this section, we illustrate and describe statistical methodology applied in the

analysis of repeated measurements using generalized estimating equations (GEE)

in relation to generalized linear models (GLMs). GEE are an extension of GLMs to

correlated observations as opposed to the simpler case of independent

observations. The methods described in this section were applied to analyse data

for Objective 1, presented in Chapter 4 and have been published here (Mboya et al.,

2020b).

3.2.1 Full information maximum likelihood (FIML) estimating equation

for GLM

Without loss of generality, we focus on the case of binary data as an example.

Because GEE is an extension of GLM, we will start by introducing the likelihood

based equation for Bernoulli regression, then describe the estimating equation for a

population averaged model including the description of relevant correlation

structures for repeated measurements. Let Yi denote our binary outcome of interest

for an individual i where i = 1, ..., n such that,

Y =


1 if the event of interest has occurred

0 if the event has not occurred

Hardin & Hilbe (2003) provided a simple description of the estimating equation for

Bernoulli distributed data in their book on Generalized Estimating Equations. We

will use their description to establish the foundation for modeling binary data in

the generalized linear models and later build up to GEE that account for correlation

of observations within clusters. According to Hardin & Hilbe (2003), the Bernoulli
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distribution, a limiting case of the binomial distribution, is the appropriate choice

for the estimation with binary data. Its density function in the case of a single

observation or outcome is given by;

f(y|p) = py(1− p)1−y (3.1)

where p ∈ (0, 1) is the probability of success and E(y) = p ∈ [0, 1] are the expected

values and V (y) = p(1− p) ∈ (0, 1) representing the variance for y. The exponential

family of the distribution has a location parameter θ, a scale parameter α(φ), and a

normalizing term c(y, φ) with the probability density;

f(y; θ, φ) = exp

{
yθ − b(θ)
α(φ)

+ c(y, φ)

}
(3.2)

where E(y) = b′(θ) = µ and V (y) = b′′(θ)α(φ) and b′′ is the variance of µ. Based on

equation (3.1) for Bernoulli distribution and in the case of n independent

observations, the joint density is the product of the densities for the individual

outcomes.

f(y1, ..., yn) =
n∏
i=1

pyi(1− p)1−yi (3.3)

=
n∏
i=1

exp

{
yi ln

(
p

1− p

)
+ ln(1− p)

}
(3.4)

The likelihood is obtained by considering the outcome as Bernoulli distributed and

the parameter p as unknown. Thus;

L(p|y1, ..., yn) =

n∏
i=1

exp

{
yi ln

(
p

1− p

)
+ ln(1− p)

}
(3.5)

In order to introduce covariates that model the outcome, we introduce a subscript

to the notation to allow the mean response to reflect a dependence on the linear

combination of the covariates and the associated coefficients. The notation p will

now change to pi. We also use µi = E(yi) instead of the Bernoulli expected value pi
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for consistence with use among various distributions. The likelihood will now be;

L(µ|y1, ..., yn) =

n∏
i=1

exp

{
yi ln

(
µi

1− µi

)
+ ln(1− µi)

}
(3.6)

Thus, the log-likelihood is given by;

L(µi|y1, ..., yn) =
n∑
i=1

{yi ln(µi)− yi ln(1− µi) + ln(1− µi)} (3.7)

where µi is the mean specific to ith observation. This is because, µi now depends on

covariates associated with that observation. We let µ = (µ1, . . . , µn). However,

handling the model as it is leads to what is known as a saturated model i.e. a model

with parameters equal to the number of observation. Therefore, we need to

introduce a structure to the mean (µi).

The covariates are introduced in the model through the expected value of the

outcome variable, which are in the range (0, 1) through the linear predictor - a set of

independent covariates and associated coefficients to be estimated. Let the linear

predictor be defined as

ηi = X ′iβ ∈ < (3.8)

where Xi = (1, Xi1, . . . , Xip)
′ is the vector of covariates including allowance for a

constant term and β = (β0, . . . , βp) are the p+ 1 regression coefficients including the

intercept. The variance of the outcome (yi) is given by;

V (yi) = µi(1− µi) (3.9)

where µi ∈ (0, 1) is the expected value of the outcome. Finally, if we parameterize

the model using the natural or canonical link the model becomes;

g(µi) = ln

(
µi

1− µi

)
= X ′iβ (3.10)
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This implies;

µi =
eXiβ

1 + eXiβ
= µi(X

′
iβ) (3.11)

The general FIML estimating equation Ψ(Θ) = 0 for Θ = (β) i.e. the vector of

coefficients for Bernoulli distributed data is given by;{ ∂L
∂βj

=
n∑
i=1

(
yi
µi
− 1− yi

1− µi

)(
∂µ

∂η

)
i

xij

}
j=1,...,p


p×1

= [0]p×1 (3.12)

The general estimating equation for the exponential family (also referred as limited

information maximum likelihood (LIML)) uses the same specification and

parameterization of the linear predictor and is given by;{ ∂L
∂βj

=
n∑
i=1

yi − µi
a(φ)V (µi)

(
∂µi
∂η

)
i

xij

}
j=1,...,p


p×1

= [0]p×1 (3.13)

3.2.2 Limited information maximum quasilikelihood (LIMQL)

estimating equation for GEE

The GEE model begins with consideration of the LIMQL (Liang et al., 1992; Hardin

& Hilbe, 2003; Ziegler, 2011). This is applicable on functions that are not from an

exponential family that is where the log-likelihood implied by the estimating

equation is called quasilikelihood (Hardin & Hilbe, 2003; Lee et al., 2006).

Furthermore, Hardin & Hilbe (2003) indicated that, the estimating equation based

on LIMQL is relevant for GEE models due to very restrictive assumptions of the

exponential family that assumes; 1) the form of variance function is a known

function of the mean and 2) independence of observations. When we have repeated

measurements within a cluster, the assumptions of independence and constant

variance will not hold.

Suppose we have independent responses y1, . . . , yn with means E(yi) = µi and

variance V (yi) = a(φ)V (µi), where µi is a function of unknown regression

parameters β = (β0, . . . , βp) where β is a vector of coefficients for p covariates. The
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estimating equation based on quasilikelihood is given by (Hardin & Hilbe, 2003;

Lee et al., 2006);

∂q(µi; yi)

∂µi
=

yi − µi
V (µi)a(φ)

dµi (3.14)

Assuming within panel independence of observations, the LIMQL estimating

equation for GLMs is given by;{Ψ(β) =

n∑
i=1

ni∑
t=1

yit − µit
a(φ)V (µit)

(
∂µ

∂η

)
it

xijt

}
j=1,...,p


p×1

= [0]p×1 (3.15)

where p is the column dimension of the matrix of covariates X. In matrix form we

can re-write this equation as;{Ψ(β) =
n∑
i=1

xTijD

(
∂µ

∂η

)
[V (µi)]

−1
(
yi − µi
a(φ)

)}
j=1,...,p


p×1

= [0]p×1 (3.16)

where D denotes a diagonal matrix. V (µ) is also a diagonal matrix which can be

decomposed into;

V (µi) =
[
D(V (µit))

1/2I(ni×ni)D(V (µit))
1/2
]
(ni×ni)

(3.17)

implying the correlation matrix is identity, I .

3.2.3 GEE modification of the LIMQL

The essential idea behind the GEE approach is to generalize and extend the usual

likelihood equations for generalized linear model for univariate response by

incorporating the covariance matrix of the vector of responses, Yi (Fitzmaurice

et al., 2011). Marginal models for longitudinal data has the following assumptions

(Diggle et al., 2002; Fitzmaurice et al., 2011):

1. The marginal expectation of the response, E(Yij |Xij) = µij , depends on

covariates through a known link function, g(µij) = ηij = X ′ijβ. For example,

the link function can either be logit for binary response and log for counts.

35



3.2. Marginal models for longitudinal data

2. The marginal variance of each Yij given the covariates depends on the

marginal mean according to, V ar(Yij |Xij) = φv(µij), where v(µij is a known

variance function and φ is a scale parameter which may be known or may

need to be estimated.

3. The correlation between Yij and Yik is a function of marginal means and an

additional parameters α. That is Corr(Yij , Yik) = ρ(µij , µik, α), where ρ(.) is a

known function.

In the GEE formulation, Liang et al. (1992) introduces a more general correlation

matrix R(α) that replaces the identity matrix, when we have repeated (correlated)

measurements within a subject or clustered observations within a cluster

depending on the observation unit. The Correlation matrix is estimated using a

parameter vector α. Replacing I(ni×ni) with R(α) in equation (3.17), we now have;

V (µi) =
[
D(V (µit))

1/2R(α)(ni×ni)D(V (µit))
1/2
]
(ni×ni)

(3.18)

According to Hardin & Hilbe (2003), the solution for the estimating equation is

obtained using optimization techniques which iterate toward a solution by

updating a current estimate until convergence. Using a Taylor series expansion of

an estimating equation given by Ψ(β) = 0, and given a starting estimate of β0, the

solution is iterated using the following relationship;

β(k) = β(k−1) +

[
− ∂

∂β

(
β(k−1)

)]−1
Ψ
(
β(k−1)

)
(3.19)

3.2.4 The working correlation structures

There are different correlation matrices used to parameterize the correlation

structure. These include independence, exchangeable (which goes with different

other names including compound symmetry), stationary, nonstationary,

unstructured and autoregressive correlation structures (Liang et al., 1992; Hardin &

Hilbe, 2003; Hedeker & Gibbons, 2006; Ziegler, 2011). Our interest is not to compare

these correlation structures but to describe those recommended for longitudinal
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studies.

3.2.4.1 Exchangeable correlation

The simplest form of the correlation matrix is the identity matrix assumed by the

independence model which assumes that observations within a cluster have a

common correlation (Hardin & Hilbe, 2003). An exchangeable/compound

symmetry correlation is a simple extension of this structure that assumes

observations within a panel/cluster have a common correlation. Only one

parameter α is estimated in this working correlation matrix and has the following

structure;

R(α) =



1 α α . . . α

α 1 α . . . α

α α 1 . . . α

...
...

...
. . .

...

α α α . . . 1


(3.20)

The panels for the data used in this thesis represents mothers and repeated

measurements are children within mothers. In an exchangeable correlation

structure, Pearson residuals given by (Hardin & Hilbe, 2003; Molenberghs &

Verbeke, 2005; Wang, 2014)

r̂ij =
(yij − µ̂ij)√

v(µ̂ij)
(3.21)

from the current fit of the model are used to estimate the common correlation

parameter. The estimate of α̂ from these residuals is given by (Wang, 2014)

α̂ =
1

(N − p)φ

K∑
i=1

∑
j 6=k

rijrik (3.22)

where N =
∑K

i=1 ni(ni − 1) and rij defines the pearson residuals given in equation

3.21. The estimation of the scale/over-dispersion parameter (φ̂) is described in
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Section 3.2.4.4.

3.2.4.2 Autoregressive correlation

The more reasonable working correlation structure for repeated measurements is

the autoregressive working correlation of order 1 (commonly abbreviated as AR or

AR1) (Ziegler, 2011). The AR1 correlation, Corr(yjk, yjk)=ρjk=α|j−k| has the

following structure;

R(α) =



1 α α2 . . . αn−1

α 1 α . . . αn−2

α2 α 1 . . . αn−3

. . . . . . .

αn−1 αn−2 αn−3 . . . 1


(3.23)

for general n x n matrix.

This working correlation reflects the fact that the correlation decreases

exponentially across the lags of the time points (Hedeker & Gibbons, 2006; Ziegler,

2011). We can also estimate the correlation parameters α and scale parameter φ

using Pearson residuals from the current fit of the model. The AR1 estimate of α̂ is

given by (Wang, 2014)

α̂ =
1

(N − p)φ

K∑
i=1

∑
j≤ni−1

rijri,j+1 (3.24)

whereN =
∑K

i=1(ni−1). The correlation matrix is then built from the autoregressive

structure implied by the AR correlations. An autoregressive process of order k has

nonzero correlations for many more than k lags; the matrix is constant along all

major diagonals (Hardin & Hilbe, 2003).
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3.2.4.3 Unstructured correlation

The most general of the correlation structures is the unstructured correlation matrix

which does not impose any assumption on a specific form to the correlation matrix

hence called unstructured working correlation (Hedeker, 2003; Ziegler, 2011). At

each time point, a different variance and covariance is estimated with unstructured

correlation matrix given as;

R(α) =



1 α12 α13 α14 α15

α12 1 α23 α24 α25

α13 α23 1 α34 α35

α14 α24 α34 1 α45

α15 α25 α35 α45 1


(3.25)

for a 5 x 5 correlation matrix. It is mostly assumed that the elements of the matrix

are time independent. Likewise, using Pearson residuals r̂ij in equation 3.21 from the

current fit of the model, the working correlation parameter (α̂jk) for the unstructured

correlation is given by (Molenberghs & Verbeke, 2005)

α̂jk =
1

(K − p)φ

K∑
i=1

rijrik (3.26)

3.2.4.4 Estimating the scale variance/dispersion parameter

Using Pearson residuals r̂ij , statistical packages such as Stata and SAS have in-built

options of estimating two separate equations of the dispersion parameter (φ) given

as (Hardin & Hilbe, 2003; Fitzmaurice et al., 2011; Wang, 2014)

φ̂ =
1

(N − p)

N∑
i=1

ni∑
j=1

r̂2ij (3.27)

where N=
∑
ni, which is the total number of observations, r̂2ij is the ith Pearson

residual and p is the number of covariates in the model. Equation 3.27 above is the

default in SAS and model results (for independent correlation) match exactly the

GLM results. Alternatively, other software packages uses the following equation
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(Hardin & Hilbe, 2003; Molenberghs & Verbeke, 2005; Wang, 2014)

φ̂ =
1

N

N∑
i=1

1

ni

ni∑
j=1

r̂2ij (3.28)

which differs with 3.27 in the denominator (the later not subtracting p). This equation

is the default in Stata and is said to produce an invariant results (with any correlation

structure) to panel-level changes in of the dataset (Hardin & Hilbe, 2003).

3.3 Random effects models for longitudinal data

In longitudinal designs, repeated observations are nested within subjects which

results in multilevel or hierachical data in which the level-1 observations (subjects

or repeated observations) are nested within the higher level-2 observations (clusters

or subjects) (Hedeker, 2005). Generalized linear mixed model (GLMM) is an

extension of the generalized linear model that permits random effects as well as

fixed effects in the linear predictor (Hedeker, 2005; Agresti, 2010). GLMMs are often

referred to as conditional models in contrast to the marginal generalized estimating

equations (GEE) models (Hedeker, 2005).

Let Yij denote the response variable for the ith subject on the jth measurement

occasion. Let Xij denote a vector of predictor variables for jth observation in the ith

subject. Because subjects may not have the same number of repeated measures and

may not be measured at the same set of occasions, we assume there are ni repeated

measurements of the response of the ith subject and that each Yij is observed at

time tij . For the ith subject, Yi = (Yi1, . . . , Yini) and i = 1, . . . , N . Assume the

conditional distribution of each Yij given a q × 1 vector of random effects bi belongs

to the exponential family of distribution. Then V ar(Yij |bi) = φv(Yij |bi), where v(.)

is a known variance function. Given the random effects (bi), the repeated

measurements, Yi1, . . . , Yini are assumed to be independent of one another; ”the

conditional independence assumption” (Diggle et al., 2002; Fitzmaurice et al., 2011).
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The general form of the GLMM is given as

g{E(Yij |bi)}) = ηij = X ′ijβ + Z ′ijbi (3.29)

for some known link function, g(.). The random effects bi are assumed to have a

multivariate normal distribution, with zero mean and q × q covariance matrix, G

such that, bi ∼ N(0, G). The conditional variance is assumed to depend on the

conditional mean according to Var(Yij |bi) = φv{E(Yij |bi)}, where v(.) is a known

variance function and φ is a scale parameter that may be know or may need to be

estimated (Fitzmaurice et al., 2009).

3.3.1 GLMM for a binary response

When the response variable is binary, logistic regression models enable assessment

of the association between an independent variable(s) and the response variable.

When the response variable has more than two categories, generalizations of the

logistic model have been suggested (Manor et al., 2000). Estimation of regression

coefficients using GLM has been described in Section 3.2.1. In this section, the GLM

will be extended for repeated measurements or in other words longitudinal data

using random effects models. For a binary response, Yij takes the values 1 if an event

has occurred and 0 if otherwise. Conditional on a single random effect bi, Yij have a

Bernoulli distribution with V ar(Yij |bi) = E(Yij |bi)(1−E(Yij |bi)) in which case φ = 1.

The conditional mean of Yij depends on fixed and random effects via the following

linear predictor (Fitzmaurice et al., 2011)

ηij = X ′ijβ + Z ′ijbi = X ′ijβ + bi, (3.30)

where Zij=1 for all i = 1, . . . , N and j = 1, . . . , ni. Using a logit link function, this

can be expressed as;

logit

{
P (Yij = 1|bi)
P (Yij = 0|bi)

}
= ηij = X ′ijβ + bi (3.31)
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The single random effect bi is assumed to have a univariate normal distribution with

zero mean and variance g11 (Fitzmaurice et al., 2011). Random effects are assumed

to have a bivariate normal distribution with zero mean and 2 x 2 covariance matrix,

G. No particular computational simplification arises when we focus on the logistic

model with Gaussian random effects (Diggle et al., 2002). The likelihood function for

β and G for binary data is

L(β,G;Yi) =
N∏
i=1

∫ ni∏
j=1

{µij(β, bi)}yij{1− µij(β, bi)}1−yijf(bi;G)dbi (3.32)

where µij(β, bi) = E(Yij |bi;β). With the logit link and Gaussian assumption on the

bi, this reduces to (Diggle et al., 2002)

N∏
i=1

∫
exp

[
β′
∑
j

xijyij + b′i
∑
j

dijyij −
∑
j

log{1 + exp(x′ijβ + d′ijbi)}

]

× (2π)−1|G|−q/2exp(−b′iG−1bi/2)dbi

(3.33)

where G is the q × q variance matrix of each bi.

3.3.2 GLMM for ordinal response

Suppose Yij is an ordinal response with C categories where (c = 1, . . . , C) distinct

ordered categories for C ≥ 2. A logistic mixed effects model for the cumulative

response probabilities is given by (Fitzmaurice et al., 2011; Kombo et al., 2017);

ηij = αc +X ′ijβ + Z ′ijbi, (c = 1, . . . , C − 1). (3.34)

Now using a logit link, we will have a cummulative logit model conditional on

random effects defined as,

log

{
P (Yij ≤ c|bi)
P (Yij > c|bi)

}
= ηij = αc +X ′ijβ + Z ′ijbi (3.35)

The random effects are assumed to have a bivariate normal distribution with zero

mean and 2 × 2 covariance matric, G. This is the proportional odds regression
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model with randomly varying intercepts and slopes (Fitzmaurice et al., 2011). In

equation (3.35), P (Yij ≤ c|bi) is the probability of being at or below category c,

given the random effects and a set of predictors. For C categories of the ordinal

response Yi, αc is the intercept terms that depend on the jth response category and

are needed to compute predicted probabilities, but usually are not of substantive

interest by themselves. The regression parameters, β, reflect the association

between the predictor variables and the outcome for each of the C − 1 cumulative

logits, implying that X ′ijβ is independent of c (Kombo et al., 2017).

Violation of the assumption of identical log-odds could lead to the formulation of

an incorrect or misspecified model (Ananth & Kleinbaum, 1997). To relax the

proportional odds assumption, the model could be extended to

partial-proportional odds and constrained partial proportional odds models

(Ananth & Kleinbaum, 1997; Hedeker, 2008). In these models, covariates are

allowed to have differential effects on the C − 1 cumulative logits (Hedeker, 2008).

3.3.3 Partial Proportional Odds Model

Partial proportional odds model is recommended where there is violation of the

proportional odds assumption. In this case covariates are allowed to have

differential effects on the C − 1 cumulative logits (Hedeker, 2008). The random

effects model for the C − 1 cumulative logits can be written as

ηij = αc + (X∗ij)
′βc +X ′ijβ + Z ′ijbi, (c = 1, . . . , C − 1). (3.36)

where X∗ij is a p × 1 vector containing the values of observation ij on the set of p

covariates for which proportional odds is not assumed. In this model, βc is a p × 1

vector of regression coefficients associated with these p covariates. Because βc carries

the c subscript, the effects of these p covariates are allowed to vary across the C − 1

cumulative logits (Hedeker, 2008).
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3.3.4 Estimation and inference for random effects models

According to Verbeke & Molenberghs (2009), it follows from equation 3.29 that,

conditional on the random effect bi, Yi is normally distributed with mean vector

Xiβ + Zibi and with covariance matrix Σi. Further, bi is assumed to be normally

distributed with mean vector 0 and covariance matrix G. Let f(Yi, bi) and f(bi) be

the corresponding density functions. The marginal density function of Yi is then

given by (Verbeke & Molenberghs, 2009; Fitzmaurice et al., 2011)

f(Yi, bi) = f(Yi|bi)f(bi) (3.37)

where

f(Yi|bi) = f(Yi1|bi)f(Yi2|bi) . . . f(Yini |bi) (3.38)

which is assumed to be normally distributed with mean vector Xiβ and covariance

matrix Vi = ZiGZ
′
i + Σi. Fitzmaurice et al. (2011) stated that, f(Yij |bi) is assumed to

have an exponential family distribution, whereas f(bi) is assumed to have a

multivariate normal distribution with zero mean and covariance matrix G i.e.

f(bi) ∼ MVN(0, G). Let φ denote the vector of all variance and covariance

parameters (usually called variance components) found in Vi = XiGX
′
i. The MLE

for GLMM is obtained by maximizing the marginal model obtained by integrating

out the random effects (Diggle et al., 2002; Fitzmaurice et al., 2011).

L(β,G, φ) =

N∏
i=1

f (yi|bi, G, φ)

=
N∏
i=1

∫ ni∏
j=1

(f(yij |bi, G, φ)f(bi|G) dbi

(3.39)

This is just the marginal distribution of Y obtained by integrating the joint

distribution of Y and bi with respect to bi (Diggle et al., 2002). The MLE estimate of
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β with respect to θ is given as;

β̂ = (X ′iV
−1
i Xi)

−1X ′V −1yi (3.40)

Given the ML estimate of β, φ and G, the random effects bi for any particular subject

can be predicted as follows

b̂i = E(bi|Yi; β̂, φ̂, Ĝ) =

∫
bih(bi|Yi, Xi; φ̂)dbi (3.41)

That is, the predicted random effects for the ith subject are simply estimated as the

conditional mean of bi given Yi (and β̂, φ̂,Ĝ) (Fitzmaurice et al., 2011). Here, h(.) is

the empirical posterior distribution of bi (Grilli & Rampichini, 2012).

3.3.5 Polytomous/multinomial regression models

The polytomous logistic model is an extension of the logistic model for binary

responses to accommodate multinomial responses which does not have any

restrictions on the ordinality of the response (Ananth & Kleinbaum, 1997). Let Yij

denote a nominal response variable for the ith subject and jth measurement

occasion. Adding random effects bi to the fixed-effects multinomial logistic

regression model, we get that the probability that Yij = c (a response occurs in

category c) for a given level-2 unit i is given by (Hedeker, 2008)

Pijc = Pr(Yij = c|Xij , bi) =
exp(ηijc)

1 +
∑C

c=2 exp(ηijc)
for c = 2, 3, . . . , C (3.42)

Pij1 = Pr(Yij = 1|Xij , bi) =
1

1 +
∑C

c=2 exp(ηijc)
(3.43)

A nominal model to allow for any possible set of C−1 response categories is written

as

Pijc =
exp(ηijc)∑C
c=1 exp(ηijc)

for c = 1, 2, . . . , C (3.44)
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where the multinomial logit linear predictor ηijc = X ′ijcβc + Z ′ijcbi. Comparing this

to the logit for ordered responses, we see that all of the effects βc vary across

categories (c = 1, 2, . . . , C). An important distinction between the model for ordinal

and nominal responses is that the former uses cumulative comparisons of the

categories, whereas the latter uses comparisons to a reference category (Hedeker,

2008). Parameter estimation follows the procedure described for ordinal outcomes.

Let Yi denote the vector of nominal responses from level-2 unit i (for the nj level-1

units nested within). The probability of any Yi conditional on the random effects bi

is equal to the product of the probabilities of the level-1 responses

`(Yi|bi) =

ni∏
j=1

C∏
c=1

(Pijc)
Yijc (3.45)

where Yijc = 1 if Yij = c, and 0 otherwise. The marginal density of the response

vector Yi is given by

h(Yi) =

∫
bi

`(Yi|bi)g(bi)d(bi) (3.46)

3.3.6 Correlation induced by random effects variability

As the variance σ2u of the random effects increases, the correlation Corr(Yij , Yit)

between two observations within the same cluster also tends to increase. This

correlation is called intraclass correlation (ICC) (Agresti, 2010; Fitzmaurice et al.,

2011). Consider the cumulative logit link model with a random intercept, bi. The

latent outcome for observation j in cluster i is

y∗ij = α+ β′Xij + bi + εij (3.47)

Suppose the random effects are independent N(0, σ2b ) and the errors εij are also

independent of the random effects and have a variance σ2. This model assumes that

observations within a cluster are exchangeable and the positive correlation among

observations is accounted for by sharing a common random effect (Fitzmaurice
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et al., 2011). This correlation is expressed as,

Corr(Y ∗ij , Y
∗
it) = ρ =

σ2b
σ2b + σ2

(3.48)

This is the proportion of the total residual variance that is due to the variability

σ2b in the random effect. The correlation is positive and increases as σ2b increases,

for fixed σ2 (Agresti, 2010). When the logistic model is used, the residual at level

one are assumed to follow the standard logistic distribution with zero mean and

variance π2/3 = 3.29 (Hedeker, 2008; Agresti, 2010; Grilli & Rampichini, 2012; Arfan

& Sherwani, 2017). Although the above model appears to be the same as an ordinary

multilevel regression model for continuous outcomes, it is one in which the error

variance is fixed and not estimated (Hedeker, 2008). The within groups variation for

dichotomous and ordinal outcomes is defined as

Corr(Y ∗ij , Y
∗
it) = ρ =

σ2b
σ2b + π2/3

(3.49)

where σ2b is the variance between clusters (level 2) and π2/3 is the variance of

standard logistic regression (level 1) for observations within clusters (Arfan &

Sherwani, 2017). Other correlation structures relevant for longitudinal data can also

be incorporated depending on the data structure.

3.4 Analysis of missing data

3.4.1 The missing data model

Longitudinal studies are an important source of information in health sciences and

other areas but often have the problem of missing data (Rubin, 1976; Kombo et al.,

2017). Missing values in longitudinal studies occur when not all of the planned

measurements of a subject outcome vector are actually observed, turning the

statistical analysis into the missing data problem (Kombo et al., 2017). In such

situations it is advised to avoid simple ad hoc methods such as complete case

analysis particularly given it is near impossible to justify that data are missing

47



3.4. Analysis of missing data

completely at random. The process that causes missing data are referred to missing

data mechanisms. There are three missing data mechanisms i.e. missing completely

at random (MCAR), missing at random (MAR), and missing not at random

(MNAR). To illustrate differences between these mechanisms, let Y be the complete

set of measurements which would have been obtained if no missing values. Y can

be partitioned into Y o denoting the observed values and Y m denoting the

unobserved or missing values such that, Y = (Y o, Y m). We also let R denote a set of

indicator random variables denoting which elements of Y are observed Y o or

missing Y m. For observation unit i at the jth measurement, R is given as

Rij =


1 if Yij is observed

0 if otherwise
(3.50)

As Diggle et al. (2002) indicated, a probability model for the missing value

mechanism defines the probability distribution of R conditional on Y = (Y o, Y m)

where Ri = (Ri1, Ri2, . . . , Rin). Data are therefore MCAR if R is independent of

both Y o and Y m which is also referred as the non-response process (Reddy, 2017),

MAR if R is independent of Y m i.e. missingness depend on the observed data Y o

only and MNAR if R depend on Y m which is a non-random process. Molenberghs

& Kenward (2007) stated that, the joint distribution of the full data Y and the

indicator vector variable R can be factorized based on;

f(yi, ri|Xi,Wi, θ, ψ) = f(yi|Xi, θ)f(ri|yi,Wi, ψ) (3.51)

where Xi and Wi denote design matrices for the measurements and missing

mechanism while ψ and θ denotes the corresponding parameter vectors,

respectively (Molenberghs & Kenward, 2007; Kombo et al., 2017). The first factor in

equation 3.51 is the marginal density of the measurement process and the second

one is the density of the missingness process, conditional on the outcomes

(Molenberghs & Kenward, 2007). The conditional distribution of the missing data

can be expressed as f(ri|yi,Wi, ψ). The MAR assumption states, conditional on the
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observed outcomes;

f(ri|yi,Wi, ψ) = f(ri|y0i ,Wi, ψ) (3.52)

Thus the joint distribution of the observed data can be partitioned as,

f(yi, ri|Xi,Wi, θ, ψ) = f(yi|Xi, θ)f(ri|y0i ,Wi, ψ) (3.53)

and hence at the observed data level (where R does not depend on Y m),

f(y0i , ri|Xi,Wi, θ, ψ) = f(y0i |Xi, θ)f(ri|y0i ,Wi, ψ) (3.54)

Under MAR, equation 3.54 implies that the missingness mechanism is ignorable if

the parameters spaces for θ and φ are orthogonal.

3.4.2 Methods for handling missing data

Different methods and techniques such as direct likelihood and Bayesian analyses,

expectation maximization (EM) algorithm, multiple imputation (MI) and weighted

generalized estimating equations are used to handle missing data in longitudinal

studies (Molenberghs & Kenward, 2007). MI is the most popular approach

(Molenberghs & Kenward, 2007; White et al., 2010; Bartlett et al., 2015; Kombo et al.,

2017) which provides a way to capture the uncertainty associated with imputations

and can also be used for both continuous, binary and categorical variables (Kombo

et al., 2017). Standard MI procedures assume that data are MAR (White et al., 2010;

Kombo et al., 2017), an assumption that will also be made in this study. Commonly,

the observed values are used as a basis to impute values for the missing

observations (Molenberghs & Kenward, 2007; White et al., 2010). White et al. (2010)

further stated that, when correctly implemented, MI produces asymptotically

unbiased estimates and standard errors and is asymptotically efficient.

MI involves three distinct stages. Firstly, missing values are filled with m ≥2

49



3.4. Analysis of missing data

plausible values to generate m complete datasets from the posterior predictive

distribution of the missing data conditional on the observed data. The resulting m

imputed datasets are analyzed separately using standard methods for complete

data analysis then the results from m analyses are combined into one using the

Rubin’s rules (White et al., 2010; Bartlett et al., 2015) for inference, where the

standard errors of the estimates take account of the variation within and between

the m imputations (Molenberghs & Kenward, 2007; White et al., 2010; Azur et al.,

2011; Bartlett et al., 2015; Kombo et al., 2017).

Multivariate normal imputation (MVI) and multiple imputation by chain equations

(MICE), also referred as fully conditional specification (FCS) or sequential

regression multivariate imputation are two of the MI approaches used to impute

missing values. The focus of this thesis is on the application of FCS which is a more

flexible method that specifies the multivariate model by a series of conditional

models for each of the incomplete variables as opposed to MVI which relies on the

multivariate normal assumption even for binary and categorical variables (White

et al., 2010; Liu & De, 2015a; Kombo et al., 2017).

An important feature of FCS is its ability to handle different variable types (i.e.

continuous, binary, unordered categorical and ordered categorical) because each

variable is imputed using its own imputation model (according to its distribution),

for example, binary variables modeled using logistic regression and continuous

variables modeled using linear regression (White et al., 2010; Azur et al., 2011; Liu

& De, 2015a; Bartlett et al., 2015). In the FCS procedure a series of regression models

are run whereby each variable with missing data is modeled conditional upon the

other variables in the data (Azur et al., 2011). To minimize bias, it is widely

accepted that the same variables in the model should also be in the imputation

model, including any interactions that will be assessed in the analysis model

whether or not they are associated with missingness or not (White et al., 2010; Azur
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et al., 2011; Kombo et al., 2017). In other words the imputation model aught to be as

rich as possible to capture the missingness as accurately as possible.

3.4.3 The FCS algorithm

For the illustration of FCS algorithm, we let Y denote the fully observed outcome in

this study i.e., preterm birth, X denote the partially observed covariates

X = X1, . . . , Xp, and W denote the fully observed covariates W = W1, . . . ,Wq. Let

Xo and Xm denote the vectors of observed and missing values of X for n subjects.

For each partially observed covariate Xj , we posit an imputation model

f(Xj |X−j ,W, Y, θj) with parameter θj where X−j = (X1, . . . , Xj−1, Xj+1, . . . , Xp)

(Bartlett et al., 2015). This according to (Bartlett et al., 2015) is typically a

generalized linear model chosen according to the type of Xj (e.g. continuous,

binary, multinomial, and ordinal). Furthermore, a noninformative prior distribution

f(θj) for θj is specified. We further let xoj and xmj denote the vectors of observed

and missing values in Xj for the n subjects and y and w denote the vector and

matrix of fully observed values of Y and W across n subjects.

Let xm(t) denote imputations of the missing values xmj at iteration t and

x
(t)
j = (xoj , x

m(t)
j ) denote vectors of observed and imputed values at iteration t. Let

x
(t)
−j = (x

(t)
1 , . . . , x

(t)
j−1, x

(t−1)
j+1 , . . . , x

(t−1)
p ). The tth iteration of the algorithm consists of

drawing from the following distributions (up to constants of proportionality)
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(Bartlett et al., 2015);

θ
(t)
1 ∼ f(θ1)f(xo1|x

(t)
−1, w, y, θ1)

x
m(t)
1 ∼ f(xm1 |x

(t)
−1, w, y, θ

(t)
1 )

θ
(t)
2 ∼ f(θ2)f(xo2|x

(t)
−2, w, y, θ2)

x
m(t)
2 ∼ f(xm2 |x

(t)
−2, w, y, θ

(t)
2 )

...

θ
(t)
p ∼ f(θp)f(xop|x

(t)
−p, w, y, θp)

x
m(t)
p ∼ f(xmp |x

(t)
−p, w, y, θ

(t)
p )



(3.55)

The FCS starts by calculating the posterior distribution p(θ|xo) of θ given the

observed data. This is followed by drawing a value of θ∗ from p(θ|x0) given

(xo, x
(t)
−j , w, y), which is the product of the prior f(θj) and the likelihood

corresponding to fitting the imputation model for Xj to subjects for whom Xj is

observed, using the observed and most recently imputed values of X−j (Bartlett

et al., 2015). Missing values in Xj are then imputed from the imputation model

using the parameter value drawn in the preceding step (Bartlett et al., 2015). Finally,

a value x∗ is drawn from the conditional posterior distribution of xm given θ = θ∗.

The process is then repeated depending on the desired number of imputations

(Van Buuren et al., 2006b; Azur et al., 2011; Bartlett et al., 2015; Kombo et al., 2017).

Within each imputation, there is an iterative estimation process until the

distribution of the parameters governing the imputations have converged in the

sense of becoming stable, although more cycles may be required depending on

certain conditions such as the amount of missing observations in the data (Azur

et al., 2011; Bartlett et al., 2015). Rubin’s rule is then used to provide the final

inference for θ̂ by averaging the estimates across M imputations given by (Bartlett

et al., 2015);

θ̂M =

∑M
m=1 θ̂

m

M
(3.56)
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while the estimate of the variance of θ̂M is given by;

V̂ ar(θ̂M ) =

[
1

M

M∑
m=1

V̂ ar(θ̂m)

]
+

[
(1 + 1/M)

1

M − 1

M∑
m=1

(θ̂m − θ̂M )2
]

(3.57)

which is a combination of within and between imputation variances. Detailed

descriptions on implementation of the FCS/MICE algorithm in STATA is

well-presented elsewhere (StataCorp, 2017; Royston et al., 2011).

Kombo et al. (2017) has well described that, using a Bayesian approach,

imputations are done stepwise starting with the variable with the least amount of

missing values and progressing like that until the variable with the most missing

data is finally handled. He further stated that, the process involves two phases in

each imputation: the fill-in stage and the imputation stage. During every stage,

draws are randomly done from both the posterior distribution of the parameters

and posterior distribution of the missing values. At the fill-in stage, the missing

values are filled in sequentially over the variables, one after the other with

preceding variables serving as covariates or independent variables and the variable

being imputed is the dependent variable (Azur et al., 2011; Kombo et al., 2017). The

filled-in values are then used as starting values for the imputation stage. At the

imputation stage, the filled-in values are replaced with imputed values for each

variable sequentially at each iteration (Kombo et al., 2017).

Different software packages such as R, STATA and SAS are equipped with relevant

tools to both implement and assess convergence of the imputation model (Royston

et al., 2011; Van Buuren et al., 2006a; Liu & De, 2015a). Kernel density estimate plots

are used to visually compare the distributions of the observed, imputed and

completed values of each variable (Liu & De, 2015a). Imputation diagnostics are

important in identifying potentially problematic variables. These diagnoses were a

basis for increasing the number of imputation to 20 and 500 iterations as described

in Chapter 4 and 6.
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Chapter 4

Predictors of perinatal death in the

presence of missing data: a birth

registry-based study in northern

Tanzania

4.1 Introduction

Perinatal death refers to the number of stillbirths (pregnancy loss that occurs after

seven months of gestation and before birth) and early neonatal deaths (deaths of

live births within the first seven days of life) (MoHCDGEC [Tanzania Mainland]

et al., 2016; World Health Organization, 2019). Perinatal and maternal health are

closely linked; hence perinatal mortality is used as an essential indicator to monitor

maternal health status and quality of antenatal, intrapartum, and newborn care

(Mmbaga et al., 2012b; Mpembeni et al., 2014; World Health Organization, 2016a,

2019). Globally, more than five million perinatal deaths occur each year (World

Health Organization, 2016a). Children face the highest risk of dying in their first

month of life at a global rate of 17 deaths per 1,000 births (UNICEF et al., 2020).

Globally, 2.4 million children died in the first month of life in 2019 – 6,700 deaths

54



4.1. Introduction

every day (UNICEF et al., 2020). The patterns of these deaths are similar to the

patterns for maternal deaths, the majority occurring in developing countries (World

Health Organization, 2019). In Tanzania, between the years 2004-2005 and 2015-16,

the under-five mortality rate was reported to have declined from 112 to 67 deaths

per 1,000 births. The country has, however, witnessed an increase in the number of

stillbirths (from 143 to 187), the number of early neonatal deaths (from 156 to 214)

as well as perinatal mortality rate (from 36 to 39) deaths per 1,000 births,

respectively (MoHCDGEC [Tanzania Mainland] et al., 2016).

The risk factors for stillbirths and early neonatal deaths are closely linked, and

examining just one or the other is reported to bias the true level of mortality around

delivery (MoHCDGEC [Tanzania Mainland] et al., 2016; Ouyang et al., 2013). The

risk of perinatal mortality has been associated with preterm birth, shorter birth

interval (<24 months), congenital anomalies, previous history of early neonatal

death, low birth weight, maternal anemia, placental abruption, ruptured uterus,

systemic infections/sepsis, pre-eclampsia, eclampsia, obstetric hemorrhage, having

a home delivery, fetal growth restrictions and maternal infections such as syphilis

and malaria (Bayou & Berhan, 2012; Getiye & Fantahun, 2017; Mmbaga et al.,

2012a; Mpembeni et al., 2014; Nankabirwa et al., 2011; Unterscheider et al., 2014;

Vogel et al., 2014; Liu et al., 2016). As with other adverse maternal outcomes,

perinatal deaths recur in subsequent pregnancies (Mahande et al., 2013a; Ouyang

et al., 2013; Salihu et al., 2011). Although these factors may be common across low,

middle- and high-income countries, they are likely to differ depending on the

context or country-specific conditions such as availability of quality obstetric and

newborn care services at different levels of care.

Despite challenges in the coverage and content of antenatal care (Benova et al.,

2018), the WHO recommends a minimum of eight contacts for antenatal care

(ANC) that can reduce perinatal deaths by up to eight per 1000 births when
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compared to a minimum of four visits (World Health Organization, 2016b). Early

identification and management of women with complications have also been

recommended to improve maternal and perinatal outcomes (Vogel et al., 2014).

Informed interventions are therefore crucial to accelerate progress towards

achieving the second indicator of the third sustainable development goal, i.e., by

2030, end preventable deaths of newborns and children under five years of age,

with all countries aiming to reduce neonatal mortality to at least as low as 12 per

1,000 live births and under-5 mortality to at least as low as 25 per 1,000 live births

(UNDP, 2018). These interventions should consider context-specific factors that can

better explain the risk of perinatal deaths. As perinatal mortality rate is increasing

in Tanzania, this study was aimed to determine current trends and associated

factors from a maternally linked medical birth registry at KCMC referral hospital in

northern Tanzania, comparing results before and after imputation of missing

values.

Missing data is a common problem that occurs in almost all medical and

epidemiological research (Azur et al., 2011; Van Buuren et al., 2006a; Liu & De,

2015a; Kombo et al., 2017; Pedersen et al., 2017). Hospital-based longitudinal

studies are also facing the same problem. Individuals with missing data may differ

from those with no missing data in terms of the outcome of interest and prognosis

in general (Pedersen et al., 2017). Previous studies assessing predictors of perinatal

death have adopted simple methods such as complete case analysis or available

case analysis hence ignoring important information about missing data. Ignoring

missing data in statistical analysis often produces biased and inefficient estimates

of association (Liu & De, 2015a; Pedersen et al., 2017), especially when data are

missing at random (Sterne et al., 2009). This study aimed to determine predictors of

perinatal death accounting for missing values.
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4.2 Methods

4.2.1 Study design and participants

This study utilized data from the KCMC Medical Birth Registry, which contains

maternally linked cohort data since the year 2000. KCMC is a national zonal referral

hospital located in Moshi Municipality, Kilimanjaro Region, Northern Tanzania.

The study population was women who delivered singleton babies. The study

considered all deliveries recorded from January 2000 to December 2015, a total of

55,003 deliveries from 43,084 mothers aged 15-49 years. We excluded 3,316

multiples gestations to avoid over-representation of high-risk pregnancies (Chuwa

et al., 2017). We further excluded 49 records missing hospital numbers (i.e., unique

identification number used to link mothers and their subsequent births) and 791

observations with a mismatch between dates of births of children from the same

mother or were of unknown sequence (i.e., whether was a singleton or multiple

births). We, therefore, analyzed data for 50,847 recorded deliveries born from 41,498

mothers (Figure 4.1).

4.2.2 Data collection methods

A detailed description of the data collection procedure and data collected for the

birth registry have been previously published (Mmbaga et al., 2012a,b; Mahande,

2015). Briefly, birth data at KCMC have been recorded using a standardized

questionnaire. Specially trained project midwives did data collection, and mothers

interviewed within the first 24 hours after birth given a normal delivery or on the

second or third day in case of complicated deliveries depending on their condition,

following informed consent. Although the printed questionnaires are in the English

language, the Project Midwives performing the interviews are well versed in

English, Swahili, and one other tribal language. Patient files and antenatal care

cards were used for verification of interview data and to extract additional

information. Information of neonates admitted in the neonatal intensive care unit
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Figure 4.1: Schematic diagram showing the number of participants, KCMC medical
birth registry, 2000-2015.

were recorded separately in the neonatal registry form and later linked with

mother’s information during entry in the birth registry using unique identification

numbers. Furthermore, a unique identification number was assigned to each

woman at first admission and used to trace her medical records at later admissions.

4.2.3 Study variables and variable measurements

The response variable was perinatal death, which comprises stillbirths (pregnancy

loss that occurs after seven months of gestation) and early neonatal death (death of

live births within the first seven days of life) (World Health Organization, 2019;

MoHCDGEC [Tanzania Mainland] et al., 2016). We coded perinatal death as binary,

i.e., ‘yes’ if death occurred during the perinatal period and ‘no’ if otherwise. The

perinatal mortality rate is calculated as the number of perinatal deaths per 1,000

pregnancies of seven or more months’ duration (MoHCDGEC [Tanzania Mainland]
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et al., 2016).

Independent variables included maternal background characteristics such as age

categories (15-19, 20-34, 35-39 and 40+) in years, area of residence (rural vs. urban),

highest education level (none, primary, secondary and higher), marital status

(single, married and widow/divorced), occupation (unemployed, employed and

others), whether referred for delivery or not and the number of antenatal care visits

(<4 and ≥ 4 visits). Maternal health before and during pregnancy; maternal body

mass index (BMI) categorized as underweight (<18.5 Kg/m2), normal weight

(18.5–24.9 Kg/m2), overweight (25–29.9 Kg/m2) and obese (≥ 30 Kg/m2). Alcohol

consumption during pregnancy, maternal anemia, malaria, systemic

infections/sepsis, and pre-eclampsia/eclampsia categorized as yes or no, with yes

indicating the occurrence of these outcomes. Maternal HIV status was categorized

as positive or negative. Information concerning delivery included complications

during delivery, i.e., premature rupture of the membranes (PROM), postpartum

hemorrhage, placenta previa, and placenta abruption categorized as yes and no.

Gestational age at birth was estimated based on the date of the last menstrual

period and was recorded in whole weeks. Preterm birth included any birth before

37 completed weeks of gestation (Quinn et al., 2016; World Health Organization,

2020). Newborn characteristics included sex (whether male or female), and low

birth weight, defined as an infant birth weight of less than 2500g (Mitao et al., 2016).

4.2.4 Statistical analysis

We analyzed data using STATA version 15.1 (StataCorp LLC, College Station, Texas,

USA). Numeric variables were summarized using means and standard deviations

while categorical variables using frequency and percentages. We used the

Chi-square test to compare the proportion of perinatal death across different levels

of explanatory variables. Data analysis involved three stages; the first stage being

complete case analysis, followed by imputation of missing values in both the

59



4.2. Methods

outcome and the covariates, and finally, analysis of the imputed dataset. Results are

compared before and after imputation to assess the precision of estimates.

Two separate models were fit before and after imputation of missing values. The

first was generalized estimating equations (GEE) model with binomial family, logit

link, exchangeable correlation structure, and robust variance estimator (Model I).

The second was GEE log-linear regression model with the Poisson family, log link,

an exchangeable correlation structure, and a robust variance estimator (Model II).

The GEE models, often called population average or marginal models describes

changes in the population mean given changes in covariates, while accounting for

within-cluster correlation of observations (Hubbard et al., 2010). In this thesis, data

analysis accounted for the correlation of repeated deliveries within mothers, i.e.,

mothers having more than one child born at different times. These models are an

extension to generalized linear models to longitudinal data, directly modelling the

mean response, at each occasion using an appropriate link function (Fitzmaurice

et al., 2009). The estimation procedures are not likelihood-based but uses a series of

estimating equations. Odds Ratio (OR) and Relative risk (RR) with their

corresponding 95% confidence intervals (CIs) were used to determine the strength

of association at 5% significant level, respectively. Incomplete data were assumed to

be missing at random (MAR) where the probability of data being missing does not

depend on the unobserved data, conditional on the observed data (White et al.,

2010; Ibrahim & Molenberghs, 2009; Pedersen et al., 2017; Jakobsen et al., 2017);

hence the variables in the dataset were used to predict missingness. Stepwise

regression was used for variable selection, and it included a consecutive assessment

of the effect of adding or removing different variables from the models.

Furthermore, for the analysis of missing data, we assumed a nonmonotone pattern

of missingness in which some subject values were observed again after a missing

value occurs (Ibrahim & Molenberghs, 2009; Jakobsen et al., 2017). Multiple

60



4.2. Methods

imputation is a commonly used method to deal with missing data, which accounts

for the uncertainty associated with missing data (Pedersen et al., 2017; Jakobsen

et al., 2017; Sterne et al., 2009). Under a nonmonotone pattern of missingness, it is

recommended to use the chained equations (also referred to as fully conditional

specification (FCS) (Van Buuren et al., 2006a; Azur et al., 2011)) or the Markov

Chain Monte Carlo (MCMC) method to impute missing values (Jakobsen et al.,

2017). We, therefore, used multiple imputation by FCS to handle missing data in

this study. This technique is a powerful and statistically valid method for creating

imputations in large datasets, which include both categorical and continuous

variables (Liu & De, 2015a; Van Buuren et al., 2006a; White et al., 2010; Azur et al.,

2011). After declaring the preferred data structure using mi set mlong command, the

mi impute chained function, part of mi package in Stata, implemented this technique,

referred to in this software as Multiple Imputation by Chained Equations (MICE)

approach (Royston et al., 2011; Aloisio et al., 2014; StataCorp, 2019). Before

imputation, mi register imputed command registered variables for the imputation

model. Interested readers can find more about the mi command by typing help mi in

their Stata command window.

Maternal age and education level were imputed using ologit command for ordinal

response variables, while maternal occupation, marital status, and BMI (because

normal weight (18.5–24.9 Kg/m2) was a reference category) using mlogit for

multinomial distribution. The rest of the variables were binary, and so imputed

using the logit command. Pre-eclampsia/eclampsia, anemia during pregnancy,

malaria, sepsis/systemic infections, PROM, PPH, abruption placenta, and placenta

previa did not contain any missing values, hence used as auxiliary variables in the

imputation model. The imputation model generated 20 imputed datasets after 500

iterations (imputation cycles). A random seed of 5000 was specified for replication

of imputation results each time this analysis was performed (Jakobsen et al., 2017;

Royston et al., 2011). We repeated similar procedures when imputing data for
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stratified analysis (i.e., by referral status), and determining the independent

predictors of stillbirth after excluding early neonatal deaths. For the imputation

model stratified by referral status, we imputed the data conditional on referral

status (i.e., using “if” other than the “by” option in the Stata mi impute chained

command options). After the imputation of missing values, we performed the

analysis preceding with the mi estimate: command.

4.3 Results

4.3.1 Maternal background characteristics at first birth

The mean (SD) age of 41,498 mothers was 27 (6) years. More than three quarters

(76.9%) were aged between 20-34 years, 55.9% resided in urban areas, 55.7% had

primary education level, and 85.8% were married. The prevalence of underweight,

overweight, and obese was 5.9%, 26.4%, and 11.1%, respectively. Twenty-eight

percent of mothers drank alcohol during pregnancy (Table 4.1).

4.3.2 Obstetric care characteristics and complication

Malaria was the most common (13.5%) disease in this cohort. The proportion of

pre-eclampsia/eclampsia was 4.1%, while that of HIV was 5.3%. About 30% of all

deliveries had <4 ANC visits, 11.1% were delivered preterm (<37 weeks of

gestation), 10.9% with low birth weight, and 34% delivered through Caesarean

Section (CS). Almost a quarter (23.5%) were referred for delivery. More than half

(51.7%) of these deliveries were males (Table 4.2).

4.3.3 Distribution of missing values in the KCMC Medical Birth registry

Table 4.3 summarizes frequencies and percentages of missing values for the

variables with missing information in this study. Maternal BMI and HIV status had

the highest proportions of missing values, 31.3%, and 23.7%, respectively. These

two variables contributed to over half (55%) of all missing values in the dataset.
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Table 4.1: Maternal background characteristics at first birth (N=41,498)

Characteristics Frequency Percent (95%CI)

Age groups (years)*
15-19 4,250 10.3 (10.0, 10.6)
20-34 31,866 76.9 (76.5, 77.3)
35-39 4,201 10.1 (9.9, 10.4)
40+ 1,101 2.7 (2.5, 2.8)

Area of residence*
Rural 18,244 44.1 (43.6, 44.6)
Urban 23,137 55.9 (55.4, 56.4)

Highest education level*
None 856 2.1 (1.9, 2.2)
Primary 23,081 55.7 (55.3, 56.2)
Secondary 4,895 11.8 (11.5, 12.1)
Higher 12,582 30.4 (29.9, 30.8)

Occupation*
Unemployed 9,386 22.8 (22.4, 23.2)
Employed 28,973 70.3 (23.8, 24.6)
Others 2,865 6.9 (6.7, 7.2)

Marital Status*
Single 5,774 14.0 (13.6, 14.3)
Married 35,468 85.8 (85.5, 86.1)
Widowed/Divorced 99 0.2 (0.2, 0.3)

Body mass index categories*
Underweight (<18.5) 1,671 5.9 (5.6, 6.1)
Normal weight (18.5-24.9) 16,164 56.6 (56.0, 57.2)
Overweight (25-29.9) 7,542 26.4 (25.9, 26.9)
Obese (≥30) 3,184 11.1 (10.8, 11.5)

Drink alcohol during this pregnancy *
Yes 11,490 28.0 (27.6, 28.5)
No 29,513 71.9 (71.5, 72.4)

∗Frequencies do not tally to the total due to missing values in these variables

The proportion of missing values was about 8% in the gestational age at birth

variable and 3.7% on referral status. The perinatal status (primary outcome)

contributed only 0.2% of missing values in this dataset.
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Table 4.2: Diseases and complications during pregnancy and delivery (N=50,847)

Characteristics Frequency Percent (95%CI)

Pre-eclampsia/eclampsia
No 48,779 95.9 (95.8, 96.1)
Yes 2,068 4.1 (3.9, 4.2)

Anaemia
No 50,054 98.4 (98.3, 98.5)
Yes 793 1.6 (1.5, 1.7)

Malaria
No 43,961 86.5 (86.2, 86.8)
Yes 6,886 13.5 (13.2, 13.8)

Infections
No 49,982 98.3 (98.2, 98.4)
Yes 865 1.7 (1.6, 1.8)

HIV Status*
Negative 36,726 94.7 (94.5, 94.9)
Positive 2,064 5.3 (5.1, 5.5)

Number of ANC visits*
≥ 4 33,905 67.9 (67.5, 68.3)
<4 16,006 32.1 (31.7, 32.5)

PROM
No 49,770 97.9 (97.8, 98.0)
Yes 1,077 2.1 (2.0, 2.2)

PPH
No 50,572 99.5 (99.4, 99.5)
Yes 275 0.5 (0.5, 0.6)

Abruption placenta
No 50,676 99.7 (99.6, 99.7)
Yes 171 0.3 (0.3, 0.4)

Placenta previa
No 50,740 99.8 (99.7, 99.9)
Yes 107 0.2 (0.2, 0.3)

Gestational age (weeks) *
Term birth (≥ 37) 41,646 88.9 (88.6, 89.2)
Preterm birth (<37) 5,184 11.1 (10.8, 11.4)

Delivery mode*
Vaginal 33,526 66.1 (65.7, 66.5)
CS 17,179 33.9 (33.5, 34.3)

Referred for delivery*
Yes 11,488 23.5 (23.1, 23.8)
No 37,479 76.5 (76.2, 76.9)

Birth weight*
NBW 45,269 89.3 (89.0, 89.5)
LBW 5,445 10.7 (10.5, 11.0)

Sex of the baby*
Male 26,159 51.7 (51.2, 52.1)
Female 24,461 48.3 (47.9, 48.8)

∗Frequencies do not tally to the total due to missing values in these variables
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Table 4.3: Distribution of missing values in the KCMC Medical Birth Registry, 2000-2015
(N=50,847)

Variables with missing data Frequency Percent Missing

Body Mass Index (BMI) 15,911 31.3
HIV status 12,057 23.7
Gestational age at birth categories 4,017 7.9
Referral status 1,880 3.7
Antenatal Care visits 936 1.8
Alcohol use during pregnancy 636 1.3
Occupation 308 0.6
Sex of the child 227 0.5
Marital Status 186 0.4
Mode of delivery 142 0.3
Birth weight of the child 133 0.3
Perinatal status (primary outcome) 123 0.2
Area of residence 120 0.2
Education level 100 0.2
Age categories 85 0.2

4.3.4 Perinatal status by maternal characteristics during pregnancy and

delivery

Among 50,724 deliveries with complete records on perinatal status in the KCMC

medical birth registry between 2000-2015, 4.2% (95%CI 4.0%, 4.3%) ended in

perinatal death (equivalent to a perinatal mortality rate (PMR) of 41.6 (95%CI 39.9,

43.3) deaths per 1,000 births). After the imputation of missing values, the

proportion of perinatal death remained relatively the same. The proportion of

perinatal death was significantly different (p<0.05) across maternal characteristics

during pregnancy and delivery except for malaria, placenta previa, and sex of the

child. Among deliveries from pre-eclamptic/eclamptic mothers, 13.6% ended up in

a perinatal death. About 5% of perinatal deaths were from HIV positive mothers,

3.7% among those who drank alcohol during pregnancy, and 6.4% among those

with <4 ANC visits. Deliveries from mothers who experienced postpartum

hemorrhage (PPH) had high (22.3%) prevalence of perinatal death compared to

those who were not (4.1%), p<0.001. Likewise, the proportion was 58.8%, 15.6%,

19.1%, and 8.4% among deliveries from mothers who experienced abruption of
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placenta, preterm birth, low birth weight (LBW), and those referred for delivery,

respectively (Table 4.4). In addition, the proportion of perinatal death among 41,396

singleton deliveries was 4.6% and was significantly different (p<0.001) from 2.3%

among 9,328 multiple births (results not shown in the table).

4.3.5 Trends of perinatal death from 2000 to 2015 in northern Tanzania

Between 2000 and 2015, perinatal deaths have been declining slightly in this cohort

(Figure 4.2). The proportion of perinatal death decreased significantly by 12.4%

(95%CI 8-16.9%, p<0.001) for every one-year increase. The proportion of stillbirths

is higher than that of early neonatal deaths over the years (Figure 4.3). However,

between the years 2013-2015, the proportion of early neonatal deaths increased

while that of stillbirth decreased, from 0.2% and 3.7% in 2013 to 1.8% and 2.2% in

2015, respectively. The proportion of stillbirth decreased significantly by 6.2%

(95%CI 1.7-10.6%, p=0.0.01) while that of early neonatal death decreased by 12.4%

(95%CI 0.4-12.4%, p=0.04) for every one-year increase.

4.3.6 Predictors of perinatal death

Adjusted analysis for the predictors of perinatal death before and after imputation

is in Table 4.5. Ignoring missing values in the analysis of pregnancy-related

outcomes, especially in registry-based studies, produces biased parameter

estimates. The coefficients resulting from complete case analysis are observed to be

either higher or lower than should have been if there were no missing values. At

the same time, standard errors are all relatively larger. For instance, considering

Model II, there was a reduced risk of perinatal death among deliveries of

adolescent mothers from (RR=0.582, 95%CI 0.478, 0.708) to (RR=0.674, 95%CI 0.575,

0.789) compared to those aged 20-34 years before and after imputation, respectively.

Also, the risk of perinatal death was observed to have reduced from (RR=1.432

1.243, 1.648) to (RR=1.423, 1.263, 1.603) among pre-eclamptic/eclamptic mothers

and increased from (RR=2.072, 95%CI 1.847, 2.324) to (RR=2.111, 1.906, 2.338)
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Table 4.4: Perinatal status by maternal characteristics during pregnancy and delivery
(N=50,847)

Characteristics
Perinatal status

p-valueAlive Died

Pre-eclampsia/eclampsia <0.001
No 46,836 (96.2) 1,827 (3.8)
Yes 1,780 (86.4) 281 (13.6)

Anaemia 0.001
No 47,875 (95.9) 2,057 (4.1)
Yes 741 (93.6) 51 (6.4)

Malaria 0.45
No 42,045 (95.9) 1,811 (4.1)
Yes 6,571 (95.7) 297 (4.3)

Infections 0.17
No 47,779 (95.8) 2,080 (4.2)
Yes 837 (96.8) 28 (3.2)

HIV Status 0.001
Negative 35,369 (96.5) 1,296 (3.5)
Positive 1,959 (95.1) 101 (4.9)

Drank alcohol during this pregnancy 0.01
Yes 13,593 (96.3) 525 (3.7)
No 34,436 (95.7) 1,538 (4.3)

Number of ANC visits <0.001
≥4 32,840 (97.1) 976 (2.9)
<4 14,947 (93.6) 1,029 (6.4)

PROM 0.004
No 47,569 (95.8) 2,082 (4.2)
Yes 1,047 (97.6) 26 (2.4)

PPH <0.001
No 48,403 (95.9) 2,047 (4.1)
Yes 213 (77.7) 61 (22.3)

Abruption placenta <0.001
No 48,546 (96.0) 2,008 (4.0)
Yes 70 (41.2) 100 (58.8)

Placenta previa 0.21
No 48,517 (95.8) 2,101 (4.2)
Yes 99 (93.4) 7 (6.6)

Gestational age (weeks) <0.001
Term birth (≥ 37) 40,483 (97.4) 1,064 (2.6)
Preterm birth (<37) 4,362 (84.4) 805 (15.6)

Delivery mode 0.32
Vaginal 32,078 (95.8) 1,396 (4.2)
CS 16,435 (96.0) 682 (4.0)

Referred for delivery <0.001
Yes 10,487 (91.6) 967 (8.4)
No 36,365 (97.2) 1,033 (2.8)

Birth weight <0.001
NBW 44,132 (97.7) 1,037 (2.3)
LBW 43,92 (80.9) 1,035 (19.1)

Sex of the baby 0.88
Male 25,018 (95.9) 1,082 (4.1)
Female 23,408 (95.9) 1,006 (4.1)

Total 48,616 (95.8) 2108 (4.2)
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Figure 4.2: Trends of perinatal deaths, KCMC Medical Birth Registry data, 2000-2015
(N=50,724).

among preterm deliveries, before and after imputation, respectively. Consumption

of alcohol during pregnancy lowered the risk of perinatal death except in Model II

after imputation. While the direction of the association for both Models I and II is

almost the same; results from Model II provide more precise estimates of the

predictors of perinatal death as it has both considered missing values and

accounted for overdispersion of the data. The precision of estimates is not only

affected by missing data but also the type of regression model used for analysis. For

instance, results for the association between abruption placenta and risk of

perinatal death in Model I before and after imputation of missing values shows a

nearly 20 times higher risk of perinatal death and too wide confidence intervals.

Model II, however, provide more precise estimates both before and after

imputation (Table 4.5). We will, therefore, focus on results for Model II for

interpretation of our findings.
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Figure 4.3: Trends of stillbirths and early neonatal deaths, KCMC Medical Birth
Registry data, 2000-2015 (N=50,724)

Based on Model II, the risk of perinatal death was higher among deliveries from

mothers who resided in rural compared to urban areas (RR=1.241, 95%CI 1.137,

1.355), with primary (RR=1.201, 95%CI 1.083, 1.332) compared to higher education

levels, with <4 ANC visits (RR=1.250, 95%CI 1.146, 1.365) compared to ≥4 visits,

with PPH (RR=2.638, 95%CI 1.997, 3.486), abruption placenta (RR=4.218, 95%CI

3.438, 5.175), LBW (RR=4.210, 95%CI 3.788, 4.679), male child (RR=1.090, 95%CI

1.007, 1.181), and were referred for delivery (RR=2.108, 95%CI 1.919, 2.317). On the

other hand, a lower risk of perinatal death was observed among deliveries from

mothers who experienced PROM (RR=0.411, 95%CI 0.283, 0.598) and delivered

through CS (RR=0.662, 95%CI 0.604, 0.724).

We further examined the effect of eight or more ANC visits on the risk of perinatal
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death as recommended by WHO (World Health Organization, 2016b). We would

like to indicate it here that data analyzed in this study are between the years 2000

and 2015, during which the recommendation was at least four ANC visits, but

WHO issued the new guidelines in 2016. About 94% of 49,911 recorded deliveries

had <8 ANC visits. Results from the complete case analysis of the GEE log-linear

model (Poisson family, log link function, exchangeable correlation and robust

variance estimator) almost agreed with those presented in Table 4.5 for the four or

more ANC visits. The risk of perinatal death among deliveries from women with

<8 ANC visits in this model was (RR=1.372, 95%CI 1.031, 1.825) compared to ≥8

ANC visits. The relative risk of perinatal death in the same model (Model II in

Table 4.5, in the complete case analysis) for <4 visits is 1.267 (95%CI 1.148, 1.399),

though slightly lower.

4.3.7 Stratified analysis by referral status

Deliveries from women referred for delivery in this cohort had a higher risk of

experiencing perinatal death (RR=2.577, 95%CI 2.280, 2.912) compared to those

who were not (Table 4.5). These women are at risk of having serious pregnancy

complications (Mmbaga et al., 2012b) that are likely to increase the risk of perinatal

death. We, therefore, performed stratified analysis (of the imputed data) by referral

status to better understand the risk factors of perinatal death (Table 4.6). Findings

of the GEE log-linear regression model (i.e., Poisson family, log link, exchangeable

correlation and robust variance estimator) indicated that, the risk of perinatal death

among those referred for delivery was significantly higher among deliveries from

women aged 35-39 years (RR=1.250, 95%CI 1.062, 1.471) compared to those aged

15-19 years, with preeclampsia/eclampsia (RR=1.339, 95%CI 1.135, 1.580), <4 ANC

visits (RR=1.357, 95%CI 1.194, 1.541), with PPH (RR=3.182, 95%CI 2.308, 4.387),

abruption placenta (RR=4.024, 95%CI 3.121, 5.186), preterm birth (RR=1.687, 95%CI

1.451, 1.960) and delivered a LBW baby (RR=2.722, 95%CI 2.351, 3.151) compared to

those who did not. PROM and CS delivery were still protective against perinatal
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4.3. Results

death, (RR=0.426, 95%CI 0.261, 0.697) and (RR=0.628, 95%CI 0.556, 0.708),

respectively. Maternal area of residence, education level, alcohol use during

pregnancy and sex of the child were not associated with the risk of perinatal death

in this analysis. Although not statistically significant, deliveries from women who

consumed alcohol during pregnancy had 1.152 (95%CI 0.998, 1.329) times the risk

of experiencing a perinatal death.

It is worth noting here that, compared to women referred for delivery, there is a

stronger association between most of the covariates and the risk of perinatal death

in the group of women not referred for delivery (Table 4.6). Higher risk of perinatal

death is still on deliveries from women aged 35-39 years, and 40+ years compared

to 20-34 years, rural residents, those with low education level, with

pre-eclampsia/eclampsia, <4 ANC visits, PPH, abruption placenter, preterm birth,

LBW, and male child. Deliveries from women aged 15-19 years, with PROM and

delivered through CS had lower risk of experiencing a perinatal death (Table 4.6). It

was noted that under Model II after imputation of missing values, consumption of

alcohol during pregnancy among women not referred for delivery had a strong

protective effect on the risk of perinatal death (RR=0.757, 95%CI 0.659, 0.869,

p<0.001).

4.3.8 Predictors of stillbirth

The proportion of stillbirths in this study is higher than that of early neonatal

deaths as shown in Figure 4.3. To better understand the risk factors for death

among neonates in this cohort, we excluded 415 (0.8%) early neonatal deaths

among 50,847 total deliveries. We then reanalyzed the data after performing

multiple imputation of missing values. It can be observed (in Table 4.7) that, results

from this analysis (the GEE log-linear model – Poisson family, log link,

exchangeable correlation, and robust variance estimator) agrees with those for the

predictors of perinatal deaths in Table 4.5 except for the sex of the child and
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Table 4.6: Adjusted analysis showing predictors of perinatal death stratified by referral
status

Characteristics
Referred for delivery (N=11,488) Not referred for delivery (N=37,479)

ARRa (SE) 95%CI ARRa (SE) 95%CI

Age groups (years)
15-19 0.619 (0.065) 0.503, 0.761*** 0.667 (0.093) 0.508, 0.875**
20-34 1 1
35-39 1.250 (0.104) 1.062, 1.471** 1.233 (0.100) 1.051, 1.445*
40+ 1.273 (0.172) 0.977, 1.660 1.407 (0.211) 1.049, 1.886*

Area of residence (Rural) 1.131 (0.075) 0.993, 1.288 1.257 (0.076) 1.117, 1.414***
Highest education level

None 1.249 (0.194) 0.921, 1.694 1.511 (0.297) 1.028, 2.220*
Primary 1.115 (0.967) 0.941, 1.321 1.229 (0.085) 1.072, 1.408**
Secondary 0.999 (0.128) 0.777, 1.285 0.923 (0.110) 0.731, 1.165
Higher 1 1

Pre-eclampsia/eclampsia (Yes) 1.339 (0.113) 1.135, 1.580** 1.588 (0.141) 1.335, 1.890***
Drank alcohol during this pregnancy (Yes) 1.152 (0.084) 0.998, 1.329 0.757 (0.053) 0.659, 0.869***
Number of ANC visits (<4) 1.357 (0.088) 1.194, 1.541*** 1.175 (0.074) 1.039, 1.330*
PROM (Yes) 0.426 (0.107) 0.261, 0.697** 0.243 (0.089) 0.118, 0.500***
PPH (Yes) 3.182 (0.521) 2.308, 4.387*** 1.816 (0.470) 1.094, 3.015*
Abruption placenta (Yes) 4.024 (0.521) 3.121, 5.186*** 5.023 (0.734) 3.772, 6.689***
Gestational age (<37 weeks) 1.687 (0.129) 1.451, 1.960*** 2.523 (0.201) 2.158, 2.949***
Delivery mode (CS) 0.628 (0.039) 0.556, 0.708*** 0.651 (0.048) 0.563, 0.752***
Birth weight (LBW) 2.722 (0.203) 2.351, 3.151*** 6.220 (0.492) 5.328, 7.263***
Sex of the baby (Male) 0.983 (0.059) 0.875, 1.105 1.156 (0.068) 1.030, 1.297*
Year 0.979 (0.007) 0.965, 0.994** 0.946 (0.007) 0.932, 0.959***

Note: Stratified analysis was performed after imputing the missing data (conditional on each referral status) using
the GEE log-linear regression model, i.e., Poisson family, log link, exchangeable correlation, and robust variance
estimator.
aAdjusted Risk Ratio
* p<0.05, ** p<0.01, *** p<0.001.

consumption of alcohol during pregnancy. The risk of perinatal death is

significantly higher among deliveries from women aged 35-39 (RR=1.252, 95%CI

1.103, 1.421) and 40+ (RR=1.366, 95%CI 1.096, 1.701) compared to 20-34 years, rural

residents (RR=1.273, 95%CI 1.153, 1.405), with no education (RR=1.428, 95%CI

1.089, 1.873) and primary education level (RR=1.224, 95%CI 1.090, 1.374) compared

to higher education. The risk is also high among deliveries from women with

pre-eclampsia/eclampsia (RR=1.497, 95%CI 1.311, 1.710), <4 ANC visits (RR=1.286,

95%CI 1.163, 1.423), PPH (RR=3.100, 95%CI 2.282, 4.210), abruption placenta

(RR=4.683, 95%CI 3.722, 5.893), preterm birth (RR=2.210, 95%CI 1.961, 2.492),

delivered a LBW baby (RR=4.619, 95%CI 4.091, 5.214) and were referred for

delivery (RR=2.080, 95%CI 1.870, 2.313). The risk of stillbirth decreased significantly
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with every one-year increase in time (RR=0.970, 95%CI 0.960, 0.980). Furthermore,

the risk of perinatal death was low among deliveries from women aged 15-19 years

(RR=0.574, 95%CI 0.475, 0.695), who experienced PROM (RR=0.302, 95%CI 0.184,

0.497), and delivered through CS (RR=0.555, 95%CI 0.449, 0.617).

Table 4.7: Adjusted analysis showing predictors of stillbirth

Characteristics
Before Imputation (N=43,198) After imputation (N=50,432)

ARRa (SE) 95%CI ARRa (SE) 95%CI

Age groups (years)
15-19 0.486 (0.059) 0.383,0.616*** 0.574 (0.056) 0.475, 0.695***
20-34 1 1
35-39 1.206 (0.091) 1.040,1.397* 1.252 (0.081) 1.103, 1.421***
40+ 1.324 (0.171) 1.028,1.705* 1.366 (0.153) 1.096, 1.701**

Area of residence (Rural) 1.217 (0.069) 1.089,1.360*** 1.273 (0.064) 1.153, 1.405***
Highest education level

None 1.192 (0.242) 0.801,1.774 1.428 (0.198) 1.089, 1.873*
Primary 1.225 (0.080) 1.078,1.392** 1.224 (0.072) 1.090, 1.374**
Secondary 0.999 (0.102) 0.818,1.219 0.957 (0.091) 0.795, 1.152
Higher 1 1

Pre-eclampsia/eclampsia (Yes) 1.506 (0.119) 1.290,1.759*** 1.497 (0.101) 1.311, 1.710***
Drank alcohol during this pregnancy (Yes) 0.888 (0.057) 0.784,1.007 0.909 (0.051) 0.815, 1.015
Number of ANC visits (<4) 1.276 (0.072) 1.143,1.425*** 1.286 (0.066) 1.163, 1.423***
PROM (Yes) 0.288 (0.087) 0.160,0.519*** 0.302 (0.077) 0.184, 0.497***
PPH (Yes) 3.080 (0.546) 2.176,4.359*** 3.100 (0.484) 2.282, 4.210***
Abruption placenta (Yes) 5.039 (0.650) 3.913,6.489*** 4.683 (0.549) 3.722, 5.893***
Gestational age (<37 weeks) 2.188 (0.145) 1.922,2.490*** 2.210 (0.135) 1.961, 2.492***
Delivery mode (CS) 0.534 (0.033) 0.474,0.602*** 0.555 (0.030) 0.499, 0.617***
Birth weight (LBW) 4.581 (0.314) 4.005,5.241*** 4.619 (0.286) 4.091, 5.214***
Sex of the baby (Male) 1.121 (0.058) 1.012,1.242* 1.081 (0.050) 0.988, 1.183
Referred for delivery (Yes) 2.185 (0.132) 1.940,2.460*** 2.080 (0.113) 1.870, 2.313***
Year 0.972 (0.006) 0.960,0.985*** 0.970 (0.005) 0.960, 0.980***

Note: Analysis performed using the GEE log-linear regression model, i.e., Poisson family, log link, exchangeable
correlation, and robust variance estimator.
aAdjusted Risk Ratio
* p<0.05, ** p<0.01, *** p<0.001.

4.4 Discussion

The proportion of perinatal death in this study was 4.2%, an estimated PMR of 41.6

per 1000 births. This study found that, under MAR assumption, ignoring missing

values leads to biased parameter estimates. Higher risk of perinatal death was

associated with maternal demographic characteristics (i.e., age, area of residence
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and education level), pregnancy and delivery-related characteristics (i.e.,

pre-eclampsia/eclampsia, number of ANC visits, PPH, abruption placenta, preterm

birth, low birth weight, sex of the child and referral status). PROM and CS delivery

were associated with a lower risk of perinatal death in this population. There were

no differences in the predictors of perinatal death and stillbirth in this study.

The PMR in this study 41.6 per 1000 births is higher than 27.0 per 1,000 births

reported in Manyara region, northern Tanzania (Hinderaker et al., 2003), and

slightly higher than the national estimate, 39 per 1000 births (MoHCDGEC

[Tanzania Mainland] et al., 2016) but significantly higher than those reported from

high-income countries such as Ireland (5.4/1,000 births)(Unterscheider et al., 2014)

and USA (6.0/1,000 births)(Gregory et al., 2018). Higher PMR than the national

level could be because this study was conducted at the consultant referral hospital

and therefore attending women with most complications or higher risk pregnancy

compared to estimates at lower-level facilities and population surveys. PMR in this

study is lower than those reported in India (49.4/1,000 births) (Bellad et al., 2010),

Nigeria (49.9/1,000 births)(Oyira et al., 2017), and in Eastern Sudan (75.3 per 1,000

births)(Ali et al., 2014). Higher rate in Sudan was linked to the higher proportion of

home deliveries, low ANC coverage, and maternal infections such as malaria and

anemia (Ali et al., 2014). These inequalities reflect differences in the availability and

quality of obstetric and newborn care services within and between countries. The

proportion of stillbirth in this study was consistently larger than the early neonatal

death, possibly because women and their newborns were discharged soon after

birth; hence deaths occurring at home could not be recorded (Bailey et al., 2017).

However, between the years 2013-2015, the proportion of early neonatal deaths

increased while that of stillbirth decreased. A previous study on the recording of

maternal deaths reported a considerable under-reporting of these deaths in the

medical birth registry (Bergsjo et al., 2010), which might also be the case in the

reporting of stillbirth and early neonatal deaths in this study. Concerted efforts are
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needed to articulate and address the health system and provided related challenges

in the delivery of quality reproductive, maternal, and newborn care services to

avert the rising trends of PMR in Tanzania.

Ignoring missing values in the analysis of clinical events such as adverse pregnancy

outcomes like perinatal death produces biased parameter estimates (Kombo et al.,

2017; Liu & De, 2015a; Pedersen et al., 2017; Sterne et al., 2009; Van Buuren et al.,

2006a), as also shown in this study. After the imputation of missing values, the

effect of covariates on perinatal death appeared to be stronger than before

imputation. This emphasizes the need for considering missing values in modeling

adverse pregnancy outcomes, particularly in longitudinal studies where such

issues are common (Pedersen et al., 2017; Sterne et al., 2009; Ibrahim &

Molenberghs, 2009). We further observed that, the GEE log-binomial regression

model slightly over-estimated parameter estimates compared to the log-linear

model. For more precise parameter estimates, data analysts should carefully

consider the choice of the regression models that better fit their data.

Unexpectedly, alcohol use during pregnancy was observed to reduce the risk of

perinatal death before imputation of missing values and after imputation using the

GEE binomial regression model. We did not find a significant association in the

GEE with a log-linear regression model, which agrees with other studies (Baptista

et al., 2017). However, maternal alcohol consumption during pregnancy has been

associated with a decreased risk of being small for gestational age (below 10th

percentile related to gestational age and sex) and that of preterm birth (Isaksen

et al., 2015). Although the stratified analysis in our study agrees with these findings

only among women not referred for delivery, this finding should be interpreted

with caution due to the low proportion (3.5%) of women who drank alcohol during

pregnancy in this category. Moreover, the study did not collect data on the

dose-effect relationship for the association between alcohol consumption and
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perinatal death. More should be done to investigate the effect of alcohol use during

pregnancy on the adverse pregnancy outcomes because it is unlikely that alcohol

consumption in itself can explain these findings (Isaksen et al., 2015). Furthermore,

Isaksen et al. (2015) recommended further insights on diet (and nutrition), lifestyle

factors, and maternal health that could explain this paradoxical association. Despite

the observed association, the WHO recommends screening and counseling of

pregnant women on the harmful effects of substance use during pregnancy

(including alcohol) at every ANC visit (World Health Organization, 2016b). We

found the risk of perinatal death to be high among deliveries from mothers in

higher age categories (35-39 and 40+ years) compared to those aged 20-34 years.

Advanced maternal age (>35 years) has been linked with a higher risk of stillbirth

(Nijkamp et al., 2017), while in Uganda, there was no significant age effect

(Nankabirwa et al., 2011). However, the risk of perinatal death was high among

pregnant women aged 30+ years (Nankabirwa et al., 2011), which can be explained

by small number of perinatal deaths in the 30+ age category. Rural residents had a

higher risk of experiencing perinatal death in this study, contrary to findings from

Uganda, who found the risk to be high in urban areas (Nankabirwa et al., 2011).

Women from urban areas in Uganda were living in slums (characterized by low

socio-economic status (SES) and poor access to care), which could explain the

observed discrepancies. Furthermore, compared to our findings, there was no

significant association between perinatal death and maternal education level in this

study (Nankabirwa et al., 2011). It is worth noting here that, having no education

was not associated with the risk of perinatal death before but not after imputation

of missing values. Pregnant women residing in rural areas and with low education

levels could be in a disadvantaged position in accessing quality health care during

pregnancy and childbirth. Low socioeconomic status has also been linked to

adverse pregnancy outcomes such as perinatal death (Bellad et al., 2010; Nijkamp

et al., 2017; Blumenshine et al., 2010), but this could not be measured in our study.
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Area of residence and education level were not significant predictors of perinatal

death among those referred for delivery probably because most of those referred

were coming from rural areas of residence, had low SES and low education.

Deliveries from women who had <4 ANC visits had a higher risk of perinatal

death. Antenatal care provides a critical opportunity for women and babies to

benefit from good quality maternal care (Benova et al., 2018; World Health

Organization, 2016b). Furthermore, the risk of perinatal death was higher among

males compared to female children in this study, which also agrees with findings

from Brazil (Miranda et al., 2017). This may be linked to early pulmonary

maturation among females that lowers the risk of respiratory complications

(Miranda et al., 2017), one of the leading causes of under-five deaths in low-income

countries (Liu et al., 2016). However, sex of the child was not associated with the

risk of perinatal death and stillbirth among women referred for delivery.

Interventions to increase coverage and uptake of recommended routine ANC

services for pregnant women are crucial for early identification and management of

pregnancy-related complications.

The risk of perinatal death was higher among deliveries from women with

hypertensive disorders of pregnancy particularly pre-eclampsia/eclampsia, those

with postpartum hemorrhage, abruption placenta, delivered preterm and low birth

weight baby, which is similar to other studies (Vogel et al., 2014; Bellad et al., 2010;

Mpembeni et al., 2014; Nijkamp et al., 2017). We did not find a significant

association between maternal anemia, malaria infection, positive HIV status,

systemic infections/sepsis, and placenta previa with an increased risk of perinatal

death. PROM and delivery by CS reduced the risk of perinatal death in this cohort.

The latter is known to reduce the risk of obstetric complications when medically

indicated (Vogel et al., 2014; MoHCDGEC [Tanzania Mainland] et al., 2016). The

protective effect of PROM could reflect timely management of such pregnancies
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considering that these deliveries were attended at a tertiary care facility where

comprehensive emergency obstetric and newborn care (CEmONC) services are

available. Despite that, a study in Uganda has shown that CS delivery, particularly

among women with PROM, increases the risk of perinatal mortality among other

adverse pregnancy outcomes (Kayiga et al., 2018).

Women referred for delivery are potentially at risk of experiencing adverse

maternal and perinatal outcomes (Mahande et al., 2013a; Mmbaga et al., 2012b;

Vogel et al., 2014). In this study, we included referral cases in our analyses and later

performed a stratified analysis. As one would expect, the risk of perinatal death

was almost twice higher among deliveries from women referred for delivery

compared to those who were not. This is because these women are likely to have

experienced pregnancy-related complications that required specialized care

(Mmbaga et al., 2012b; Vogel et al., 2014). Findings from the stratified analysis by

referral status were almost comparable with non-referral results except for area of

residence, education level, alcohol use during pregnancy, and sex of the child,

which were not statistically significant, in those referred. Yet, we cannot ignore the

fact that women referred for delivery are most at risk of experiencing adverse

pregnancy outcomes. It is essential to strengthen the referral system to ensure

timely and proper referral mechanisms and to promote appropriate health care

seeking behavior to reduce the risk of perinatal deaths (Mmbaga et al., 2012b). At

the same time, we observed a stronger association between covariates and the risk

of perinatal death in the group of women not referred for delivery compared to

those referred. This group of women should also be given due attention in order to

prevent the rise in perinatal death cases.

Being a registry-based study from a zonal referral hospital, findings (on predictors

of perinatal death) may not be generalized to a larger population. However,

population-based estimates agree with these results (Ali et al., 2014; Hinderaker
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et al., 2003; Nankabirwa et al., 2011). Furthermore, the fact that this birth registry

only captured deaths occurring in the health facility lowers the number of recorded

neonatal deaths. It could also underestimate the proportion and rates of perinatal

death. Hence, stillbirth contributed to a higher percentage of the perinatal death

numbers. This could explain the unobserved differences between predictors of

perinatal death and stillbirth in this study. To our knowledge, no study has

assessed the effect of ignoring missing values on determining predictors of adverse

pregnancy outcomes, particularly perinatal death. This study has provided

evidence for the need to consider missing values in the analysis of pregnancy

outcomes. Our findings also emphasize the necessity of proper choice of statistical

models for more precise parameter estimates. Increased surveillance and

management of different maternal risk factors for different perinatal outcomes

should be at the heart of improving child survival.

4.5 Conclusion

Perinatal mortality in this cohort is higher than the national estimate. Higher risk of

perinatal death was associated with low maternal education level, rural residence,

<4 ANC visits, PPH, abruption placenta, LBW delivery, child’s sex, and being

referred for delivery. Ignoring missing values in the analysis of adverse pregnancy

outcomes produces biased covariate coefficients and standard errors. Close clinical

follow-up of women at high risk of experiencing perinatal death, particularly

during ANC visits and delivery, is of high importance to increase perinatal

survival.
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Chapter 5

Prediction of perinatal death using

machine learning models: a birth

registry-based cohort study in

northern Tanzania

5.1 Introduction

Neonatal survival is at the heart of sustainable development goals (SDG) agenda

(UNDP, 2018; World Health Organization, 2016a). The Every Newborn Action Plan

to end Preventable Deaths set a goal for all countries to reach the target of ten or

less newborn deaths per 1000 live births and ten or less stillbirths per 1000 total

births by the year 2035 (World Health Organization, 2014a). Furthermore, the

United Nations set the target of reducing neonatal mortality to 12 deaths per 1000

live births or fewer by 2030 (UNDP, 2018). Globally, neonatal deaths declined by

51% from 5 million in 1990 to 2.5 million in 2017. But this decline has not been

realized in low- and middle-income countries (LMICs), which carries the highest

burden of neonatal deaths, with south Asia and sub-Saharan Africa accounting for

79% of the total burden of neonatal deaths in 2017 (Hug et al., 2019). Furthermore,
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the under-five mortality rate has decreased almost across the world, but the

proportions of neonatal deaths remained high in this group (Burstein et al., 2019;

UNICEF et al., 2020). Neonatal deaths accounted for 47% of all under-five deaths in

2019, and it has increased from 40% in 1990, with sub-Saharan Africa bearing the

highest burden (UNICEF et al., 2020). Globally 2.4 million children died in the first

month of life in 2018, with approximately 6,700 newborn deaths every day

(UNICEF et al., 2020). Nearly three-quarters of these deaths occur during the first

week, with about one million dying on the first day and close to one million dying

within the next six days (UNICEF et al., 2020).

Globally, more than five million perinatal deaths occur each year (World Health

Organization, 2016a). The majority (95%) of these deaths occur in sub-Saharan

Africa and Southern Asia (Akombi & Renzaho, 2019). According to the Tanzania

Demographic and Health Survey, the perinatal mortality rate has slightly increased

from 36 to 39 deaths per 1,000 live births between 2010-11 and 2015-16 survey

rounds, respectively relative to under-five mortality (MoHCDGEC [Tanzania

Mainland] et al., 2016). In addition, perinatal mortality rate in Tanzania is the

highest in East Africa (Akombi & Renzaho, 2019).

Early identification of pregnant women at risk for adverse maternal and perinatal

outcomes during the prenatal period and timely provision of high-quality health

care services have been reported to improve maternal and newborn survival (Kuhle

et al., 2018). Machine learning (hereafter denoted as ‘ML’) models are

methodologies for developing algorithms that learn from existing data to make

predictions on new data (Kuhle et al., 2018). ML models have shown better

predictive performance over the classical or conventional regression models (Raita

et al., 2019), and they can better handle a significant number of potential predictors.

However, there is conflicting evidence of the performance of these models.

Previous investigators have demonstrated that, compared with the classical
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regression models, ML models have superior performance for early differentiation

of sepsis and non-infectious systemic inflammatory response syndrome in critically

ill children (Lamping et al., 2018), in predicting neonatal and under-five mortality

(Nasejje & Mwambi, 2017; Houweling et al., 2019; Hoodbhoy et al., 2019; Muktan

et al., 2019; Lee et al., 2019b), and critical care and hospitalization outcomes (Raita

et al., 2019; Goto et al., 2019; Vellido et al., 2018). In contrast, other studies have

shown no predictive performance benefit of the ML models in prediction of clinical

outcomes (Christodoulou et al., 2019; Kuhle et al., 2018).

The first step in addressing high perinatal mortality is the accurate capture and

classification of the causes of those deaths across all settings (Allanson et al., 2016).

The World Health Organization (WHO) International Classification of Diseases

(ICD-10) is a standardized tool used for the classification of deaths occurring

during the perinatal period: ICD-PM (World Health Organization, 2016a;

Wojcieszek et al., 2016; Allanson et al., 2016). ML models may be an essential tool in

the assessment of risk factors for deaths during the perinatal period and triage

pregnant women at high risk of experiencing adverse perinatal outcomes,

especially in low resourced settings where the majority of perinatal deaths occur at

home (Pitt et al., 2016; World Health Organization, 2019; Khan et al., 2020; Chaibva

et al., 2019). Capturing the chain of events that led to the perinatal mortality, from

both the maternal and the perinatal side, informs the design and development of

preventative and therapeutic measures (World Health Organization, 2016a).

Using data from the medical birth registry at Kilimanjaro Christian Medical Center

(KCMC) referral hospital in northern Tanzania, we aimed to determine the key

predictors of perinatal death using machine learning models. Previous studies

using the same data (Mmbaga et al., 2011; Mitao et al., 2016; Mahande et al.,

2013a,b; Chuwa et al., 2017; Isaksen et al., 2015) applied standard regression models

to assess risk factors for adverse perinatal outcomes. A major weakness of
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conventional regression analysis, as opposed to ML models, is that many covariates

are excluded based on specific model assumptions. In contrast, ML techniques

which are non-parametric in nature find the most predictive groupings of factors

based on their frequency and strength of association, with no particular model

assumptions (Hamilton et al., 2020). In this study, we compared the predictive

performance of the ML models with the conventional regression analysis,

particularly logistic regression.

5.2 Methods

5.2.1 Data source

Data for this study comes from the KCMC referral hospital medical birth registry

between the years 2000-2015, which were collected among mothers who delivered

at the department of obstetrics and gynecology. More description of the KCMC

medical birth registry is also available in Chapter 2 and (Bergsjo et al., 2007;

Mahande, 2015; Mmbaga et al., 2011, 2012a,b; Mahande et al., 2013a,b; Chuwa et al.,

2017). Briefly, the KCMC medical birth registry is within hospital grounds at the

Reproductive and Child Health Centre. The birth registry has been in operation

since the year 2000, established to serve both clinical, administrative, and research

purposes (Bergsjo et al., 2007; Mahande, 2015). Trained midwives collected data

using a standardized questionnaire (within 24 hours after delivery or later in case a

mother had recovered from complications), after which data is entered into a

computerized database located at the birth registry. Also, additional data were

abstracted from the antenatal (ANC) cards and the hospital medical records of the

mother (Mahande et al., 2013b).

A unique hospital identification number was assigned to each woman at first

admission and used to trace her medical records at later admissions, and further to

link records of successive births of the same woman (Mahande, 2015). Data
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captured information on the background characteristics of mother and father,

mother’s health before and during present pregnancy, information about delivery

including complications, and child characteristics including their status (i.e.,

whether dead or alive).

5.2.2 Study variables and variable measurements

The main outcome variable in this study was perinatal death which was defined as

the number of stillbirths (pregnancy loss that occurs after seven months of

gestation) and early neonatal deaths (deaths of live births within the first seven

days of life)(MoHCDGEC [Tanzania Mainland] et al., 2016; World Health

Organization, 2019). The perinatal death was coded as binary, i.e., ‘yes’ if death

occurred during the perinatal period and ‘no’ if otherwise. This outcome only

captured deaths that occurred within the hospital before the discharge of mothers.

There are no follow-up mechanisms for deaths that occur outside the health facility

(KCMC hospital).

We included a total of 32 predictor variables for the machine learning models.

Previous literature informed the selection of these variables (Allanson et al., 2016;

Getiye & Fantahun, 2017; Hug et al., 2019; Nijkamp et al., 2017; Mitao et al., 2016;

Mpembeni et al., 2014; Mutsaerts et al., 2014; Ouyang et al., 2013; Unterscheider

et al., 2014; Vogel et al., 2014), most of which are available in the birth registry.

These included maternal and paternal background characteristics; age in years,

area of residence (rural vs. urban), highest education level (none, primary,

secondary and higher), marital status (single, married and widow/divorced), and

occupation (unemployed, employed and others). Further, specific characteristics of

the mother included referral status (whether referred for delivery or not), and the

number of antenatal care visits (<4 and ≥4 visits).

We excluded maternal body mass index (BMI) and HIV status because they
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contributed to nearly 47% of all missing values in the dataset. Maternal health

during pregnancy included; alcohol consumption, smoking, gestational diabetes,

diabetes, hypertension, pre-eclampsia/eclampsia, bleeding (i.e., the woman

observed blood from the vagina at any time during the pregnancy), anemia,

malaria, and systemic infections/sepsis. Variables with information concerning

delivery included; induction of labor (yes or no), mode of delivery (vaginal vs.

caesarean section), presentation (breech vs. cephalic), complications during birth,

particularly premature rupture of the membranes (PROM), postpartum

hemorrhage (PPH), placenta previa, and placenta abruption, all categorized as yes

and no. Gestational age at birth was estimated based on the date of the last

menstrual period and recorded in full weeks. Preterm was defined as babies born

alive before 37 weeks of pregnancy are completed (World Health Organization,

2019). Child characteristics included sex (male or female), low birth weight defined

as an infant birth weight of less than 2500g (Mitao et al., 2016; World Health

Organization, 2014b), and year of birth.

5.2.3 Statistical and computational analysis

Data were cleaned and then analyzed using Stata version 15.1 (StataCorp, 2019).

Categorical variables were summarized using frequencies and proportions. The

Chi-square (χ2) statistic was used to test the relationships between a set of

independent variables and perinatal death. For the ML models (i.e., from feature

selection, training, testing, and comparison of the predictive performance of the

machines), we used R version 3.6.3 (R Core Team, 2020). The training dataset

contained 70% of randomly selected samples used to develop six different ML

models to predict perinatal death. These are artificial neural networks (ANN),

random forests (RF), Naı̈ve Bayes (NB), bagged trees, boosting, and the logistic

regression (Lreg) model. We used the caret package to implement these models in

R.

86



5.2. Methods

Briefly, ANN is a method constructed from three layers of connected nodes: input,

hidden, and output (Dwivedi, 2018). The input where each input variable appears

as a node; the hidden layer contains several nodes determined during the model

tuning phase. In contrast, the output layer contains several nodes equal to the

number of classes to be predicted (Stephens & Diesing, 2014). Between these layers

there are weighted links (Kuhle et al., 2018; Stephens & Diesing, 2014; Dwivedi,

2018), the hidden layer receives a sum of the multiplication of the input variables

with associated weights values plus the bias (Dwivedi, 2018; Stephens & Diesing,

2014). This value is entered into an activation function, such as a logistic or sigmoid

function, to decide the class prediction. Outputs of the network are interpreted as

class probabilities and sum to one (Stephens & Diesing, 2014). We used nnet

package to construct the ANN model.

RF is an extension of classification and regression trees (CART) (Stephens &

Diesing, 2014; Raita et al., 2019; Kuhle et al., 2018; Breiman, 2001). RF performance

is better compared to bagged trees because it decorrelates the trees (Hastie et al.,

2009), hence improves accuracy (Breiman, 2001). Several forests of decision trees are

grown using a random bootstrapped training sample. Also, instead of using all the

variables/features in each tree, a random sample of variables are selected and

tested at each split in each tree (Stephens & Diesing, 2014; Raita et al., 2019;

Breiman, 2001). The prediction is made for unobserved data by taking a majority

vote of the individual trees (Breiman, 2001; Stephens & Diesing, 2014). We used

randomForest package to construct the RF model. NB is an effective classifier

(Dwivedi, 2018) due to its simplicity, exhibiting a surprisingly competitive

predictive accuracy (De Campos et al., 2011). NB uses probability theory to find the

most possible sample class in a classification problem. NB has two assumptions; (1)

each attribute is conditionally independent of the other attributes given the class,

and (2) all the attributes have an impact on the class (De Campos et al., 2011;

Stephens & Diesing, 2014). We used naivebayes package to construct the NB model.
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Logistic regression (Lreg) is a standard multivariate classification method. It arises

from the desire to model the posterior probabilities via linear functions in

covariates, such that besides predicting class labels, it provides a probabilistic

interpretation of this labeling (Dreiseitl & Ohno-Machado, 2002; Hastie et al., 2009;

Musa, 2014). Lreg uses a sigmoid function instead of a linear function to map

predictions to probabilities between 0 and 1 (Hastie et al., 2009). We used glm

method to construct the Lreg model. Bagging, or bootstrap aggregation and

boosting are general techniques for improving prediction rules and accuracy of the

resulting predictions, by reducing the associated variance of prediction (Hastie

et al., 2009; Sutton, 2005). Bagging divides the available data into many bootstrap

samples and then train a separate model for each bootstrap, and then make a final

prediction by averaging and voting for regression and classification, respectively

(Sutton, 2005). Boosting, on the other hand, is a committee-based approach that

uses a weighted average of prediction from various samples. The incorrectly

predicted cases from a given step are given a higher weight during the next step.

Thus, it is an iterative procedure, incorporating weights, as opposed to simple

averaging of predictions (Sutton, 2005). We used treebag method and gbm package

to construct the bagging and boosting models, respectively.

In the training set, parameter tuning and cross-validation aim to find a balance

between building a model that can classify the training data effectively without

overfitting to the random fluctuations (Stephens & Diesing, 2014). For each ML

model, we used 10-fold cross-validation as a resampling method, where the

training set is divided equally into ten parts (folds). Therefore, every nine folds are

used together for training the model and the remaining one-fold for testing. This

training-testing process is repeated ten times. Feature selection was performed

using the RF algorithm. After selecting the most important features, they were

retained in the dataset and used them for analysis in both the training and testing

88



5.2. Methods

data for all models. The Synthetic Minority Over-sampling Technique (SMOTE)

method (Chawla, 2009; Johnson & Khoshgoftaar, 2019) to address the class

imbalance in the outcome (i.e., the low proportion of perinatal deaths), by

specifying the additional sampling to be “smote” on train control parameter

specifications. SMOTE is a method that produces artificial minority samples by

interpolating between existing minority samples and their nearest minority

neighbors (Chawla, 2009; Johnson & Khoshgoftaar, 2019).

Using the testing set (30% of the remaining randomly selected sample), we

computed the predictive performance of the six models (including logistic

regression model) from the training set using the area under the

receiver-operating-characteristics curve (AUC). We used the ROCR package for

plotting ROC curves, obtaining the AUC values, and comparison of models using

AUC values. We also used measures from the confusion matrix results (i.e.,

accuracy, sensitivity, specificity, positive and negative predictive values), and the

net benefit through decision curve analysis (Vickers & Elkin, 2006; Zhang et al.,

2018b) – which quantifies whether a machine provides a relevant improvement in

the prediction. We used epiR package to obtain confidence intervals for the

performance measures and DCA package

(http://www.decisioncurveanalysis.org) for decision curve analysis. We

further used ggplot2 package to plot the decision curves. A good model will have a

higher net benefit (Vickers & Elkin, 2006). We used Delong’s test to compare the

receiver-operating-characteristics curve (ROC) between models, where, a p-value

of <0.05 was considered statistically significant. The variable importance is a scaled

measure with a maximum value of 100 (Goto et al., 2019).
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5.3 Results

5.3.1 Characteristics of study participants

A total of 55,003 total deliveries were recorded at the KCMC medical birth registry

from 2000 to 2015. Of these, we excluded 3,316 (6%) multiple gestations (to avoid

over-representation of high-risk pregnancies) (Chuwa et al., 2017), 49 (0.1%) records

missing maternal identification numbers (hence could not be linked to child

records), 791 (1.4%) records with a mismatch between the date of birth and

unknown sequence (i.e., singleton vs. multiple births). We further excluded a total

of 8,528 (15.5%) observations with missing values in both the outcome (perinatal

status) and covariates. We, therefore, analyzed data for a total of 42,319 singleton

deliveries with complete records (Figure 5.1). The characteristics of the participants

Figure 5.1: Schematic diagram showing the number of singleton deliveries analyzed,
KCMC medical birth registry data, 2000-2015
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are shown in Table 5.1. The overall proportion of perinatal death among 42,319

singleton deliveries in this study was 3.7%. The proportion of perinatal deaths

among mothers aged 20-34, 35-39, and 40+ years was 3.5%, 4.7%, and 5.8%,

respectively. Mothers with no education (5.6%) and those with primary education

level (4.4%), who resided in rural areas (4.8%), had less than four antenatal care

(ANC) visits (5.9%), and those referred for delivery (7.8%) had a higher proportion

of perinatal death. Among fathers, a higher proportion of perinatal death is among

those aged 35+ years (4.1%), with no (9.6%) or with primary education level (4.6%)

as well as those who were unemployed (5.7%).

Furthermore, the most common obstetric care and complications in this birth cohort

included induction of labor (22.7%), malaria (13.2%), preterm birth (10.8%), and

LBW (10.2%). About 4% of mothers in this cohort experienced

pre-eclampsia/eclampsia during pregnancy. Less than half of all children were

females. The proportion of perinatal death among women who experienced

induction of labor, with malaria, delivered preterm, delivered LBW baby, and

experienced pre-eclampsia/eclampsia during pregnancy was 4.8%, 3.8%, 14.2%,

17.6%, and 12.5%, respectively. The proportion of perinatal death is almost similar

among males (3.8%) compared to females (3.6%) children in this cohort (Table 5.2).

The trends in the proportion of perinatal deaths that occurred at KCMC between

the years 2000-2015 are shown in Figure 5.2. Overall, the proportion of perinatal

deaths has slightly declined over the years by 6% (95%CI, 0.3%, 12.3%), though this

decline was not statistically significant (p=0.06).

5.3.2 Variable importance

We used the random forest algorithm for feature/ variable selection. This model

selected a total of 20 important predictors (Figure 5.3) based on its threshold

measure of importance out of the 32 variables. We used these 20 variables in all the

subsequent analysis for all models in both training and testing sets.
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Table 5.1: Background characteristics of study participants (N=42,319)

Characteristics
Total Perinatal death

P-value*n (%) n (%)

Maternal
Age (years) <0.001

15-19 3470 (8.2) 99 (2.9)
20-34 32675 (77.2) 1158 (3.5)
35-39 4984 (11.8) 235 (4.7)
40+ 1190 (2.8) 69 (5.8)

Education level <0.001
None 567 (1.3) 32 (5.6)
Primary 23010 (54.4) 1019 (4.4)
Secondary 5275 (12.5) 159 (3.0)
Higher 13467 (31.8) 351 (2.6)

Occupation 0.37
Unemployed 9316 (22.0) 365 (3.9)
Employed 30061 (71.0) 1085 (3.6)
Others 2942 (7.0) 111 (3.8)

Marital status 0.89
Single 4954 (11.7) 186 (3.8)
Married 37300 (88.1) 1372 (3.7)
Widowed/Divorced 65 (0.2) 3 (4.6)

Area of residence <0.001
Urban 25056 (59.2) 725 (2.9)
Rural 17263 (40.8) 836 (4.8)

Alcohol consumption during pregnancy 0.001
No 30759 (72.7) 1191 (3.9)
Yes 11560 (27.3) 370 (3.2)

Smoking during pregnancy 0.97
Yes 53 (0.1) 2 (3.8)
No 42266 (99.9) 1559 (3.7)

Number of ANC visits <0.001
≥4 28742 (67.9) 760 (2.6)
<4 13577 (32.1) 801 (5.9)

Referred for delivery <0.001
No 32762 (77.4) 819 (2.5)
Yes 9557 (22.6) 742 (7.8)

Paternal characteristics
Age (years) 0.001

<25 3938 (9.3) 122 (3.1)
25-29 10593 (25.0) 346 (3.3)
30-34 12303 (29.1) 457 (3.7)
35+ 15485 (36.6) 636 (4.1)

Education level <0.001
None 281 (0.7) 27 (9.6)
Primary 18987 (44.9) 868 (4.6)
Secondary 4565 (10.8) 154 (3.4)
Higher 18486 (43.7) 512 (2.8)

Occupation <0.001
Unemployed 5710 (13.5) 323 (5.7)
Employed 36102 (85.3) 1218 (3.4)
Others 507 (1.2) 20 (3.9)

Total 42319 1561 (3.7%)
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Table 5.2: Obstetric care characteristics and complications (N=42,319)

Characteristics
Total Perinatal death

P-value*n (%) n (%)

Gestational diabetes 0.89
No 42288 (99.9) 1560 (3.7)
Yes 31 (0.1) 1 (3.2)

Diabetes 0.002
No 42240 (99.8) 1553 (3.7)
Yes 79 (0.2) 8 (10.1)

Hypertension <0.001
No 42241 (99.8) 1550 (3.7)
Yes 78 (0.2) 11 (14.1)

Bleeding <0.001
No 41897 (99.0) 1528 (3.6)
Yes 422 (1.0) 33 (7.8)

Anemia 0.004
No 41661 (98.4) 1523 (3.7)
Yes 658 (1.6) 38 (5.8)

Malaria 0.79
No 36746 (86.8) 1352 (3.7)
Yes 5573 (13.2) 209 (3.8)

Sepsis/ infections 0.43
No 41588 (98.3) 1538 (3.7)
Yes 731 (1.7) 23 (3.1)

Complications
Pre-eclampsia/eclampsia <0.001

No 40668 (96.1) 1355 (3.3)
Yes 1651 (3.9) 206 (12.5)

Induction of labor <0.001
No 32732 (77.3) 1105 (3.4)
Yes 9587 (22.7) 456 (4.8)

PROM 0.006
No 41416 (97.9) 1543 (3.7)
Yes 903 (2.1) 18 (2.0)

PPH <0.001
No 42091 (99.5) 1516 (3.6)
Yes 228 (0.5) 45 (19.7)

3-4-degree tear 0.49
No 42305 (99.9) 1560 (3.7)
Yes 14 (0.1) 1 (7.1)

Abruption placenta <0.001
No 42193 (99.7) 1490 (3.5)
Yes 126 (0.3) 71 (56.3)

Placenta previa 0.04
No 42245 (99.8) 1555 (3.7)
Yes 74 (0.2) 6 (8.1)

Presentation <0.001
Cephalic 41833 (98.9) 1459 (3.5)
Breach/Transverse 486 (1.1) 102 (21.0)

Gestational age at birth <0.001
Term birth (≥37 weeks) 37764 (89.2) 914 (2.4)
Preterm birth (<37 weeks) 4555 (10.8) 647 (14.2)

Birth weight <0.001
NBW 37991 (89.8) 801 (2.1)
LBW 4328 (10.2) 760 (17.6)

Child’s sex 0.42
Female 20430 (48.3) 738 (3.6)
Male 21889 (51.7) 823 (3.8)
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Figure 5.2: Trends of perinatal death, KCMC Medical Birth Registry data, 2000-2015

5.3.3 Predicting perinatal deaths

The discriminatory abilities of all models for the prediction of perinatal death are in

Figure 5.4a and Table 5.3. There were no significant differences (p>0.05) in the area

under the receiver-operating characteristics curve (AUC) between logistic

regression with random forest (RF), artificial neural networks (ANN), boosting, and

naı̈ve Bayes (NB). However, bagging had significantly lower predictive

performance (AUC: 0.76, 95%CI 0.74, 0.79, p=0.006) compared to the logistic

regression model (AUC: 0.78, 95%CI 0.76, 0.81). Furthermore, the ANN model

(Sensitivity: 0.60, 95% CI 0.55, 0.64) and NB model (Sensitivity: 0.57, 95% CI 0.52,

0.62) had slightly higher sensitivity compared to logistic regression (Sensitivity:

0.56, 95%CI 0.51, 0.60) while boosting (Specificity: 0.89 95%CI 0.88, 0.89) and RF

(Specificity: 0.88, 95%CI 0.88, 0.89) had slightly higher specificity compared to

logistic regression (Specificity: 0.87, 95%CI 0.86, 0.88). Due to the low prevalence of

perinatal deaths (3.7%), all models had high negative predictive values (NPV: 0.98,

95%CI 0.98, 0.98).
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Figure 5.3: Variable importance of predictors for perinatal death in the random forest
model scaled to have a maximum value of 100

Table 5.3: Prediction performance of the reference and machine learning models in the test
set

Model Lreg ANN RF NB Bagging Boosting

ACC 0.86 (0.85, 0.86) 0.83 (0.82, 0.83) 0.87 (0.86, 0.87) 0.84 (0.83, 0.85) 0.82 (0.81, 0.83) 0.87 (0.87, 0.88)

AUC 0.78 (0.76, 0.81) 0.78 (0.76, 0.80) 0.79 (0.76, 0.81) 0.79 (0.76, 0.81) 0.76 (0.74, 0.79) 0.79 (0.76, 0.81)

P-value* Reference 0.59 0.37 0.65 0.006 0.2

Sensitivity 0.56 (0.51, 0.60) 0.60 (0.55, 0.64) 0.54 (0.49, 0.58) 0.57 (0.52, 0.62) 0.55 (0.50, 0.59) 0.54 (0.49, 0.58)

Specificity 0.87 (0.86, 0.88) 0.84 (0.83, 0.84) 0.88 (0.88, 0.89) 0.85 (0.84, 0.86) 0.83 (0.82, 0.84) 0.89 (0.88, 0.89)

PPV 0.14 (0.12, 0.16) 0.12 (0.11, 0.14) 0.15 (0.13, 0.17) 0.13 (0.11, 0.14) 0.11 (0.10, 0.12) 0.15 (0.14, 0.17)

NPV 0.98 (0.98, 0.98) 0.98 (0.98, 0.98) 0.98 (0.98, 0.98) 0.98 (0.98, 0.98) 0.98 (0.98, 0.98) 0.98 (0.98, 0.98)

Abbreviations: ACC, Accuracy; AUC, Area Under the Curve; PPV, Positive Predictive Value; NPV,

Negative Predictive Value

*We calculated p-values to compare the area under the receiver-operating-characteristics curve (AUC)

of logistic with each machine learning model
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Figure 5.4: Prediction ability of perinatal deaths comparing different machine
learning models in the test set: [a] Receiver-operating-characteristics
(ROC) curves. The corresponding values of the area under the receiver-
operating-characteristics curve (AUC) for each model are in Table 5.3. [b]
Decision curve analysis. The net benefit of the machine learning models
(except for boosting) is larger over a range of threshold probability values
compared to that of the logistic regression model
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With regard to the number of actual and predicted outcomes (Table 5.4), all models

correctly predicted perinatal deaths by more than half of 468 deaths in the testing

set. The numbers of correct classification were higher in the ANN 280 (59.8%) and

NB 267 (57.1%), followed by the logistic regression model 261 (55.8%) and Bagging

260 (55.6%). The decision curve analysis (Figure 5.4b) demonstrated that the net

benefit of the RF model surpassed that of other machine learning models, including

logistic regression for all threshold values, indicating that the RF model is more

superior in predicting the risk of perinatal deaths in this cohort. The accuracy of the

RF model was 0.87, 95%CI (0.86, 0.87), compared to 0.87, 95%CI (0.87, 0.88) for

boosting and 0.86, 95%CI (0.85, 0.86) for the logistic regression model (Table 5.3).

Furthermore, other ML models (except for boosting) demonstrated high net benefit

over a range of threshold probability values relative to that of the logistic regression

model. Also, the random forest model had a superior net benefit over all models

(Figure 5.4b).

Table 5.4: The number of actual and predicted outcomes of prediction models in the test set

Prediction Model Classification
Perinatal status

Alive Died

Actual number of events 12227 468

Logistic Regression
Correctly predicted outcome 10627 261
Incorrectly predicted outcome 1600 207

Artificial Neural Network
Correctly predicted outcome 10225 280
Incorrectly predicted outcome 2002 188

Random Forests
Correctly predicted outcome 10774 251
Incorrectly predicted outcome 1453 217

Naı̈ve Bayes
Correctly predicted outcome 10386 267
Incorrectly predicted outcome 1841 201

Bagging
Correctly predicted outcome 10175 260
Incorrectly predicted outcome 2052 208

Boosting
Correctly predicted outcome 10852 252
Incorrectly predicted outcome 1375 216
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5.4 Discussion

In this study, the perinatal death was predicted using five ML models (Artificial

Neural Networks, Random Forests, Naı̈ve Bayes, Bagging, and Boosting). There

were no differences in the predictive performance between ML models except for

bagging, which had a lower predictive performance. The artificial neural networks

and naı̈ve Bayes had higher sensitivity compared to the logistic regression, and

other ML models. Specificity for all models was high, mainly due to the low

prevalence of perinatal deaths in this cohort. Additionally, results from the decision

curve analysis revealed that the ML models (except for boosting) had a higher net

benefit over a range of threshold probability values compared to the logistic

regression model, indicating high accuracy. The random forest model

demonstrated a superior net benefit over other models.

In the present study, maternal characteristics before and during pregnancy,

pregnancy history, and paternal characteristics identified pregnancies at high risk

of experiencing adverse perinatal outcomes that might need close clinical

follow-ups. It is worth noting here that paternal age and education level were

highly predictive of perinatal death more than the known pregnancy-related

conditions or complications such as prematurity. Previous literature shows that

paternal characteristics, particularly advanced paternal age, increase the risk of

adverse perinatal outcomes, such as low birth weight, prematurity, small for

gestational age, and low Apgar scores (Khandwala et al., 2018; Meng & Groth, 2018;

Tough et al., 2003), despite conflicting evidence from other studies (Hurley &

DeFranco, 2017). Furthermore, studies using data from the KCMC Medical Birth

Registry (same data source to the current study) focused on modelling the

association between maternal and pregnancy-related characteristics and

complications during pregnancy and childbirth with the risk of adverse perinatal

outcomes (Chuwa et al., 2017; Isaksen et al., 2015; Mitao et al., 2016; Mahande et al.,

2013a,b; Mmbaga et al., 2011) but ignored paternal characteristics. Despite
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challenges in male involvement in pregnancy and childbirth in Tanzania (Gibore &

Bali, 2020; Peneza & Maluka, 2018), their participation is critical to improving

maternal and child health outcomes.

On top of clinicians’ judgment, previous investigators applied standard regression

models in prediction of risk for adverse perinatal outcomes, particularly perinatal

death (Allanson et al., 2016; Ali et al., 2014; Carvalho et al., 2020; Getiye &

Fantahun, 2017; Habimana-Kabano et al., 2015; Hinderaker et al., 2003; Mahande

et al., 2013a; Mutsaerts et al., 2014; Mpembeni et al., 2014; Nankabirwa et al., 2011;

Ouyang et al., 2013; Unterscheider et al., 2014; Vogel et al., 2014). We found no

differences in the predictive performance of the ML models, except for bagging,

which had lower predictive capacity. The sensitivity of the machine learning

models was also almost comparable to that of logistic regression, which indicates

that both models correctly classified perinatal deaths. Our finding is consistent with

a recent systematic review that showed no performance benefit of ML models over

logistic regression for the prediction of clinical outcomes (Christodoulou et al.,

2019). The possible explanation for lack of differences in the performance between

the compared models could be attributed to the low proportion of outcome and

exposures in this study, as well as data quality and recording challenges inherent in

registry-based studies.

In contrast, some previous investigators have demonstrated that ML models offer

better predictions of clinical or adverse pregnancy outcomes compared to classical

regression models (Hoodbhoy et al., 2019; Houweling et al., 2019; Lee et al., 2019a;

Muktan et al., 2019). The application of ML models may improve the classification

of adverse events occurring during the perinatal period and, therefore, assist in

triaging and provision of close clinical follow-up for women at high-risk. Other

studies also provide evidence of improved prediction of under-five and neonatal

mortality (Houweling et al., 2019; Hoodbhoy et al., 2019; Muktan et al., 2019;
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Nasejje & Mwambi, 2017) using ML models. The utility of these models may,

therefore, improve the prediction of adverse pregnancy outcomes as opposed to

standard regression models.

In this study, the decision curve analysis that accounts for the impact of

false-negative and false-positive misclassification errors showed superior

predictive performance of the ML approaches over the logistic regression model.

This demonstrates a higher net benefit for the prediction of perinatal deaths. The

higher net benefit in the prediction ability of the ML approaches has also been

documented elsewhere (Goto et al., 2019; Raita et al., 2019). This is because ML

approaches can incorporate the high order nonlinear interactions between

predictors, which cannot be addressed by traditional modeling approaches,

including the logistic regression model. Furthermore, the use of cross-validation is

also known to reduce potential overfitting in ML models. It is important to note

that ML approaches are, to a large extent, non-parametric as opposed to the logistic

regression model that relies on strong distributional assumptions.

The strength of this study is that it is the first to apply modern ML approaches to

predict perinatal deaths, particularly in Tanzania and to a large extent sub-Saharan

Africa, compared with the classical logistic regression model. Our study

demonstrated that ML models might be used to improve the prediction of perinatal

deaths and triage of women at risk. We also used the SMOTE balancing technique

to avoid the bias of the model toward skewed data (reduce over-fitting), hence

improving the prediction accuracy of the ML algorithm (Chawla, 2009; Hoodbhoy

et al., 2019; Johnson & Khoshgoftaar, 2019). However, SMOTE is not very effective

for high dimensional data (Blagus & Lusa, 2013b,a). Our study also had some

limitations that are worth considering when interpreting the results. Firstly, we

excluded observations with missing values in both the outcome and exposures

from the analysis, a problem inherent in cohort studies, including birth registries,
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which may lead to under-estimation of the proportion of perinatal death. Two

excluded variables (maternal BMI and HIV status) have been associated with

perinatal and under-five deaths (Hug et al., 2019; Nijkamp et al., 2017; UNICEF

et al., 2020); hence their exclusion might increase the risk of residual confounding

bias. The effect of exclusion of these two variables and missing values to predict

perinatal deaths remains unquantified.

Secondly, selection/referral bias is a common problem in hospital-based studies,

which affects the generalization of findings to the general population. This might

also be the case in the present study. However, our findings might reflect a similar

setting in Tanzania and probably in other sub-Saharan African countries. Thirdly,

the KCMC Medical Birth Registry cohort only captures perinatal deaths occurring

in the health facility (KCMC hospital), which may underestimate the observed

perinatal deaths in the wider population. Currently, the hospital has no

mechanisms to follow-up the birth outcomes from deliveries that occur at home

and post-discharge outcomes of the babies after mothers are discharged from the

hospital within the first week, especially within the KCMC hospital catchment area.

Future extensions include ways of handling missing values before applying the

machine learning algorithms to predict perinatal death and other adverse

pregnancy outcomes.

5.5 Conclusion

The ML models (except for bagging) performed equally with the logistic regression

model to predict perinatal deaths using maternal, paternal, and obstetric factors in

this cohort. The ML models, however, have a higher net benefit, demonstrating

superiority in the prediction of perinatal death. Furthermore, the random forest

model also demonstrated superior performance over other ML models. These

models are a useful and alternative strategy over the standard logistic regression

model to predict perinatal deaths, considering the richness of the medical birth
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registries. Moreover, the ML models are capable of handling many predictors at the

same time, which is crucial in capturing multiple risk factors for adverse perinatal

outcomes such as perinatal deaths. The application of ML models may, therefore,

increase the prediction ability of adverse perinatal outcomes and thereby helping in

triage women most at risk.
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Chapter 6

Predictors of singleton preterm

birth using multinomial regression

models accounting for missing

data: a birth registry-based cohort

study in northern Tanzania

6.1 Introduction

Every year, an estimated 15 million babies (11%) are born preterm (before 37

completed weeks of gestation) globally (Chawanpaiboon et al., 2019; World Health

Organization, 2020), majority (81.1%) of these occurs in Asia and sub-Saharan

Africa (SSA) (Chawanpaiboon et al., 2019). The rates of preterm birth in SSA are

notably high in Nigeria (6.9%), Ethiopia (12.0%), and Tanzania (16.6%)

(Chawanpaiboon et al., 2019). Tanzania ranks the tenth country with the highest

preterm birth rates in the world, and shares a 2.2% of the global proportion of all

preterm births (Chawanpaiboon et al., 2019). The country specific estimates shows

that the proportion of preterm birth ranged between 12-13% in Mwanza region
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(Watson-Jones et al., 2007; Mahande et al., 2013b; Temu et al., 2016; Rugaimukam

et al., 2017) to as high as 24% among HIV infected women in Dar es Salaam (Zack

et al., 2014).

Preterm birth is a syndrome with a variety of causes, which can be classified into

two broad clinical sub-types: spontaneous preterm birth (spontaneous onset of

labour or following prelabour premature rupture of membranes) and

provider-initiated preterm birth (induction of labor or elective caesarean birth

before 37 completed weeks of gestation for maternal or fetal indications, both

“urgent” or “discretionary”, or other non-medical reasons) (Goldenberg et al., 2008;

Blencowe et al., 2013; Quinn et al., 2016; Phillips et al., 2017; World Health

Organization, 2020).

A higher risk of preterm birth is reported among women with a history of preterm

delivery, those with low (≤24) or high maternal age (≥40), short inter-pregnancy

intervals (<24 months), low maternal body mass index (BMI), multiple

pregnancies, maternal infections such as urinary tract infections, malaria, bacterial

vaginosis, HIV and syphilis and those with inadequate (<4) ANC visits (Blencowe

et al., 2013; van den Broek et al., 2014; Mahande & Mahande, 2016; Mahande &

Obure, 2016; Temu et al., 2016; Fuchs et al., 2018). Stress and excessive physical

work or long times spent standing, drug abuse such as smoking and excessive

alcohol consumption, sex of the child (more among males compared to females),

hypertensive disorders of pregnancy such as pre-eclampsia or eclampsia, placental

abruption, cholestasis, fetal distress, fetal growth restriction, small for gestational

age (a birth weight below the 10th percentile for the gestational age), and early

induction of labor or cesarean birth (before 39 completed weeks of gestation)

whether for medical or non-medical reasons also increases the risk of preterm birth

(Blencowe et al., 2013; Temu et al., 2016; van Zijl et al., 2016; Yang et al., 2016; Teoh

et al., 2018; World Health Organization, 2020).
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Globally, preterm birth is a leading cause of deaths among children under five

years of age (Liu et al., 2016; Quinn et al., 2016; Chawanpaiboon et al., 2019; World

Health Organization, 2020). SSA is one of the regions with the highest under five

deaths in the world (Liu et al., 2016; UNICEF et al., 2020). In 2018, preterm birth

complications accounted for 18% of death of children under the age of five and 35%

of all newborn deaths globally (UNICEF et al., 2019). Preterm birth also increases

the risk of babies dying from other causes, especially neonatal infections (Blencowe

et al., 2013). Despite modern advances in obstetric and neonatal management, the

rate of preterm birth are on the rise in both low-, middle- and high-income

countries (Georgiou et al., 2015; Purisch & Gyamfi-Bannerman, 2017;

Chawanpaiboon et al., 2019; World Health Organization, 2020), while in many low-

and middle-income countries, preterm newborns are reported to die because of a

lack of adequate newborn care (Chawanpaiboon et al., 2019).

Despite a substantial progress in improving child survival since 1990 (You et al.,

2015; Chawanpaiboon et al., 2019), preterm birth remains a crucial issue in child

mortality and improving quality of maternal and newborn care (Chawanpaiboon

et al., 2019). To increase child survival and reduce preterm birth complications, the

World Health Organization (WHO) recommends essential care during childbirth

and postnatal period for every mother and baby (i.e. routine practice for the safe

childbirth before, during and after birth), provision of antenatal steroid injections,

magnesium sulfate for prevention of cerebral palsy in the infant and child,

kangaroo mother care, and antibiotics to treat newborn infections (World Health

Organization, 2015, 2020). Tanzania has also adopted these strategies (Ministry of

Health and Social Welfare [MoHSW], 2015; MoHCDGEC, 2016) and is one of the

five countries where WHO implements a clinical trial on the immediate kangaroo

mother care (KMC) for preterm and babies weighing <2000 grams (MoHCDGEC,

2016; World Health Organization, 2020).
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Epidemiologists are often interested in estimating the risk of adverse events

originally measured on an interval scale (such as gestational age in weeks), but they

often choose to divide the outcome into two or more categories in order to compute

an estimate of effect (risk or odds ratio) (Ananth & Kleinbaum, 1997). In this study,

we applied the multinomial logistic regression models, to show the effect of

covariates on several preterm birth categories (Purisch & Gyamfi-Bannerman, 2017;

World Health Organization, 2020) to avoid the bias that might be introduced by

performing a binary analysis. A number of previous studies to assess predictors of

preterm birth collapsed all preterm birth categories and performed a binary

regression analysis (Ahankari et al., 2001; Grantz et al., 2015; Laughon et al., 2014;

Mahande et al., 2013a; Malacova et al., 2018; Rugaimukam et al., 2017; Su et al.,

2018; Teoh et al., 2018; van den Broek et al., 2014; Zack et al., 2014). This may

introduce potential bias in estimating the effect of covariates on the risk of preterm

birth due to a loss of information resulting from collapsing these categories. For a

more focused care in the high-risk pregnancies, it is essential to estimate the risk

factors for preterm birth, which may differ by the gestational age at birth.

Furthermore, missing data are common in epidemiological and clinical research

(Sterne et al., 2009). Ignoring missing values in the analysis of such data potentially

produces biased parameter estimates (Ibrahim & Molenberghs, 2009; Sterne et al.,

2009; Kombo et al., 2017; Pedersen et al., 2017). Sterne et al. (2009), further indicated

that “missing data in several variables often leads to exclusion of a substantial

proportion of the original sample, which in turn causes a substantial loss of

precision and power”. Therefore, data analysis in this study accounted for missing

data, for more precise parameter estimates.
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6.2 Methods

6.2.1 Data source

We utilized secondary birth registry data from a prospective cohort of women who

delivered singletons in the Kilimanjaro Christian Medical Center (KCMC) between

the years 2000-2015. A detailed description of the KCMC Medical birth registry is

also available elsewhere (Bergsjo et al., 2007; Mmbaga et al., 2012a; Mahande, 2015;

Chuwa et al., 2017; Mvunta et al., 2019; Mboya et al., 2020b). Briefly, KCMC is one

of the four zonal referral hospitals in the country and is located in the Moshi

municipality, Kilimanjaro region, northern Tanzania. The centre primarily receives

deliveries of women from the nearby communities, but also referral cases from

within and outside the region. On average, the hospital has approximately 4000

deliveries per year (Mitao et al., 2016; Chuwa et al., 2017; Mvunta et al., 2019).

The study population in this study was singleton deliveries for women of

reproductive age (15-49 years) recorded in the KCMC birth registry between

2000-2015, a total of 55,003 deliveries from 43,084 mothers. We excluded 3,316

multiple deliveries, 49 records missing hospital numbers (i.e. unique identification

number used to link mothers and their subsequent births), 791 observations with a

mismatch between dates of births of children from the same mother or were of

unknown sequence (i.e. whether a singleton or multiple births), and 6,730

deliveries with gestational age <20 weeks and >42 weeks. Data was, therefore,

analyzed for 44,117 deliveries born from 35,871 mothers (Figure 6.1).

6.2.2 Study variables and variable definitions

The response variable was preterm birth, defined as any birth before 37 completed

weeks of gestation and further categorized based on gestational age as <28 weeks

(extremely preterm), [28, 32) weeks (very preterm), [32, 37) weeks (moderate to late

preterm), and ≥37 weeks (term) for a full-term pregnancy (World Health
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Figure 6.1: Flow chart showing the number of deliveries analyzed in this study. Data
from the KCMC Medical Birth registry, 2000-2015.

Organization, 2020). Gestational age was estimated from the date of last menstrual

period of the mother and recorded in completed weeks (Mahande et al., 2013b).

Independent variables included maternal background characteristics, particularly

age categories (15-19, 20-24, 25-34, 35-39 and 40+) in years, area of residence (rural

vs urban), education level (none, primary, secondary and higher), marital status

(single, married and widow/ divorced), occupation (unemployed, employed and

others), parity (primipara vs multipara (para 2-6)), referral status (referred for

delivery or not), number of antenatal care visits (<4 and ≥4 visits), and body mass

index (underweight [<18.5 Kg/m2], normal weight [18.5–24.9 Kg/m2], overweight

[25–29.9 Kg/m2], and obese [≥30 Kg/m2]). Maternal health before and during
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pregnancy included, alcohol consumption during pregnancy, maternal anemia,

malaria, systemic infections/sepsis and pre-eclampsia/eclampsia (all categorized

as binary, yes/no). Maternal HIV status was categorized as positive or negative.

Complications during pregnancy and delivery included premature rapture of the

membranes (PROM), postpartum hemorrhage (PPH), placenta previa and placenta

abruption also categorized as binary, yes/no, with ”yes” indicating the occurrence

of these outcomes. Newborn characteristics included sex (male vs female), perinatal

status (dead if experienced stillbirth/early neonatal death vs alive) (Mboya et al.,

2020b), and low birth weight (LBW) defined as an absolute infant birth weight of

<2500g regardless of gestational age at birth (World Health Organization, 2014b;

Cutland et al., 2017).

6.2.3 Statistical and computational analysis

Data were analyzed using STATA version 15.1 (StataCorp LLC, College Station,

Texas, USA). The primary unity of analysis was singleton deliveries for women

recorded in the KCMC Medical Birth Registry between the years 2000 and 2015. We

summarized numeric variables using means and standard deviations, and

categorical variables using frequencies and percentages. The Chi-square test was

used to compare the proportion of preterm birth by participants characteristics. We

used multinomial logistic regression models to determine the predictors of preterm

birth as opposed to previous studies (Mahande et al., 2013b; Laughon et al., 2014;

van den Broek et al., 2014; Zack et al., 2014; Grantz et al., 2015; Lu et al., 2015a;

Ahankari et al., 2001; Rugaimukam et al., 2017; Malacova et al., 2018; Su et al., 2018;

Teoh et al., 2018) that performed a binary regression analysis.

The multinomial/polytomous regression model is an extension of the logistic

model for binary responses to accommodate multinomial responses which does not

have any restrictions on the ordinality of the response (Ananth & Kleinbaum, 1997).

Let Yi denote a nominal response variable for the ith subject, and Yi = c (the
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response variable occuring in category c), while Pr(Yi) defines the probability that

Yi = c. The multinomial logit model can be written as

Pic = Pr(Yi = c|Xij) =
exp(ηic)

1 +
∑C

c=2 exp(ηic)
for c = 2, 3, . . . , C (6.1)

Pi1 = Pr(Yi = 1|Xi) =
1

1 +
∑C

c=2 exp(ηic)
(6.2)

A nominal model to allow for any possible set of c− 1 response categories is written

as

Pic =
exp(ηic)∑C
c=1 exp(ηic)

for c = 1, 2, . . . , C (6.3)

where the multinomial logit ηic = X ′icβc. In this model, all of the effects βc vary

across categories (c = 1, 2, . . . , C) and makes comparisons to a reference category

compared to the ordinal regression model that uses cumulative comparisons of the

categories (Hedeker, 2008). We used robust standard errors adjusted for clusters to

account for nested observations/deliveries within mothers.

We would like to indicate here that we performed preliminary analysis using the

binary and ordinal logistic regression models. There were a couple of variables that

did not satisfy the proportional odds (PO) assumption, hence the ordinal logistic

regression model could not be used. The close alternative model that relaxes the PO

assumption are the generalized ordered logistic regression models. However, we

encountered a non-convergence problem, especially with four preterm birth

categories and appropriate interpretation of results. For instance, the order of

gestational age categories is <28 weeks (extremely preterm), [28, 32) weeks (very

preterm), [32, 37) weeks (moderate to late preterm), and 37+ weeks (term/normal).

Assuming the variable is coded as 0 to 3 (with 0 being term birth), the first panel of

coefficients will be interpreted as; 0 vs. 1+2+3, then 0+1 vs 2+3 etc (Williams, 2016).

This will imply modeling the probability of delivering at a normal gestational age
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(category 0) compared to preterm (categories 1-3), probability of delivering term

and very preterm vs other preterm categories, etc. Similar interpretations will apply

even if preterm birth is coded from extremely preterm (0) to term (3). Such

interpretation could be somehow misleading given the nature of this outcome and

may not be appealing to clinicians or public health practitioners. Nevertheless, the

choice of regression models often depends on the research question one would like

to address. In this study, the choice of multinomial regression model was relevant

to determine preterm birth predictors across different preterm birth categories,

other than performing a binary or an ordinal regression analysis.

As previously indicated, data analysis in this study considered missing values in

the covariates. A description of how missing data were imputed is also reported in

(Mboya et al., 2020b). Data were imputed using a multiple imputation technique,

which is a commonly used method to deal with missing data, which accounts for

the uncertainty associated with missing data (Sterne et al., 2009; Jakobsen et al.,

2017; Pedersen et al., 2017). We assumed the data were missing at random (MAR)

where the probability of data being missing does not depend on the unobserved

data, conditional on the observed data (Ibrahim & Molenberghs, 2009; Sterne et al.,

2009; Kombo et al., 2017; Pedersen et al., 2017); hence the variables in the dataset

were used to predict missingness (Mboya et al., 2020b). We also assumed a

nonmonotone pattern of missingness in which some subject values were observed

again after a missing value occurs (Ibrahim & Molenberghs, 2009; Mboya et al.,

2020b; Jakobsen et al., 2017). Under a nonmonotone pattern of missingness, it is

recommended to use chained equations, which goes with several names such as the

Markov chain Monte Carlo (MCMC), and the fully conditional specification (FCS),

to impute missing values (Liu & De, 2015b; Pedersen et al., 2017; Jakobsen et al.,

2017; Van Buuren et al., 2006a; StataCorp, 2017; Azur et al., 2011).

Furthermore, the FCS method allows imputation of all types of variables
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simultaneously, namely some continuous and other categorical. The FCS algorithm

is described in Section 3.4.3. Detailed descriptions on implementation of the

FCS/MICE algorithm in STATA is well-presented elsewhere (StataCorp, 2017;

Royston et al., 2011). Maternal age and education level were imputed as ordinal

variables, while maternal occupation, marital status, and BMI (because normal

weight (18.5–24.9 Kg/m2) was a reference category) as multinomial variable

(Mboya et al., 2020b). The rest of the variables were binary, and so imputed using

the binomial distribution. Preterm birth (the outcome in this study), parity,

pre-eclampsia/eclampsia, anemia, malaria, systemic infections/sepsis, PROM,

PPH, abruption placenta, placenta previa, and year of birth did not contain any

missing values, hence used as auxiliary variables in the imputation model. The

imputation model generated 20 imputed datasets after 500 iterations (imputation

cycles). A random seed of 5000 was specified for replication of imputation results

each time a multiple imputation analysis is performed (Jakobsen et al., 2017).

We developed a multivariable analysis model by including all covariates in the

multinomial logit analysis model (StataCorp, 2017), with standard errors adjusted

for clusters (i.e., deliveries nested within mothers). We then performed stepwise

regression, in which variables with p<0.1 or p<10% were retained in the model.

The next steps entailed performing a series of adjusted analysis to test the effect of

retaining and dropping variables in the multivariable model. Variables in the final

model were evaluated at p-value<0.05 level of statistical significance. We used AIC

to compare model performance and non-nested models (Vrieze, 2012), and

Likelihood ratio test to compare nested models. After the imputation of missing

values, we estimated parameter estimates adjusting for the variability between

imputations (StataCorp, 2017; Royston et al., 2011). Before the analysis of imputed

data, we firstly performed complete case analysis using multivariable multinomial

regression model. The final model from this analysis was then compared to those

from the multiply imputed dataset. We followed the recommendations suggested
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by Sterne et al. (2009) for reporting and analysis of missing data.

6.3 Results

6.3.1 Maternal background characteristics by gestational age categories

The overall proportion of preterm birth in this study was 12.8%, of which 9.8%

children were born at [32, 37) weeks (moderate to late preterm), 1.6% at [28, 32)

weeks (very preterm), and 0.4% at <28 weeks (extremely preterm) of gestation. The

proportions of preterm birth differed significantly by maternal background and

obstetric care characteristics (Tables 6.1 and 6.2, respectively). Among adolescent

mothers (15-19 years), 12.3% delivered at [32, 37) weeks and 1.8% at [28, 32) weeks

of gestation, which is almost similar to that among older mothers (40+ years). The

proportion of women who delivered at [32, 37) weeks of gestation was 10.8%

among rural residents, 11.0% among those with primary education level, 9.6%

among those employed, and 9.6% among mothers who were married (Table 6.1).

6.3.2 Diseases and complications during pregnancy and delivery by

gestational age categories

The diseases and complications during pregnancy and delivery by gestational age

categories are shown in (Table 6.2). There were statistically significant differences in

the proportion of preterm birth categories by diseases and complications during

pregnancy and delivery except for anaemia, infections/sepsis and child’s sex.

Significantly higher proportion of deliveries born at [32, 37) weeks of gestation was

among mothers who experienced placenta previa (39.6%), abruption placenta

(37.3%), delivered LBW baby (37.1%), perinatal death (28.1%),

pre-eclampsia/eclampsia mothers (24.3%), PROM (18.9%) with <4 ANC visits

(17.0%), and postpartum hemorrhage (14.8%). Also, the proportion of deliveries

born at [28, 32) weeks of gestation was significantly higher among mothers with

pre-eclampsia/eclampsia (6.2%), abruption placenta (10.0%), placenta previa
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Table 6.1: Maternal background characteristics by gestational age categories (N=44,117)

Characteristics Total (%)
Gestational age at birth

p-value≥37 32-<37 28-<32 <28

Mother’s age groups (years)∗ <0.001
15-19 3637 (8.3) 3101 (85.3) 447 (12.3) 67 (1.8) 22 (0.6)
20-24 11113 (25.2) 9797 (88.2) 1108 (10.0) 171 (1.5) 37 (0.3)
25-34 22767 (51.7) 20321 (89.3) 2031 (8.9) 342 (1.5) 73 (0.3)
35-39 5262 (12.0) 4576 (87.0) 556 (10.6) 110 (2.1) 20 (0.4)
40+ 1267 (2.9) 1080 (85.2) 158 (12.5) 21 (1.7) 8 (0.6)

Current area of residence∗ <0.001
Rural 18083 (41.1) 15690 (86.8) 1951 (10.8) 360 (2.0) 82 (0.5)
Urban 25935 (58.9) 23155 (89.3) 2349 (9.1) 352 (1.4) 79 (0.3)

Mother’s highest education level∗ <0.001
None 640 (1.5) 544 (85.0) 74 (11.6) 19 (3.0) 3 (0.5)
Primary 24038 (54.6) 20857 (86.8) 2654 (11.0) 426 (1.8) 101 (0.4)
Secondary 5406 (12.3) 4752 (87.9) 540 (10.0) 102 (1.9) 12 (0.2)
Higher 13967 (31.7) 12730 (91.1) 1028 (7.4) 164 (1.2) 45 (0.3)

Occupation∗ 0.04
Unemployed 9617 (21.9) 8397 (87.3) 1020 (10.6) 161 (1.7) 39 (0.4)
Employed 31233 (71.2) 27618 (88.4) 2999 (9.6) 502 (1.6) 114 (0.4)
Others 3023 (6.9) 2701 (89.3) 269 (8.9) 45 (1.5) 8 (0.3)

Marital Status∗ <0.001
Single 5202 (11.8) 4490 (86.3) 572 (11.0) 112 (2.2) 28 (0.5)
Married 38697 (88.0) 34279 (88.6) 3698 (9.6) 589 (1.5) 131 (0.3)
Widowed/Divorced 87 (0.2) 62 (71.3) 18 (20.7) 5 (5.7) 2 (2.3)

Body mass index categories∗ <0.001
Underweight (<18.5) 1582 (5.2) 1382 (87.4) 167 (10.6) 30 (1.9) 3 (0.2)
Normal weight (18.5-24.9) 16417 (53.9) 14735 (89.8) 1439 (8.8) 201 (1.2) 42 (0.3)
Overweight (25-29.9) 8510 (27.9) 7763 (91.2) 633 (7.4) 94 (1.1) 20 (0.2)
Obese (≥30) 3947 (13.0) 3581 (90.7) 307 (7.8) 48 (1.2) 11 (0.3)

Total (row %) 38933 (88.2%) 4309 (9.8%) 714 (1.6%) 161 (0.4%)

∗ Variables with missing values.

(16.7%), experienced perinatal death (14.0%), and those who delivered a LBW baby

(12.2%).

6.3.3 Distribution of missing values

Percentage distribution of missing values in this study are summarized in Table 6.3.

Maternal BMI (31.0%) and HIV status (23.5%) accounted for more than half (54.5%)

of all missing values. The proportion of missing values was 3.7%, 1.7% and 1.2% for

referral status, number of ANC visits and alcohol consumption during pregnancy,

respectively. The rest of the variables had less than 1% of missing values.
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Table 6.2: Diseases and complications during pregnancy and delivery by gestational age
categories (N=44,117)

Characteristics Total (%)
Gestational age at birth

p-value≥37 32-<37 28-<32 <28

Pre-eclampsia/eclampsia <0.001
No 42282 (95.8) 37674 (89.1) 3864 (9.1) 600 (1.4) 144 (0.3)
Yes 1835 (4.2) 1259 (68.6) 445 (24.3) 114 (6.2) 17 (0.9)

Anaemia 0.63
No 43427 (98.4) 38331 (88.3) 4238 (9.8) 699 (1.6) 159 (0.4)
Yes 690 (1.6) 602 (87.2) 71 (10.3) 15 (2.2) 2 (0.3)

Malaria 0.002
No 38145 (86.5) 33579 (88.0) 3785 (9.9) 637 (1.7) 144 (0.4)
Yes 5972 (13.5) 5354 (89.7) 524 (8.8) 77 (1.3) 17 (0.3)

Infections 0.37
No 43352 (98.3) 38244 (88.2) 4243 (9.8) 706 (1.6) 159 (0.4)
Yes 765 (1.7) 689 (90.1) 66 (8.6) 8 (1.0) 2 (0.3)

HIV Status∗ 0.003
Negative 32000 (94.8) 28367 (88.6) 3047 (9.5) 472 (1.5) 114 (0.4)
Positive 1769 (5.2) 1521 (86.0) 213 (12.0) 31 (1.8) 4 (0.2)

Consumed alcohol during pregnancy∗ <0.001
No 31287 (71.8) 27472 (87.8) 3150 (10.1) 543 (1.7) 122 (0.4)
Yes 12292 (28.2) 10998 (89.5) 1099 (8.9) 158 (1.3) 37 (0.3)

Number of ANC visits∗ <0.001
≥4 29490 (68.0) 27489 (93.2) 1830 (6.2) 125 (0.4) 46 (0.2)
<4 13884 (32.0) 10879 (78.4) 2366 (17.0) 540 (3.9) 99 (0.7)

Parity 0.001
Primipara 35871 (81.3) 31599 (88.1) 3519 (9.8) 606 (1.7) 147 (0.4)
Multipara 8246 (18.7) 7334 (88.9) 790 (9.6) 108 (1.3) 14 (0.2)

PROM <0.001
No 43157 (97.8) 38187 (88.5) 4128 (9.6) 681 (1.6) 161 (0.4)
Yes 960 (2.2) 746 (77.7) 181 (18.9) 33 (3.4) 0 (0.0)

PPH <0.001
No 43874 (99.4) 38739 (88.3) 4273 (9.7) 702 (1.6) 160 (0.4)
Yes 243 (0.6) 194 (79.8) 36 (14.8) 12 (4.9) 1 (0.4)

Abruption placenta <0.001
No 43967 (99.7) 38857 (88.4) 4253 (9.7) 699 (1.6) 158 (0.4)
Yes 150 (0.3) 76 (50.7) 56 (37.3) 15 (10.0) 3 (2.0)

Placenta previa <0.001
No 44021 (99.8) 38891 (88.3) 4271 (9.7) 698 (1.6) 161 (0.4)
Yes 96 (0.2) 42 (43.8) 38 (39.6) 16 (16.7) 0 (0.0)

Perinatal status∗ <0.001
Alive 42230 (96.0) 37868 (89.7) 3796 (9.0) 462 (1.1) 104 (0.2)
Died 1780 (4.0) 975 (54.8) 500 (28.1) 250 (14.0) 55 (3.1)

Birth weight∗ <0.001
NBW 39202 (89.1) 36543 (93.2) 2500 (6.4) 107 (0.3) 52 (0.1)
LBW 4801 (10.9) 2334 (48.6) 1779 (37.1) 585 (12.2) 103 (2.1)

Sex of the baby∗ 0.48
Male 22684 (51.6) 20032 (88.3) 2216 (9.8) 349 (1.5) 87 (0.4)
Female 21242 (48.4) 18743 (88.2) 2070 (9.7) 359 (1.7) 70 (0.3)

Refereed for delivery∗ <0.001
Yes 9610 (22.6) 7883 (82.0) 1382 (14.4) 278 (2.9) 67 (0.7)
No 32878 (77.4) 29575 (90.0) 2807 (8.5) 409 (1.2) 87 (0.3)

Total 38933 (88.2%) 4309 (9.8%) 714 (1.6%) 161 (0.4%)

∗ Variables with missing values.
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Table 6.3: Distribution of missing values, KCMC medical birth registry, 2000–2015
(N=44,117)

Variable Frequency Percent Missing

Body Mass Index (BMI) 13,661 31.0
HIV status 10,348 23.5
Referral status 1,629 3.7
Number of antenatal care visits 743 1.7
Consumed alcohol during pregnancy 538 1.2
Occupation 244 0.6
Sex of the child 191 0.4
Marital status 131 0.3
Birth weight of the child 114 0.3
Area of residence 107 0.2
Perinatal status 99 0.2
Maternal education level 71 0.2
Maternal age categories 66 0.2

6.3.4 Trends of preterm birth from 2000-2015

The proportion of moderate to late preterm (32 to <37) and very preterm (28 to

<32) increased significantly over the years between 2000-2015 (Figure 6.2). The

annual increase of PTB at [32,37) weeks of gestation was 22.2% (95%CI 12.2%,

32.1%, p<0.001) while for [28,32) weeks of gestation was 4.2% (95%CI 1.9%, 6.6%,

p=0.002). Despite a slight increasing trend of extremely preterm birth (<28 weeks)

deliveries, this increase was not statistically significant (p=0.37). However, further

analysis of the trends in the very/extremely preterm birth (i.e., all deliveries at <32

weeks of gestation) revealed a significant annual increase of 4.6% (95%CI 2.2%,

7.0%, p=0.001). Regression analysis both before and after imputation of missing

values, considered two preterm birth categories, i.e., <32 weeks (combined <28 and

[28,32) weeks and [32,37] weeks) compared to ≥37 weeks, due to small sample size

in the <28 category and increased statistical power to detect the observed effect.

6.3.5 Predictors of preterm birth

Due to a small number of deliveries 161 (0.4%) at <28 weeks of gestation recorded

at the KCMC Medical birth registry between 2000 and 2015, we combined this
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Figure 6.2: Trends of preterm birth from 2000-2015 in the KCMC Medical Birth
Registry (N=44,117)

category with deliveries at [28,32) weeks of gestation, 714 (1.6%). This gives a total

of 875 (2.0%) in the new <32 (very/extremely preterm) category. The collapsed

categories increased statistical power and improved model performance, given a

non-convergence problem of models with all three preterm birth categories.

6.3.5.1 Results before imputation of missing values

Findings from the adjusted analysis of the multinomial regression model before

imputation of missing values are shown in Table 6.4. The standard errors are robust

(adjusted) to clustering of deliveries within mothers. Higher odds of delivering at

[32,37) weeks of gestation (moderate to late preterm) were among adolescent

(15-19) mothers (OR=1.29, 95% 1.13, 1.48) and those aged 20-24 years (OR=1.17,

95%CI 1.07, 1.28) compared to those aged 25-34 years and those with primary

education level (OR=1.28, 95%CI 1.17, 1.39) compared to higher education level.

Also, mothers referred for delivery (OR=1.20, 95%CI 1.10, 1.31), with
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pre-eclampsia/eclampsia (OR=1.88, 95%CI 1.63, 2.15), with inadequate (<4) ANC

visits (OR=2.56, 95%CI 2.38, 2.75), experienced PROM (OR=1.83, 95%CI 1.51, 2.22),

abruption placenta (OR=2.01, 95%CI 1.24 3.24), placenta previa (OR=4.90, 95%CI

2.73, 8.77), delivered through cesarean section (OR=1.16, 95%CI 1.07, 1.25),

delivered a LBW baby (OR=8.05, 95%CI 7.41, 8.75), experienced perinatal death

(OR=2.06, 95%CI 1.78, 2.37), and delivered a male child (OR=1.11, 95%CI 1.03, 1.19),

compared to their respective reference levels had higher odds of delivering

moderate to late preterm birth. Primiparous women were less likely to deliver

moderate to late preterm (OR=0.89, 95%CI 0.80, 0.98). For every year increase, the

odds of delivering at [32,37) weeks of gestation increased significantly by 2%

(OR=1.02, 95%CI 1.01, 1.03).

Moreover, in the adjusted analysis, maternal age, referral status,

pre-eclampsia/eclampsia, number of ANC visits, placenta previa, LBW, perinatal

status, child’s sex, and year of birth remained significantly associated with

delivering at <32 weeks of gestation (very/extremely preterm). Notably, the odds

of delivering at <32 of gestation were nearly forty times (OR=36.23, 95%CI 29.91,

43.89) among deliveries born with LBW compared to normal weight at birth. This is

more than four times higher odds compared to the effect in the gestational age of

[32,37) weeks. Mothers aged 15-19 years (OR=1.37, 95%CI 1.03, 1.81), referred for

delivery (OR=1.30, 95%CI 1.08, 1.55), with pre-eclampsia/eclampsia (OR=1.51,

95%CI 1.18, 1.92), with inadequate (<4) ANC visits (OR=5.55, 95%CI 4.61, 6.69),

experienced placenta previa (OR=8.68, 95%CI 3.75, 20.10), experienced perinatal

death (OR=5.38, 95%CI 4.41, 6.56), and delivered male children (OR=1.22, 95%CI

1.04, 1.43) had higher odds of delivering very/extremely preterm birth (<32 weeks

of gestation) as compared to their counterparts. Furthermore, for every year

increase, the odds of delivering at <32 weeks of gestation increased significantly by

6% (OR=1.06, 95%CI 1.04, 1.09), which is three-times higher than the effect in the

[32,37) weeks of gestation. These results demonstrate the advantage of the
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Table 6.4: Adjusted analysis for predictors of preterm birth using multinomial regression
model before imputation of missing values (N=41,271)

Characteristics
32-<37 vs. ≥37 weeks <32 vs. ≥37 weeks

AOR† (SE‡) 95%CI AOR† (SE‡) 95%CI

Mother’s age groups (years)
15-19 1.29 (0.09) 1.13,1.48*** 1.37 (0.20) 1.03,1.81*
20-24 1.17 (0.05) 1.07,1.28*** 1.11 (0.12) 0.91,1.37
25-34 1 1
35-39 1.03 (0.06) 0.92,1.15 1.04 (0.13) 0.82,1.33
40+ 1.13 (0.11) 0.93,1.38 0.84 (0.20) 0.53,1.33

Maternal highest education level
None 1.15 (0.17) 0.85,1.54 1.43 (0.37) 0.86,2.38
Primary 1.28 (0.06) 1.17,1.39*** 1.11 (0.11) 0.91,1.35
Secondary 1.11 (0.07) 0.98,1.26 0.97 (0.14) 0.74,1.28
Higher 1 1

Referred for delivery (Yes) 1.20 (0.05) 1.10,1.31*** 1.30 (0.12) 1.08,1.55**
Pre-eclampsia/eclampsia (Yes) 1.88 (0.13) 1.63,2.15*** 1.51 (0.19) 1.18,1.92***
Number of ANC visits (<4) 2.56 (0.10) 2.38,2.75*** 5.55 (0.53) 4.61,6.69***
Parity (Primipara) 0.89 (0.04) 0.80,0.98* 0.96 (0.11) 0.76,1.21
PROM (Yes) 1.83 (0.18) 1.51,2.22*** 1.51 (0.35) 0.96,2.39
Abruption placenta (Yes) 2.01 (0.49) 1.24,3.24** 1.60 (0.57) 0.80,3.20
Placenta previa (Yes) 4.90 (1.46) 2.73,8.77*** 8.68 (3.72) 3.75,20.10***
Delivery mode (CS) 1.16 (0.04) 1.07,1.25*** 0.93 (0.08) 0.78,1.11
Birth weight (LBW) 8.05 (0.34) 7.41,8.75*** 36.23 (3.55) 29.91,43.89***
Sex of the baby (Male) 1.11 (0.04) 1.03,1.19** 1.22 (0.10) 1.04,1.43*
Perinatal death (Yes) 2.06 (0.15) 1.78,2.37*** 5.38 (0.55) 4.41,6.56***
Year 1.02 (0.00) 1.01,1.03*** 1.06 (0.01) 1.04,1.09***

†AOR: Adjusted Odds Ratio, adjusted for maternal age groups (years), highest level of education, referral status,
pre-eclampsia/eclampsia, number of ANC visits, parity, PROM, abruption placenta, placenta previa, delivery
mode, child’s birth weight, perinatal status and year of birth.
‡SE: Standard errors adjusted for clustering of deliveries within mothers.
* p<0.05, ** p<0.01, *** p<0.001.

multinomial regression as opposed to the simple binary regression models. We see

that the effect of some covariates (LBW, inadequate ANC visits, placenta previa,

and perinatal death) are more pronounced for the extreme preterm birth category

than the moderately to late preterm birth category (Table 6.4).

6.3.5.2 Results after imputation of missing values

After imputation of missing values (in the covariates), the standard errors were

relatively lower while the coefficients (odds ratios) (Table 6.5) were either lower or

higher compared to those in the complete case analysis (Table 6.4). Results from the

imputed data indicated significantly higher odds of moderately to late preterm
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delivery (32 to <37 weeks) were among adolescent mothers aged 15-19 years

(OR=1.29, 95%CI 1.13, 1.3479), aged 20-24 years (OR=1.15, 95%CI1.06, 1.26), with

primary education level (OR=1.27, 95%CI 1.17, 1.39), and referred for delivery

(OR=1.20, 95%CI 1.10, 1.30). Also, significantly higher odds of moderately to late

preterm delivery were among mothers with pre-eclampsia/eclampsia (OR=1.86,

95%CI 1.62, 2.13), inadequate (<4) ANC visits (OR=2.56, 95%CI 2.38, 2.75),

experienced PROM (OR=1.87, 95%CI 1.55, 2.26), abruption placenta (OR=1.98,

95%CI 1.23, 3.19), and placenta previa (OR=4.76, 95%CI 2.73, 8.28). Likewise,

delivery through CS (OR=1.16, 95%CI 1.08, 1.25), delivering LBW baby (OR=8.09,

95%CI 7.45, 8.78), experiencing perinatal death (OR=2.10, 95%CI 1.83, 2.42), and

delivering male children (OR=1.11, 95%CI 1.04, 1.20) were associated with higher

odds of delivering moderately to late preterm. Primiparous women were less likely

to deliver moderately to late preterm (OR=0.90, 95%CI 0.82, 0.99) compared to

multiparous. For every one year increase, the odds of delivering moderately to late

preterm increased significantly by 2% (OR=1.02, 95%CI 1.01, 1.03), Table 6.5.

Furthermore, after imputation of missing values the positive effect of PROM on

very/extremely preterm birth (<32 weeks of gestation) is observed to be

statistically significant (OR=1.63, 95%CI 1.06, 2.50) compared to results before

imputation of missing values (Table 6.4). Significantly higher odds of very/extreme

preterm birth was among mothers referred for delivery (OR=1.28, 95%CI 1.08, 1.52),

with pre-eclampsia/eclampsia (OR=1.61, 95%CI 1.27, 1.03), inadequate (<4) ANC

visits (OR=5.64, 95%CI 4.67, 6.80), experienced placenta previa (OR=8.07, 95%CI

3.61, 18.07), delivered LBW baby (OR=38.21, 95%CI 31.65, 46.14), experienced

perinatal death (OR=5.29, 95%CI 4.37, 6.40), and delivered male children (OR=1.22,

95%CI 1.05, 1.43). Also, the odds of delivering very/ extreme preterm birth

increased significantly by 4% (OR=1.04, 95%CI 1.02, 1.06) for every calendar year.
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Table 6.5: Adjusted analysis for predictors of preterm birth using multinomial regression
model after imputation of missing values (N=42,089)

Characteristics
32-<37 vs. ≥37 weeks <32 vs. ≥37 weeks

AOR† (SE‡) 95%CI AOR† (SE‡) 95%CI

Mother’s age groups (years)
15-19 1.29 (0.09) 1.13,1.47*** 1.30 (0.18) 0.99,1.71
20-24 1.15 (0.05) 1.06,1.26** 1.13 (0.11) 0.93,1.38
25-34 1 1
35-39 1.03 (0.06) 0.92,1.15 1.06 (0.13) 0.84,1.34
40+ 1.11 (0.11) 0.91,1.34 0.92 (0.20) 0.60,1.40

Maternal highest education level
None 1.11 (0.17) 0.82,1.49 1.44 (0.36) 0.88,2.34
Primary 1.27 (0.06) 1.17,1.39*** 1.09 (0.10) 0.91,1.32
Secondary 1.10 (0.07) 0.98,1.25 1.00 (0.14) 0.77,1.32
Higher 1 1

Referred for delivery (Yes) 1.20 (0.05) 1.10,1.30*** 1.28 (0.11) 1.08,1.52**
Pre-eclampsia/eclampsia (Yes) 1.86 (0.13) 1.62,2.13*** 1.61 (0.19) 1.27,2.03***
Number of ANC visits (<4) 2.56 (0.10) 2.38,2.75*** 5.64 (0.54) 4.67,6.80***
Parity (Primipara) 0.90 (0.04) 0.82,0.99* 0.98 (0.11) 0.78,1.23
PROM (Yes) 1.87 (0.18) 1.55,2.26*** 1.63 (0.36) 1.06,2.50*
Abruption placenta (Yes) 1.98 (0.48) 1.23,3.19** 1.46 (0.52) 0.73,2.93
Placenta previa (Yes) 4.76 (1.35) 2.73,8.28*** 8.07 (3.32) 3.61,18.07***
Delivery mode (CS) 1.16 (0.04) 1.08,1.25*** 0.91 (0.08) 0.77,1.08
Birth weight (LBW) 8.09 (0.34) 7.45,8.78*** 38.21 (3.67) 31.65,46.14***
Perinatal death (Yes) 2.10 (0.15) 1.83,2.42*** 5.29 (0.52) 4.37,6.40***
Sex of the baby (Male) 1.11 (0.04) 1.04,1.20** 1.22 (0.10) 1.05,1.43*
Year 1.02 (0.00) 1.01,1.03*** 1.04 (0.01) 1.02,1.06***

†AOR: Adjusted Odds Ratio, adjusted for maternal age groups (years), highest level of education, referral status,
pre-eclampsia/eclampsia, number of ANC visits, PROM, abruption placenta, placenta previa, delivery mode,
child’s birth weight, perinatal status and year of birth.
‡SE: Standard errors adjusted for clustering of deliveries within mothers.
* p<0.05, ** p<0.01, *** p<0.001.

6.4 Discussion

Globally, the trends of preterm birth rate has been increasing over time (Blencowe

et al., 2013; Lu et al., 2015a; Chawanpaiboon et al., 2019; World Health

Organization, 2020). Findings in the current study also revealed the rising trends of

both moderate to late preterm (32 to <37 weeks of gestation) and very/extremely

preterm birth (<32 weeks of gestation) between the years 2000-2015. A recent

systematic review and modelling analysis revealed that Tanzania is among the top

10 countries (tenth position) with the highest preterm birth rate (16·6%) and

contributed to 2.2% of the global preterm birth estimates (Chawanpaiboon et al.,
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2019). Based on the estimates released seven years ago (2013) by Blencowe et al.

(2013), Tanzania was not in the top 10 countries with the highest (>15%) preterm

birth rates globally. By then, Malawi had the highest preterm birth rate (18%) in

SSA and South East Asia (Blencowe et al., 2013; van den Broek et al., 2014).

Previous studies at the KCMC zonal referral hospital (Mahande et al., 2013b; Temu

et al., 2016) and Bugando Medical Center in Mwanza region (Rugaimukam et al.,

2017) reported the preterm birth rate of 14%; where (Mahande et al., 2013b) utilized

cohort data between the years 2000-2008 while (Temu et al., 2016) and

(Rugaimukam et al., 2017) conducted case-control studies. The rising trends and

relatively high preterm birth rates in Tanzania are alarming, given the documented

short- and long-term consequences, particularly an increased risk of recurrence in

subsequent pregnancies, stillbirths, and neonatal mortality (Marchant et al., 2012;

Mahande et al., 2013b; van den Broek et al., 2014; Liu et al., 2016; Phillips et al.,

2017; Malacova et al., 2018; Vogel et al., 2018). In fact, mothers who experienced

perinatal death in this study were more likely to deliver preterm. The effect of

perinatal death almost doubled in the very/extremely preterm category.

Multiple imputation was performed to increase precision of parameter estimates, as

it accounts for the uncertainty associated with missing data (Ibrahim &

Molenberghs, 2009; Sterne et al., 2009; Jakobsen et al., 2017; Pedersen et al., 2017).

After the imputation of missing values, the standard errors are relatively lower and

coefficients (odds ratios) were either lower or higher than those in the complete

case analysis. Although the direction of associations remained the same, precision

of parameters estimates is increased after imputation of missing data. It has been

reported that “multiple imputation provides unbiased and valid estimates of

associations based on information from the available data – ie, yielding estimates

similar to those calculated from full data” (Pedersen et al., 2017). Data analysts

should consider accounting for missing data in their analysis using proper
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techniques to reduce the bias associated with simple analysis (such as analyzing

available or complete cases) that ignore missing values (Liu & De, 2015b; Jakobsen

et al., 2017; Pedersen et al., 2017).

Results from the imputed data revealed that adolescent (15-19 years) mothers and

mothers aged 20-24 years had higher odds of delivering moderately to late preterm

births (32 to <37 weeks) as well as very/extremely preterm (<32 weeks though this

association was not statistically significant) compared to mothers aged 25-34 years.

Our findings are consistent with previous studies (van den Broek et al., 2014; Zack

et al., 2014; Grantz et al., 2015; Lu et al., 2015a; Fuchs et al., 2018). Authors in these

studies revealed that younger (<24 years) mothers are at increased risk of

delivering preterm. A previous study in Canada indicated that women aged 20-24

years were more at risk of delivering spontaneous preterm birth (Fuchs et al., 2018).

However, authors in this study did not include adolescent mothers. Data from the

Tanzania Demographic and Health Survey 2015/16 revealed the rising trends of

teenage childbearing (15-19 years) from 23% in 2010 to 27% in 2015/16

(MoHCDGEC [Tanzania Mainland] et al., 2016).

Younger age at first pregnancy is a public health concern due to an increased risk of

complications during pregnancy and child birth as well as maternal and neonatal

mortality (MoHCDGEC [Tanzania Mainland] et al., 2016; Fuchs et al., 2018). A

systematic review and meta-analysis in SSA documented an association between

adolescent child-bearing and an increased risk of low birth weight,

pre-eclampsia/eclampsia, preterm birth and maternal and perinatal mortality

(Grønvik & Fossgard Sandøy, 2018). Findings in this study suggests that

interventions in Tanzania should emphasize on delayed age at first pregnancy and

provision of adolescent and youth friendly sexual and reproductive health services

(Kozuki et al., 2013; MoHCDGEC, 2016; Wado et al., 2019), for positive pregnancy

experiences.
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Mothers referred for delivery at the KCMC zonal referral hospital were more likely

to deliver preterm compared to those who had self-referred (normal clinic

attendance). Similar findings has been reported elsewhere(Grønvik &

Fossgard Sandøy, 2018; Mboya et al., 2020b), where women referred for delivery are

more likely to have more pregnancy-related complications such as pre-eclampsia,

which increases the risk of preterm birth. Close clinical follow-up is recommended

to this group of women during prenatal care to minimize pregnancy-related

complications, such as preterm birth and associated consequences. Mothers with

primary education compared to higher (college/university) education level had

significantly higher odds of delivering moderately to late, but not very/extremely

preterm. These findings were consistent to a meta-analysis of 12 European Cohorts,

where poor health at birth was higher among babies born from mothers with low

education levels (Ruiz et al., 2015). Policies and programs to improve maternal and

child care in Tanzania should address health inequalities and prioritize the

marginalized groups taking a multi-sectoral approach.

Furthermore, male children were more likely to be delivered preterm compared to

females. This might be associated with shorter gestational duration for male

compared to female fetuses (Zhang et al., 2018a). A study in the UK found no

significant relationship between fetal gender and the risk of preterm birth among

women at high risk of delivering preterm (ie, with a history of miscarriage, preterm

birth or cervical surgery) (Teoh et al., 2018). We also found that primiparous women

were less likely to deliver preterm compared to multiparous. Findings from a

meta-analysis using data from cohort studies in LMIC indicated that nulliparous,

aged <18 years and parity ≥3 aged ≥35 years women were more likely to

experience adverse neonatal outcomes, including preterm birth (Kozuki et al.,

2013). Other studies found no significant association between parity and the risk of

preterm birth (van den Broek et al., 2014; Lu et al., 2015b; Temu et al., 2016;
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Malacova et al., 2018). Despite that, interventions to improve maternal and child

care should be delivered through out the course of woman’s reproductive period.

Among the factors associated with the rise in trends of preterm birth is the

iatrogenic early delivery (i.e. following labour induction and/or caesarean

delivery) carried out for fetal or maternal indications (Lisonkova et al., 2012). In this

study, women who delivered moderately to late preterm were more likely to

deliver through caesarean section (CS). It is possible that these women had other

obstetric complications such as a previous CS, severe pre-eclampsia/eclampsia,

placenta praevia, preterm premature rupture of membranes, and high birthweight

that contributed highly to CS delivery and hence preterm birth (Worjoloh et al.,

2012; Tarimo et al., 2020). The odds of delivering both moderately to late and

very/extremely preterm was high among mothers with pre-eclampsia/eclampsia,

experienced placenta previa, and abruption placenta, as also reported elsewhere

(Georgiou et al., 2015; Temu et al., 2016; Vogel et al., 2018). The effect of placenta

previa on delivering very/extremely preterm were almost twice compared to the

moderately to late preterm birth category. These conditions are both the risk factors

as well as common indications for preterm birth (Lu et al., 2015a; Vogel et al., 2018).

PROM increases the risk of preterm birth (Blencowe et al., 2013; Requejo et al., 2013;

Georgiou et al., 2015; Lu et al., 2015a), which is consistent to the findings in this

study. Previous studies have shown that PROM is among the common indications

of spontaneous preterm birth (Requejo et al., 2013; Georgiou et al., 2015; Purisch &

Gyamfi-Bannerman, 2017).

LBW was associated with eight-fold higher odds of moderately to late preterm

([32,37) weeks of gestation) and nearly 40 times higher odds of very/extremely

preterm (<32 weeks of gestation). In fact, the proportions of moderately to late and

very/extremely preterm birth were significantly higher among deliveries born with

LBW than in the normal birth weight deliveries (37.1% and 14.3%, vs 6.4% and
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0.4%, respectively) (results before imputation). Our findings agree with a previous

case-control study in northern Tanzania, where LBW was associated with over

34-folds risk of preterm delivery (Temu et al., 2016). The observed increase in

preterm birth due to LBW could be attributed to two factors; the fact that preterm

birth is also a risk factor for LBW (low birth weight but appropriate for gestation

age) and intrauterine growth retardation or small for gestational age. Literature

shows that extremely preterm babies are more likely to be born with LBW, while

newborns small for gestational age are at a higher risk of experiencing morbidity

and mortality (Katz et al., 2013; Unterscheider et al., 2014). In this study, 81.2%

(688/847) of very/extreme preterm newborns were born with both LBW and

preterm compared to 41.6% (1779/4279) among moderately to late preterm (results

before imputation). On the other hand, babies born preterm are at an increased risk

of being born with LBW (Mitao et al., 2016) and experiencing perinatal and

neonatal morbidity and mortality (UNICEF et al., 2020; Mboya et al., 2020b). Care

for the LBW and preterm babies is a critical intervention for improving child

survival. Special attention should be given to babies born with LBW at <32 weeks

of gestation.

According to the WHO recommendations, antenatal care visit remains to be a

critical entry point where high-risk pregnancies can be identified and managed

(Requejo et al., 2013; World Health Organization, 2015, 2016b). We found that

women with inadequate (<4) ANC visits are more likely to deliver moderately to

late and very/extremely preterm. Similar findings were also reported in other

studies (Lu et al., 2015a; Mahapula et al., 2016; Temu et al., 2016; Rugaimukam

et al., 2017). However, these studies estimated the association between the number

of ANC visits in the overall preterm birth categories (<37 weeks of gestation)

compared to our study that showed different risk patters in two sub-categories of

preterm birth (<32 and [32,37) weeks of gestation). In Tanzania, over half (51%) of

pregnant women had at least four ANC visits during their last pregnancy
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(MoHCDGEC [Tanzania Mainland] et al., 2016). Considering the current WHO

recommendations of eight or more visits (World Health Organization, 2016b),

different strategies are needed to promote health care seeking behaviors for

pregnant women, and provision of quality ANC services at all levels of care. The

timing and number of ANC visits is as important as the content and quality of care

(Benova et al., 2018).

In this study, we applied the multinomial regression models with two categories of

preterm birth (<32 and [32,37) weeks of gestation) due to rarity of cases in the <28

gestational weeks category. Eventually, the collapsed categories increased statistical

power. Nevertheless, it is also possible that there may be under-reporting of

extreme premature deliveries in the KCMC Medical birth registry. Despite the low

accuracy of gestational age estimation based on the date of last menstrual period

(Blencowe et al., 2013; Quinn et al., 2016; Vogel et al., 2018), it remains the widely

used method in resource-limited settings like Tanzania. Even where ultrasound is

available, this method “requires skilled technicians, equipment and for maximum

accuracy, first-trimester antenatal clinic attendance” Blencowe et al. (2013), which is

still a challenge in Tanzania (MoHCDGEC [Tanzania Mainland] et al., 2016). There

are alternative gestational age estimation methods, such as a combination of

ultrasound and LMP (Blencowe et al., 2013; Quinn et al., 2016; Vogel et al., 2018),

but the question remains on the feasibility and applicability of these options in

resource-limited settings.

Another limitation of this study is that it was hospital-based, utilizing the KCMC

Medical Birth Registry data from the KCMC zonal referral hospital in northern

Tanzania, hence suffers from referral bias. Nearly a quarter of all women were

referred for delivery during the study period. This may affect the generalization of

the results. Nevertheless, this is the only birth-registry in the country (and

potentially one of the few in SSA) providing critical information for pregnancy
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monitoring, administrative, and research purposes. Such registries allows for

routine and inter-generational linkage and analysis of mother-child records. The

KCMC hospital and its partners should promote routine data quality checks,

resolve data quality and reporting challenges to ensure a sustainable operation of

the birth registry, for current and future use.

6.5 Conclusion

The findings from this study support other studies showing improved precision of

parameter estimates after imputation of missing values and the rising trends of

preterm birth rates. The multinomial regression models allowed for the

simultaneous assessment of predictors of different preterm birth categories as

opposed to binary regression analysis. Policy decisions should intensify efforts on

improved maternal and child care throughout the course of pregnancy and

childbirth, towards prevention of preterm birth. Interventions to increase the

uptake and quality of ANC services should also be strengthened in Tanzania at all

levels of care, where several interventions can easily be delivered to pregnant

women (World Health Organization, 2016b), especially those at high-risk of

experiencing adverse pregnancy outcomes. The number of ANC visits is as

important as the content of care.
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Chapter 7

Joint modelling of singleton

preterm birth and perinatal death

using birth registry cohort data in

northern Tanzania

7.1 Introduction

Globally, there is a notable decline of under five mortality rates since the year 1990

(UNICEF et al., 2020). Despite this decline, the share of mortality burden increased

in the group of children in younger ages, especially in the first 28 days of life

(neonatal period) (Burstein et al., 2019; Hug et al., 2019; UNICEF et al., 2020). The

UN Inter-agency Group for Child Mortality Estimation report indicated that at a

global rate of 17 deaths per 1000 live births, and approximately 6700 neonatal

deaths everyday in 2019, neonatal period is the most vulnerable time for children

under five years of age (UNICEF et al., 2020). The share of neonatal mortality to

under five deaths has increased from 40% in 1990 to 47% in 2019 (UNICEF et al.,

2020). In addition, sub-Saharan Africa (SSA) caries the highest burden of neonatal

mortality rates in the world (Burstein et al., 2019; UNICEF et al., 2020). Most of the
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neonatal deaths occurs during the perinatal period (Baqui et al., 2016; Mmbaga

et al., 2012b; UNICEF et al., 2020). A recent meta-analysis in 21 SSA countries

estimated a perinatal mortality rate of 34.7 per 1000 liver births. The Eastern Africa

region had a rate of 34.5 per 1000 live births, and was highest (39.5 per 1000 live

births) in Tanzania (Akombi & Renzaho, 2019; MoHCDGEC [Tanzania Mainland]

et al., 2016).

Preterm birth complications are among the leading causes of perinatal and neonatal

deaths (UNICEF et al., 2020). In 2018 alone, preterm birth complications accounted

for 35% of all neonatal deaths, followed by intrapartum-related complications

(24%) (UNICEF et al., 2019). Globally, preterm birth rate was 10.6%, equivalent to

nearly 15 million live preterm births in 2014, 81% occuring in Asia and SSA

(Chawanpaiboon et al., 2019). If these estimates are left unchecked within and

between countries, there may be a proportional increase in perinatal deaths.

Currently, Tanzania ranks the tenth country with the highest preterm birth rate in

the world (16.6%) and shares a 2.2% of the global preterm birth proportions

(Chawanpaiboon et al., 2019). Timely, quality, and skilled newborn care at birth and

treatment immediately after birth and first days of life is essential to increase child

survival (Chawanpaiboon et al., 2019; UNICEF et al., 2020).

Previous studies assessed the independent predictors of preterm birth and

perinatal deaths or as the determinants of each other (Jena et al., 2020; Mahande

et al., 2013a,b; Mpembeni et al., 2014; Mboya et al., 2020b,a; Rugaimukam et al.,

2017; Temu et al., 2016). Maternal characteristics and conditions and complications

in the current pregnancy increase preterm birth and perinatal death risk (Bailey

et al., 2017; Nijkamp et al., 2017; van Zijl et al., 2016; Vogel et al., 2014, 2018). Also,

previous exposure to these outcomes increases the recurrence risk (Malacova et al.,

2018; Mahande et al., 2013a,b; Ouyang et al., 2013; van Zijl et al., 2016). These

demonstrate the association between preterm birth and perinatal deaths. In other
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words, two outcomes within the same individual are highly correlated. Birth

registries are examples of such data where several outcomes are highly correlated.

Joint modelling is relevant to reveal more about their relationship, hence inform

clinical and public health decisions.

Joint modelling, particularly using the random effects approach, have been

previously applied to clinical outcomes such as HIV and HCV (Del Fava et al., 2011;

Ghebremichael, 2015), hearing thresholds (Fieuws & Verbeke, 2006; Fieuws et al.,

2007), and body mass index with other clinical targets among diabetic patients

(Ivanova et al., 2016). The application of these methods to pregnancy-related

adverse outcomes is limited. This study aimed to jointly model preterm birth and

perinatal death using the KCMC zonal referral hospital medical birth registry data

in northern Tanzania. To our knowledge, no studies have jointly modelled preterm

birth and perinatal death in Tanzania. A joint model of the two outcomes will help

better understand potential risk factors for early diagnosis and management of

high-risk pregnancies.

7.2 Methods

7.2.1 Data source

Data used in this study comes from a prospective hospital-based maternally linked

cohort data from the KCMC zonal referral hospital in Moshi Municipality,

Northern Tanzania. Details about this birth registry are presented in Chapter 2 and

also published elsewhere (Bergsjo et al., 2007; Mahande, 2015; Mboya et al., 2020b,a;

Mmbaga et al., 2012a; Temu et al., 2016). Briefly, the KCMC medical birth records

information for women and their subsequent deliveries from 2000 to date. The

hospital has an average of 3500-4000 births every year, close to 70,000 recorded

deliveries to date. All consenting mothers are interviewed using a specially

designed questionnaire by the project midwives 24 hours after normal delivery.
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Mothers undergoing cesarean delivery or who experienced a complicated birth are

interviewed on the second or third day, depending on their condition.

7.2.2 Study variables and variable definitions

The primary outcomes were preterm birth and perinatal death. Perinatal death

comprises stillbirths (pregnancy loss that occurs after seven months of gestation)

and early neonatal death (death of live births within the first seven days of life)

(World Health Organization, 2019; MoHCDGEC [Tanzania Mainland] et al., 2016).

We coded perinatal death was as binary, i.e., ‘Yes’ if the child died and ‘No’ if

otherwise. Preterm birth is any birth before 37 completed weeks of gestation or

fewer than 259 days from the first date of a woman’s last menstrual period

(Chawanpaiboon et al., 2019; Mahande et al., 2013b; World Health Organization,

2020) and was also analyzed as a binary variable (<37 vs ≥37 weeks of gestation).

The secondary outcome was the co-occurrence of preterm birth and perinatal

death. We generated a categorical variable from the two outcomes with the

following categories; ‘0’ if none of the events occurred, ‘1’ if both occurred, ‘2’ if

perinatal death only, and ‘3’ if preterm birth only occurred. We then used a

multinomial random-effects regression model to predict the independent and

co-occurrence of preterm birth and perinatal death.

The independent variables included maternal and paternal background

characteristics and maternal conditions and complications during pregnancy and

delivery. Previous literature (Bailey et al., 2017; Malacova et al., 2018; Nijkamp

et al., 2017; van Zijl et al., 2016; Vogel et al., 2014, 2018) and analyses of this cohort

data informed selection of these variables (Mboya et al., 2020a,b). The background

characteristics were maternal age (15-19, 20-24, 25-34, 35-39, and 40+), paternal age

(15-24, 25-29, 30-34, and 35+), maternal and paternal highest level of education

(none, primary, secondary, and higher), paternal and maternal occupation

132



7.2. Methods

(employed, unemployed, farmer, and others), marital status (married, single, and

widowed/divorced), the current area of residence (rural, urban), body mass index

(BMI) in Kg/m2 (normal [18.5-24.9], underweight [<18.5], overweight [25-29.9],

and obese [30+]), and paternal age [15-24, 25-29, 30-34, 35+].

Maternal conditions and complications during pregnancy and delivery were

number of antenatal care visits (4+, <4), parity (primipara, multipara), HIV status

(positive, negative), and referral status (Yes, No). Maternal anemia and malaria

during pregnancy, infections, pre-eclampsia/eclampsia, premature rupture of the

membranes (PROM), postpartum haemorrhage (PPH), abruption placenta, and

placenta previa were all binary (Yes, No). Other information included sex of the

child (male, female), birth weight (normal [≥2500g], low birth weight (LBW)

[<2500g]) (World Health Organization, 2014b), presentation at birth (cephalic,

breech, and transverse), mode of delivery (vaginal, cesarean section (CS)), and

Apgar score at 5 minutes (high [7+], low [<7]).

7.2.3 Study population and eligibility criteria

The study population for this study was women who delivered singleton babies

from January 2000 to December 2017. For this period, there were 60,840 deliveries

from 45,324 mothers aged 15-49 years. We excluded 52 records missing unique

identification numbers (used to link mothers and their subsequent births) and 3,669

multiple gestations (i.e., twins and triplets) to avoid over-representing high-risk

pregnancies. We further excluded 1,212 deliveries of unknown sequence (i.e.,

whether singleton or multiple births). We, therefore, analyzed data for 55,907

recorded deliveries, of which 49,113 had complete information on gestational age

and 55,736 on perinatal status (Figure 7.1).
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Figure 7.1: Flow chart showing the number of singleton deliveries analyzed in this
study. Data from the KCMC Medical birth registry, 2000-2017.

7.2.4 Descriptive analysis

Data were analyzed using STATA version 15.1 (StataCorp LLC, College Station,

Texas, USA)(StataCorp, 2019). The primary unity of analysis was singleton

deliveries for women recorded in the KCMC Medical Birth Registry between

2000-2017. We summarized numeric variables using means and standard

deviations and categorical variables using frequencies and percentages. The

Chi-square test compared the proportion of preterm births and perinatal deaths by

maternal and paternal background characteristics and maternal conditions and

complications during pregnancy and childbirth. Ordinary least-squares linear

regression assessed linear trends of proportions of the two outcomes for every year

increase. Findings from previous analyses for the predictors of preterm birth

(Mboya et al., 2021) and perinatal death (Mboya et al., 2020a,b) informed selection

of variables to include in the initial steps of multivariable analysis. The next step
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was a separate stepwise manual reduction of variables not significantly associated

with preterm birth and perinatal death (p<0.05) using the mixed-effects

generalized linear models with exchangeable correlation structure. This step was

essential given additional variables, such as paternal characteristics, which were

significant predictors of perinatal death in the previous analysis using machine

learning models (Mboya et al., 2020a). Of importance, we tested the effect of

including paternal characteristics in this step, which were not significant predictors

of any of the two outcomes.

7.2.5 Joint modeling of correlated binary outcomes

7.2.5.1 The joint model of two binary responses

We developed a joint model of preterm birth and perinatal death using random

effects models with an exchangeable correlation structure. Both outcomes were

binary, hence used the binomial family and logit link function. We assumed that a

set of latent, unobserved random effects of the same mother’s two outcomes are

correlated. Therefore, we used shared random intercepts to determine the

correlation between the same mother’s two outcomes, i.e., preterm birth and

perinatal death. The random intercept captures the unobserved factors specific to

each individual, which may influence the responses (Ghebremichael, 2015). Let Yij

denote the jth response (j = 1, 2) of the ith (i = 1, 2, . . . , n) subject, with j = 1 for

preterm birth and j = 2 for perinatal death. A binary response Yij takes the values 1

if an event has occurred and 0 if otherwise. Thus, for the ith subject, we have a

bivariate binary response vector (Y1i, Y2i). We also let X1i and X2i, represent the

vectors of covariates associated with preterm birth and perinatl death, and β1(β̂1)

and β2(β̂2) be their corresponding regression coefficients, and estimates in brackets,

respectively. Random effects models are used to jointly model two longitudinal

outcomes of different nature (Ghebremichael, 2015; Faes et al., 2008; Fieuws &

Verbeke, 2006; Ivanova et al., 2016), also referred as multivariate longitudinal

models (Fitzmaurice et al., 2009). The association between the covariates and each
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outcome (preterm birth and perinatal death) can be examined using separate

regression models for each outcome given as (Ghebremichael, 2015)

logit {E(Y1i)} = logit {Pr(Y1i = 1|X1i, β1)}

= βT1 X1i

(7.1)

and

logit {E(Y2i)} = logit {Pr(Y2i = 1|X2i, β2)}

= βT2 X2i

(7.2)

Ghebremichael Ghebremichael (2015) correctly indicated that these traditional

logistic regression models ignore the correlation between the two outcomes. The

random effects capture the unobserved factors specific to each individual, which

may influence the responses (Ghebremichael, 2015). The joint models using random

effects can be developed following two approaches; shared parameter and the

multivariate random-effects models.

7.2.5.2 Shared-parameter models

The joint model is built by describing the joint density f(y1i, y2i) of the binary

response vectors Y1i and Y2i. Let bi denote the random effects shared by the two

responses of the ith individual. We further let d1j and d2j define the dummy

variables, with d1j = 1 for j = 1 and d2j = 1 for j = 2. A popular approach is to

postulate a so-called shared-parameter model (Fitzmaurice et al., 2009), where the

joint density for (Y1i, Y2i) is obtained from

f(y1i, y2i) =

∫
f(y1i, y2i|bi)f(bi)db =

∫
f(y1i|bi)f(y2i|bi)f(bi)dbi (7.3)
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in which f(bi) denotes the random-effects density. The joint response model using

logit link for binary responses can be given by (Ghebremichael, 2015)

logit{E(Yij |bi)} = logit{Pr(Yij = 1|Xij , βj , bi})

= d1i(β
T
1 X1i + bi) + d2i(β

T
2 X2i + bi)

(7.4)

Alternatively, equation 7.4 can be expressed in a vector form as

logit

E
Yi1
Yi2

 =

βT1 X1i + bi

βT2 X2i + bi

 (7.5)

where the bivariate responses (Y1i, Y2i) of all individuals are stacked into a single

response vector (Yij). The random effect bi is a “shared parameter” inducing

correlation between the two binary responses Y1i and Y2i through the joint

dependence on bi. The conditional independence of Y1i and Y2i given bi may reflect

the belief that a common set of underlying characteristics of the individual governs

both outcomes (Fitzmaurice et al., 2009).

The random intercept bi in 7.5 shared by both outcomes dictates that correlations

between parts of measurements from different outcomes must be equal to the

product of the correlation between measurements of the two outcomes. “A key

disadvantage of shared-parameter models is that they can imply very strong

assumptions about the association between the outcomes modeled, given

longitudinal measurements of both Y1i and Y2i” Fitzmaurice et al. (2009). Therefore,

it is evident that the shared-parameter models provide a limited representation of

the dependence structure of multiple longitudinal outcomes.

7.2.5.3 Multivariate random-effects models

The rigid assumption in the shared-parameter models may be relaxed by allowing

the models for Y1i and Y2i to depend on separate random effects b1i and b2i, which

are themselves correlated (Faes et al., 2008; Fitzmaurice et al., 2009). For two
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longitudinal binary responses, a GLMM with correlated random effects is given as

Faes et al. (2008)

Yi1j
Yi2j

 =


exp(α0 + α1Xij + b1i)

1 + exp(α0 + α1Xij + b1i)

exp(β0 + β1Xij + b2i)

1 + exp(β0 + β1Xij + b2i)

+

εi1j
εi2j

 (7.6)

Rather than being linked by shared dependence on a common random effects as in

7.5, the models for the two binary outcomes are joined by assuming the random-

effect vector b = (b1, b2)
′ are independent of εi1j and εi2j , which has a multivariate

normal distribution with zero mean vector and covariance matrix D. The random

effects bi1 and bi2 are normally distributed asb1i
b2i

 ∼ N

0
0

 ,

 τ21 ρτ1τ2

ρτ1τ2 τ22


 (7.7)

The random effects bi1 and bi2 are used to accommodate the longitudinal structure in

the data. It is further assumed that var(εi1j) = υi1j = πi1j(b1i = 0)[1 − π1ij(b1i = 0)]

and var(ε2ij) = υ2ij = π2ij(b2i = 0)[1 − π2ij(b2i = 0)]. The approximate variance

covariance matrix of the two responses for subject i at time point j is equal to (Faes

et al., 2008)

Vij =

 υ21ijτ
2
1 + υ1ij ρτ1τ2υ1ijυ2ij

ρτ1τ2υ1ijυ2ij υ22ijτ
2
2 + υ2ij

 (7.8)

and the correlation between the two outcomes given as (Faes et al., 2008)

ρY1,Y2 =
ρτ1τ2υ1ijυ2ij√

υ21ijτ
2
1 + υ1ij

√
υ22ijτ

2
2 + υ2ij

(7.9)

Expression 7.8 demonstrates explicitly the role of the correlation between the

outcome-specific random effects in dictating the between-process outcome

correlation at any two time points. The model no longer assumes that the product

of the within-process correlations equals the between-process correlation, thus
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allowing a more general dependence structure (Fitzmaurice et al., 2009). The shared

parameter model in equation 7.5 can be obtained as a special case of equation 7.6 by

restricting the correlation between b1 and b2 to be equal to 1.

7.2.5.4 Estimation and inference

The joint responses of Y1i and Y2i are assumed to be independent given the shared

random effects (bi). Assume the bi are normally distributed with zero mean and

variance covariance matrix D. Given this assumption, we can write the likelihood

function of the joint response model as follows (Ghebremichael, 2015)

L(θ) =

n∏
i=1

2∏
j=1

Pr(Yij = 1|Xij , βj , bi)

=
n∏
i=1

2∏
j=1

{∫
Pr(Yij = 1|Xij , βj , bi)dG(bi)

}

=
n∏
i=1

{∫ 2∏
j=1

Pr(Yij = 1|Xij , βj , bi)dG(bi)

}

=
n∏
i=1

{∫ 2∏
j=1

ebi+β
T
jXij

1 + ebi+β
T
jXij

dG(bi)

}

(7.10)

where θ is the vector of all parameters in the conditional distribution and the

multivariate normal distribution for bi. The integrals involved in equation 7.10

cannot be calculated analytically and numerical approaches are needed (Ivanova

et al., 2016; Ghebremichael, 2015). Numeric approximations, such as adaptive

Gaussian quadrature are recommended to estimate the model parameters (Fieuws

& Verbeke, 2006; Ivanova et al., 2016; Molenberghs & Verbeke, 2005; Rabe-Hesketh

et al., 2002). The higher the order of the quadrature, the better the approximation

will be of the N subjects integrals in the likelihood (Molenberghs & Verbeke, 2005).

Once the model has been fitted, inferences for all elements in θ become available

using standard likelihood theory (e.g., likelihood ratio tests, Wald tests, score tests)

(Ivanova et al., 2016).
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We used maximum likelihood estimation using adaptive Gaussian quadrature

method based on 10 quadrature points to obtain parameter estimates of the joint

models (Ivanova et al., 2016; Ghebremichael, 2015; Molenberghs & Verbeke, 2005).

This method gives precise parameter estimates at the price of being

computationally intensive (Molenberghs & Verbeke, 2005).

7.2.5.5 A random-effects multinomial regression model for co-occurence

We further developed two additional multinomial random-effects models to assess

predictors of co-occurrence of both preterm birth and perinatal death. These models

provided additional information to understand the dependence between the two

outcomes conditional on the random effects. The first model was random effects,

multinomial regression model, with robust standard errors. As previously explained

in section 7.2.2, we assessed predictors of both outcomes occurring, the occurrence

of preterm birth only and perinatal death only, in a single multinomial variable. This

model estimated a single random effects variance to account for mother-to-mother

variability of the two responses. Let Yij denote a nominal response variable for the

ith subject and jth measurement occasion. Given the shared random effects (bi),

the probability that a response Yij occurs in category c for a given level-2 unit (i)

allowing for any possible set of C − 1 response categories is written as

Pijc =
exp(ηijc)∑C
c=1 exp(ηijc)

for c = 1, 2, . . . , C (7.11)

where the multinomial logit linear predictor, ηijc = X ′ijcβc + Z ′ijcbi. The random

effects bi are shared across the C − 1 binary comparisons in the multinomial logit

model. The second model was developed similar to in 7.11, but allowing for separate

but correlated random effects of the multinomial logits. The random effects bi in the

linear predictor, ηijc = X ′ijcβc +Z ′ijcbic are now different for each binary comparison

in the multinomial logit. A model with separate random effects estimated covariance

parameters for each pair of the multinomial outcomes. Assessment of the best-fitting
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model can be done using AIC or the the model standard errors. Several other post

estimation commands can be used after the gsem estimation in STATA (StataCorp,

2017).

7.3 Results

7.3.1 Preterm birth and perinatal death proportions by maternal and

paternal characteristics

The overall proportions of preterm birth and perinatal death between 2000-2017

recorded in the KCMC medical birth registry was 12.8% and 4.3%, respectively and

perinatal mortality rate (PMR) of 42.6 per 1000 births. The proportions of preterm

birth and perinatal death differed significantly (p<0.05) by maternal and paternal

background characteristics and obstetric care characteristics (Tables 7.1 and 7.2).

The preterm birth proportion was significantly higher among mothers aged 15-19

(15.7%) and 40+ years (17%), those with no education (16.3%), farmers (16.6%), and

rural residents (14.3%). The highest proportions of preterm birth were among

younger fathers, i.e., 15-24 years (16.2%), with no education (20.5%), and farmers

(17.9%). Furthermore, the perinatal death proportions were significantly higher

among mothers aged 40+ years (6.4%), with no education (9%), farmers (6.5%), and

rural residents (5.6%). Among fathers, perinatal death proportions were high

among those aged 30-34 (4.1%) and 35+ years (4.8%), with no education (12.7%),

and farmers (7.7%) (Table 7.1).

7.3.2 Preterm birth and perinatal death proportions by maternal

conditions and complications during pregnancy and delivery

The preterm birth proportions were highest among mothers with inadequate (<4)

ANC visits (27.4%), those referred for delivery (20.1%), experienced

pre-eclampsia/eclampsia (33%), PROM (23.6%), PPH (22.4%), abruption placenta

(50.9%), and placenta previa (55.9%), delivered LBW baby (53.8%), experienced
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breech presentation at birth (27.1%), had <7 five minutes Apgar score (42.0%), and

experienced perinatal death (47%). Also, the perinatal death proportions are high

among mothers with inadequate ANC visits (6.8%), referred for delivery (8.5%),

experienced pre-eclampsia/eclampsia (13.1%), PPH (18.6%), delivered LBW baby

(19.1%), breech presentation at birth (20.2%), low (<7) five minutes Apgar score

(60.4%), and delivered preterm (15.3%). Notably, the highest proportions of

perinatal deaths are among those that experienced abruption placenta (55.4%) and

with low (<7) five minutes Apgar score (60.4%) (Table 7.2). The proportion of

preterm birth was 47% among 2024 perinatal deaths compared to 11% among 46938

live births. On the other hand, among 6238 preterm deliveries (<37 gestational

weeks), 15.3% experienced perinatal death compared to 2.5% among 42724 term

(37+ gestational weeks) deliveries. These differences were statistically significantly

different, p<0.001 (results not shown in the table).

7.3.3 Trends of preterm birth and perinatal death between 2000-2017.

Between 2000 and 2017, there was a rising trend of preterm birth while perinatal

death proportions decline slightly in this cohort. The proportion of preterm birth

(<37 gestational weeks) increased significantly by 0.33 (95%CI 0.23, 0.43, p<0.001)

while that of perinatal death decreased significantly by 0.11 (95%CI 0.08-0.15,

p<0.001) for every one-year increase (Figure 7.2).

7.3.4 Joint predictors of preterm birth and perinatal death

7.3.4.1 Joint model with separate but correlated random effects

Findings of the joint model with separate but correlated random effects are in Table

7.3. The random-effects variance is observed to be equal for both outcomes

(Var=0.18, 95%CI 0.004, 9.09) and is significantly greater than zero. The covariance

parameter capturing dependence between the two outcomes is not statistically

significant (Cov=-0.11, 95%CI -0.42, 0.20). Therefore, the two outcomes are

independent conditional on accounting for mother to mother
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Table 7.1: Distribution of preterm birth and perinatal death by maternal and paternal
characteristics (N=55,907)

Characteristics
Preterm birth Perinatal death

Total (%) n (%) P-value Total (%) n (%) P-value

Maternal age in years <0.001 <0.001
15-19 3749 (6.7) 589 (15.7) 4416 (7.9) 173 (3.9)
20-24 11930 (21.4) 1547 (13.0) 13648 (24.5) 520 (3.8)
25-34 25687 (46.0) 2973 (11.6) 28920 (51.8) 1199 (4.1)
35-39 6045 (10.8) 862 (14.3) 6792 (12.2) 359 (5.3)
40+ 1609 (2.9) 274 (17.0) 1851 (3.3) 119 (6.4)

Maternal highest education level <0.001 <0.001
None 718 (1.3) 117 (16.3) 1031 (1.8) 93 (9.0)
Primary 25669 (46.0) 3713 (14.5) 29479 (52.8) 1500 (5.1)
Secondary 6922 (12.4) 914 (13.2) 7768 (13.9) 244 (3.1)
Higher 15727 (28.2) 1499 (9.5) 17343 (31.1) 511 (2.9)

Maternal occupation <0.001 <0.001
Employed 26226 (47.2) 2921 (11.1) 29303 (52.7) 971 (3.3)
Unemployed 10445 (18.8) 1451 (13.9) 11852 (21.3) 517 (4.4)
Farmer 9067 (16.3) 1501 (16.6) 10699 (19.3) 700 (6.5)
Others 3114 (5.6) 360 (11.6) 3554 (6.4) 151 (4.2)

Marital Status <0.001 0.08
Married 42385 (76.0) 5232 (12.3) 48037 (86.1) 2036 (4.2)
Single 6569 (11.8) 988 (15.0) 7477 (13.4) 304 (4.1)
Widowed/Divorced 89 (0.2) 25 (28.1) 107 (0.2) 9 (8.4)

Current area of residence <0.001 <0.001
Urban 29417 (52.8) 3448 (11.7) 32915 (59.0) 1086 (3.3)
Rural 19576 (35.1) 2801 (14.3) 22673 (40.7) 1276 (5.6)

Body mass index categories (Kg/m2) <0.001 0.64
Normal (18.5-24.9) 18021 (46.8) 2029 (11.3) 20427 (53.0) 696 (3.4)
Underweight (<18.5) 1766 (4.6) 232 (13.1) 2029 (5.3) 68 (3.4)
Overweight (25-29.9) 9596 (24.9) 944 (9.8) 10770 (28.0) 395 (3.7)
Obese (30+) 4601 (11.9) 505 (11.0) 5171 (13.4) 186 (3.6)

Paternal age (years) <0.001 <0.001
15-24 4460 (8.0) 721 (16.2) 5149 (9.3) 189 (3.7)
25-29 11979 (21.6) 1466 (12.2) 13595 (24.5) 486 (3.6)
30-34 14199 (25.6) 1662 (11.7) 15995 (28.8) 656 (4.1)
35+ 18179 (32.8) 2363 (13.0) 20582 (37.1) 996 (4.8)

Paternal education level <0.001 <0.001
None 365 (0.7) 75 (20.5) 529 (1.0) 67 (12.7)
Primary 21163 (38.0) 3154 (14.9) 24440 (43.9) 1302 (5.3)
Secondary 6083 (10.9) 851 (14.0) 6776 (12.2) 233 (3.4)
Higher 21358 (38.4) 2152 (10.1) 23765 (42.7) 741 (3.1)

Paternal occupation <0.001 <0.001
Employed 41695 (74.9) 4964 (11.9) 46932 (84.3) 1756 (3.7)
Unemployed 878 (1.6) 127 (14.5) 1005 (1.8) 23 (2.3)
Farmer 5637 (10.1) 1009 (17.9) 6671 (12.0) 515 (7.7)
Others 764 (1.4) 131 (17.1) 915 (1.6) 50 (5.5)

Total n (%) 49113 6263 (12.8) 55736 2377 (4.3)

Note: Variables may not tally to the total frequencies due to missing values in either the exposure or
the outcome of interest.
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Table 7.2: Distribution of preterm birth and perinatal death by maternal conditions and
complications during pregnancy and delivery (N=55,907)

Characteristics
Preterm birth Perinatal death

Total (%) n (%) P-value Total (%) n (%) P-value

Number of ANC visits <0.001 <0.001
4+ 33291 (60.5) 2488 (7.5) 37619 (68.4) 1111 (3.0)
<4 15087 (27.4) 3581 (23.7) 17198 (31.3) 1161 (6.8)

Parity <0.001 0.23
Multipara 9456 (16.9) 1063 (11.2) 10552 (18.9) 449 (4.3)
Primipara 39657 (70.9) 5200 (13.1) 45184 (80.8) 1928 (4.3)

Drank alcohol during this pregnancy <0.001 0.004
No 35922 (64.4) 4778 (13.3) 40745 (73.0) 1782 (4.4)
Yes 13123 (23.5) 1474 (11.2) 14874 (26.7) 568 (3.8)

Referred for delivery <0.001 <0.001
No 36498 (67.6) 3907 (10.7) 40988 (76.0) 1169 (2.9)
Yes 10910 (20.2) 2189 (20.1) 12817 (23.7) 1092 (8.5)

HIV status <0.001 0.001
Negative 36764 (83.7) 4574 (12.4) 41568 (94.6) 1541 (3.7)
Positive 1972 (4.5) 304 (15.4) 2265 (5.2) 114 (5.0)

Anemia 0.54 <0.001
No 48349 (86.5) 6160 (12.7) 54872 (98.1) 2317 (4.2)
Yes 764 (1.4) 103 (13.5) 864 (1.5) 60 (6.9)

Malaria <0.001 0.43
No 42992 (76.9) 5600 (13.0) 48760 (87.2) 2067 (4.2)
Yes 6121 (10.9) 663 (10.8) 6976 (12.5) 310 (4.4)

Any infections condition 0.07 0.18
No 48340 (86.5) 6181 (12.8) 54869 (98.1) 2348 (4.3)
Yes 773 (1.4) 82 (10.6) 867 (1.6) 29 (3.3)

Pre-eclampsia/eclampsia <0.001 <0.001
No 47008 (84.1) 5569 (11.8) 53389 (95.5) 2069 (3.9)
Yes 2105 (3.8) 694 (33.0) 2347 (4.2) 308 (13.1)

PROM <0.001 0.002
No 48123 (86.1) 6029 (12.5) 54635 (97.7) 2351 (4.3)
Yes 990 (1.8) 234 (23.6) 1101 (2.0) 26 (2.4)

PPH <0.001 <0.001
No 48760 (87.2) 6184 (12.7) 55343 (99.0) 2304 (4.2)
Yes 353 (0.6) 79 (22.4) 393 (0.7) 73 (18.6)

Abruption placenta <0.001 <0.001
No 48950 (87.6) 6180 (12.6) 55552 (99.4) 2275 (4.1)
Yes 163 (0.3) 83 (50.9) 184 (0.3) 102 (55.4)

Placenta previa <0.001 0.08
No 49002 (87.6) 6201 (12.7) 55616 (99.5) 2368 (4.3)
Yes 111 (0.2) 62 (55.9) 120 (0.2) 9 (7.5)

Sex of the baby 0.86 0.65
Female 23664 (42.5) 3005 (12.7) 26831 (48.2) 1128 (4.2)
Male 25245 (45.3) 3219 (12.8) 28686 (51.5) 1228 (4.3)

Birth weight <0.001 <0.001
NBW 43619 (78.2) 3313 (7.6) 49596 (88.9) 1190 (2.4)
LBW 5373 (9.6) 2889 (53.8) 6008 (10.8) 1148 (19.1)

Presentation <0.001 <0.001
Cephalic 48160 (86.6) 6030 (12.5) 54686 (98.3) 2183 (4.0)
Breech 638 (1.1) 173 (27.1) 729 (1.3) 147 (20.2)
Transverse 75 (0.1) 11 (14.7) 83 (0.1) 17 (20.5)

Delivery mode <0.001 0.03
Vaginal 32085 (57.6) 3744 (11.7) 36426 (65.4) 1586 (4.4)
CS 16855 (30.3) 2487 (14.8) 19116 (34.3) 757 (4.0)

Apgar score at 5 minutes <0.001 <0.001
High (7+) 46015 (83.2) 4981 (10.8) 52117 (94.3) 161 (0.3)
Low (<7) 2543 (4.6) 1068 (42.0) 3006 (5.4) 1817 (60.4)

Induced labour <0.001 <0.001
No 37537 (67.5) 5088 (13.6) 42648 (76.6) 1695 (4.0)
Yes 11352 (20.4) 1135 (10.0) 12831 (23.1) 667 (5.2)

Total n (%) 49113 6263 (12.8) 55,736 2377 (4.3)

Note: Variables may not tally to the total frequencies due to missing values in either the exposure or
the outcome of interest.
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Figure 7.2: Trends of preterm birth and perinatal death. Data from the KCMC Medical
Birth Registry, 2000-2017.

variability/heterogeneity.

Conditional on the random-effects, inadequate (<4) ANC visits (OR=2.92, 95%CI

2.71, 3.15 and OR=1.26, 95%CI 1.05, 1.51), being referred for delivery (OR=1.32,

95%CI 1.21, 1.43, and OR=1.37, 95%CI 1.13, 1.66), abruption placenta (OR=1.73,

95%CI 1.03, 2.92 and OR=2.43, 95%CI 1.35, 4.40), and breech presentation (OR=1.54,

95%CI 1.19, 1.99 and OR=4.01, 95%CI 1.96, 8.19) increased the odds of both preterm

birth and perinatal death, respectively. For every one year increase, the odds of

preterm birth increased significantly by 1.04 (95%CI 1.03, 1.05) while that of

perinatal death decreased by 0.97 (95%CI 0.95, 0.99).

Also, conditional on the random effects, adolescent mothers (15-19 years) were

significantly more likely to deliver preterm (OR=1.24, 95%CI 1.09, 1.42) but had

lower odds of experiencing perinatal death (OR=0.43, 95%CI 0.30, 0.62). Similar
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results were among mothers aged 20-24 years though this association was not

statistically significant. Likewise, higher odds of preterm birth were among

mothers who experienced PROM (OR=1.92, 95%CI 1.59, 2.33), experienced placenta

previa (OR=4.71, 95%CI 2.66, 8.35), and among male children (OR=1.12, 95%CI

1.04, 1.19). On the contrary, experiencing PROM (OR=0.35, 95%CI 0.17, 0.72) and

placenta previa (OR=0.21, 95%CI 0.06, 0.79), and male children (OR=0.83, 95%CI

0.71, 0.98) were less likely to experience perinatal death. Induction of labour was

protective of preterm birth of preterm birth (OR=0.82, 95%CI 0.75, 0.89) but

increased the odds of perinatal death (OR=1.43, 95%CI 1.18, 1.73).

7.3.4.2 Predictors of independent and co-occurrence of preterm birth and

perinatal death using random effect multinomial regression model

Findings from the random-effect multinomial regression model are in Table 7.4.

This model’s random-effects variance is not significantly from zero (Var=0.04,

95%CI 0.00, 99.43). The observed results are not surprising. The reason is that we

generated a multinomial variable from preterm birth and perinatal death, allowing

for modelling the dependence between the two outcomes directly other than

through separate and correlated random effects. Significantly higher odds of

co-occurrence of preterm birth and perinatal death were among mothers with

inadequate (<4) ANC visits (OR=3.46, 95%CI 2.77, 4.32), experienced

pre-eclampsia/eclampsia (OR=1.38, 95%CI 1.01, 1.89), PPH (OR=2.24, 95%CI 1.05,

4.78), and abruption placenta (OR=3.98, 95%CI 2.02, 7.82), delivered LBW baby

(OR=12.81, 95%CI 9.84, 16.67), and had a breech presentation (OR=3.79, 95%CI 2.03,

7.08). Adolescent mothers (15-19 years) (OR=0.46, 95%CI 0.29, 0.73), with no

education (OR=0.41, 95%CI 0.20, 0.84), primipara (OR=0.63, 95%CI 0.48, 0.84), and

delivered through CS (OR=0.50, 95%CI 0.40, 0.64) had lower odds of co-occurrence

of preterm birth and perinatal death.

The factors independently associated with a higher odds of perinatal death were
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Table 7.3: Joint predictors of preterm birth and perinatal death with separate but correlated
random effects

Variables
Preterm birth† Perinatal death4‡

OR¶ (95%CI) OR¶ (95%CI)

Maternal age groups
15-19 1.24 (1.09, 1.42)*** 0.43 (0.30, 0.62)***
20-24 1.16 (1.07, 1.26)*** 0.95 (0.77, 1.16)
25-29 1.00 1.00
35-39 1.07 (0.97, 1.19) 1.21 (0.93, 1.57)
40+ 1.22 (1.03, 1.46)* 1.30 (0.83, 2.02)

Maternal education
None 1.06 (0.81, 1.39) -
Primary 1.29 (1.19, 1.40)*** -
Secondary 1.12 (1.00, 1.25)* -
Higher 1.00 -

Area of residence (Rural) 0.91 (0.84, 0.97)** -
ANC visits (<4) 2.92 (2.71, 3.15)*** 1.26 (1.05, 1.51)*
Referred for delivery (Yes) 1.32 (1.21, 1.43)*** 1.37 (1.13, 1.66)**
Parity (Primipara) - 0.69 (0.53, 0.89)**
Pre-eclampsia/eclampsia (Yes) 1.79 (1.56, 2.05)*** 1.05 (0.79, 1.40)
PROM (Yes) 1.92 (1.59, 2.33)*** 0.35 (0.17, 0.72)**
PPH (Yes) - 3.46 (2.02, 5.93)***
Abruption placenta (Yes) 1.73 (1.03, 2.92)* 2.43 (1.35, 4.40)**
Placenta previa (Yes) 4.71 (2.66, 8.35)*** 0.21 (0.06, 0.79)*
Sex (Male) 1.12 (1.04, 1.19)** 0.83 (0.71, 0.98)*
LBW (Yes) 10.36 (9.11, 11.77)*** 1.32 (0.97, 1.78)
Presentation at birth

Cephalic 1.00 1.00
Breech 1.54 (1.19, 1.99)** 4.01 (1.96, 8.19)***
Transverse 0.83 (0.31, 2.26) 20.46 (2.79, 149.75)**

Delivery mode (CS) 1.06 (0.98, 1.14) 0.58 (0.46, 0.72)***
Five minutes Apgar score (<7)¶¶ 2.29 (2.04, 2.57)*** 496.61 (240.07, 1027.28)***
Induced labour (Yes) 0.82 (0.75, 0.89)*** 1.43 (1.18, 1.73)***
Year 1.04 (1.03, 1.05)*** 0.97 (0.95, 0.99)*
Variance of the random effects 0.18 (0.004, 9.09) 0.18 (0.004, 9.09)
Covariance -0.11 (-0.42, 0.20)

† N=45,320; ‡ N=45,378
¶ OR: Odds ratios adjusted for maternal age, education level, area of residence, number of ANC visits, referral
status, parity, pre-eclampsia/eclampsia, PROM, PPH, abruption placenta, placenta previa, sex of the child, LBW,
presentation at birth, delivery mode, five minutes apgar score, labour induction, and year of birth. Parity and PPH
were not included in preterm birth model while education level not included in perinatal death prediction.
¶¶ Odds ratio not estimable due to very small number of perinatal deaths among mothers who delivered children
with 5-minutes Apgar score of seven and above. Too wide confidence intervals demonstrates low precision of
parameter estimates, except for preterm birth only.
* p<0.05, ** p<0.01, *** p<0.001.
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being referred for delivery (OR=1.23, 95%CI 1.00, 1.52), PPH (OR=3.16, 95%CI 1.87,

5.33), abruption placenta (OR=2.21, 95%CI 1.15, 4.24), breech presentation

(OR=2.58, 95%CI 1.39, 4.77), and labour induction (OR=1.23, 95%CI 1.10, 1.64).

Significantly lower odds of perinatal death were among adolescent mothers

(OR=0.56, 95%CI 0.40, 0.79), primipara (OR=0.75, 95%CI 0.60, 0.95), experienced

PROM (OR=0.39, 95%CI 0.18, 0.88), and delivered through CS (OR=0.72, 95%CI

0.59, 0.87).

Higher odds of preterm birth were among mothers aged 15-19 (OR=1.24, 95%CI

1.09, 1.42), 20-24 (OR=1.16, 95%CI 1.07, 1.26) and 40+ years (OR=1.20, 95%CI 1.00,

1.43), with primary (OR=1.27, 95%CI 1.16, 1.38) and secondary education (OR=1.14,

95%CI 1.02, 1.27), and with inadequate ANC visits (OR=2.79, 95%CI 2.58, 3.00).

Likewise, mothers referred for delivery (OR=1.28, 95%CI 1.18, 1.40), experienced

pre-eclampsia/eclampsia (OR=1.76, 95%CI 1.53, 2.02), PROM (OR=2.01, 95%CI

1.66, 2.43), and placenta previa (OR=5.32, 95%CI 3.09, 9.16), male children

(OR=1.12, 95%CI 1.04, 1.19), delivered LBW baby (OR=9.57, 95%CI 8.48, 10.80), and

delivered through CS (OR=1.11, 95%CI 1.03, 1.19). The odds of delivering preterm

increased significantly by 1.04 (95%CI 1.04, 1.05) for every one year increase. Lower

odds of delivering preterm were among mothers with no education (OR=0.68,

95%CI 0.51, 0.91), resided in rural areas (OR=0.89, 95%CI 0.82, 0.96), and induced

labour (OR=0.81, 95%CI 0.74, 0.89).

7.3.4.3 Predictors of independent and co-occurrence of preterm birth and

perinatal death using multinomial regression model with separate but

correlated random effects

The proportion of co-occurence of preterm birth and perinatal death was 1.7%

(N=55,887) while 1.9% experienced perinatal death only, and 9.5% preterm birth

only. Results of the joint model presented in Table 7.4 have a single variance

component for the three multinomial outcomes. Table 7.5 contains findings of a
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Table 7.4: Predictors of independent and co-occurrence of preterm birth and perinatal death
using random effect multinomial regression model (N=51,493)

Variable
Co-occurrence† Perinatal death only Preterm birth only

OR‡ (95%CI) OR‡ (95%CI) OR‡ (95%CI)

Maternal age groups

15-19 0.46 (0.29, 0.73)** 0.56 (0.40, 0.79)*** 1.24 (1.09, 1.42)***

20-24 1.10 (0.85, 1.43) 1.00 (0.81, 1.24) 1.16 (1.07, 1.26)***

25-29 1.00 1.00 1.00

35-39 1.35 (0.99, 1.84) 1.20 (0.92, 1.56) 1.07 (0.96, 1.19)

40+ 1.60 (0.95, 2.68) 1.02 (0.65, 1.61) 1.20 (1.00, 1.43)*

Maternal education

None 0.41 (0.20, 0.84)* 0.67 (0.39, 1.16) 0.68 (0.51, 0.91)**

Primary 0.93 (0.72, 1.21) 1.09 (0.88, 1.35) 1.27 (1.16, 1.38)***

Secondary 0.77 (0.53, 1.14) 1.22 (0.90, 1.67) 1.14 (1.02, 1.27)*

Higher 1.00 1.00 1.00

Area of residence (Rural) 0.86 (0.69, 1.07) 0.93 (0.77, 1.11) 0.89 (0.82, 0.96)**

ANC visits (<4) 3.46 (2.77, 4.32)*** 1.11 (0.92, 1.33) 2.79 (2.58, 3.00)***

Referred for delivery (Yes) 1.27 (1.00, 1.61) 1.23 (1.00, 1.52)* 1.28 (1.18, 1.40)***

Parity (Primipara) 0.63 (0.48, 0.84)** 0.75 (0.60, 0.95)* 0.99 (0.91, 1.09)

Pre-eclampsia/eclampsia (Yes) 1.38 (1.01, 1.89)* 1.24 (0.90, 1.72) 1.76 (1.53, 2.02)***

PROM (Yes) 0.85 (0.34, 2.13) 0.39 (0.18, 0.88)* 2.01 (1.66, 2.43)***

PPH (Yes) 2.24 (1.05, 4.78)* 3.16 (1.87, 5.33)*** 0.96 (0.65, 1.42)

Abruption placenta (Yes) 3.98 (2.02, 7.82)*** 2.21 (1.15, 4.24)* 1.75 (0.94, 3.27)

Placenta previa (Yes) 0.60 (0.12, 2.95) 1.39 (0.27, 7.17) 5.32 (3.09, 9.16)***

Sex (Male) 0.88 (0.71, 1.08) 0.95 (0.80, 1.13) 1.12 (1.04, 1.19)**

LBW (Yes) 12.81 (9.84, 16.67)*** 1.00 (0.79, 1.26) 9.57 (8.48, 10.80)***

Presentation at birth

Cephalic 1.00 1.00 1.00

Breech 3.79 (2.03, 7.08)*** 2.58 (1.39, 4.77)** 1.25 (0.93, 1.68)

Transverse 10.01 (0.49, 204.86) 25.63 (4.76, 137.90)*** 1.07 (0.39, 2.90)

Delivery mode (CS) 0.50 (0.40, 0.64)*** 0.72 (0.59, 0.87)*** 1.11 (1.03, 1.19)**

Five minutes Apgar score (<7)§ 466.88 (294.54, 740.05)*** 351.03 (261.03, 472.04)*** 1.07 (0.81, 1.40)

Induced labour (Yes) 1.23 (0.96, 1.58) 1.34 (1.10, 1.64)** 0.81 (0.74, 0.89)***

Year 1.02 (1.00, 1.05) 0.98 (0.96, 1.00) 1.04 (1.04, 1.05)***

Variance of the random effect 0.04 (0.00, 99.43)

† Co-occurrence means the occurrence of both preterm birth and perinatal death.
‡ OR: Odds ratios adjusted for maternal age, education level, area of residence, number of ANC visits, referral

status, parity, pre-eclampsia/eclampsia, PROM, PPH, abruption placenta, placenta previa, sex of the child, LBW,

presentation at birth, delivery mode, five minutes apgar score, labour induction, and year of birth.
§ Odds ratio not estimable due to very small number of perinatal deaths among mothers who delivered children

with 5-minutes Apgar score of seven and above. Too wide confidence intervals demonstrates low precision of

parameter estimates, except for preterm birth only (last column).

* p<0.05, ** p<0.01, *** p<0.001.
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multinomial regression model with separate but correlated random effects. The

variance components indicate high variability for the co-occurrence of both

outcomes (Var=1.23, 95%CI 0.20, 7.60) than the outcomes occurring independently

(Var=0.70, 95%CI 0.04, 11.5 and Var=0.50, 95%CI 0.28, 0.90, for perinatal death and

preterm birth, respectively). The covariance between a pair of these outcomes gives

no evidence of dependence between perinatal death and preterm birth, conditional

on accounting for mother to mother variability. Furthermore, we also observed

relatively larger standard errors (especially for the co-occurrence and perinatal

death only) for this model (standard errors not shown) than the model with a single

variance component. The confidence intervals for the predictors of co-occurrence

and perinatal death in Table 7.4 are relatively narrow compared to those in Table

7.5. Also, model comparison using AIC agreed with the results mentioned above.

Specifically, the model corresponding to results presented in Table 7.4 had an AIC

of 33108.28, which is smaller than 33111.54 for the more complex model

corresponding to Table 7.5. Hence, the best model is the random effect multinomial

regression model than the one with separate but correlated random effects (more

complex, i.e., has additional parameters).

Similar to the descriptions of results in Section 7.3.4.2, conditional on separate

random effects for each outcome in the multinomial logits, significantly higher

odds of co-occurrence of preterm birth and perinatal death were among mothers

with inadequate (<4) ANC visits (OR=3.97, 95%CI 2.79, 5.66), experienced

pre-eclampsia/eclampsia (OR=1.44, 95%CI 1.00, 2.06), PPH (OR=2.44, 95%CI 1.02,

5.87), and abruption placenta (OR=4.80, 95%CI 2.16, 10.67), delivered LBW baby

(OR=17.00, 95%CI 9.51, 30.36), and had a breech presentation (OR=4.60, 95%CI 2.01,

10.53). Adolescent mothers (15-19 years) (OR=0.40, 95%CI 0.23, 0.72), with no

education (OR=0.36, 95%CI 0.16, 0.83), primipara (OR=0.60, 95%CI 0.43, 0.85), and

CS delivery (OR=0.45, 95%CI 0.34, 0.60) had lower odds of co-occurrence of

preterm birth and perinatal death.
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Referral status was no longer significantly associated with perinatal death in this

model. The factors independently associated with a higher odds of perinatal death

were PPH (OR=3.40, 95%CI 1.92, 6.00), abruption placenta (OR=2.46, 95%CI 1.11,

5.43), breech presentation (OR=2.86, 95%CI 1.30, 6.28), and labour induction

(OR=1.38, 95%CI 1.10, 1.72). Significantly lower odds of perinatal death were

among adolescent mothers (OR=0.53, 95%CI 0.35, 0.80), primipara (OR=0.72, 95%CI

0.54, 0.97), experienced PROM (OR=0.36, 95%CI 0.14, 0.90), and CS delivery

(OR=0.69, 95%CI 0.52, 0.90).

Higher odds of preterm birth were among mothers aged 15-19 (OR=1.24, 95%CI

1.09, 1.42), and 20-24 (OR=1.16, 95%CI 1.07, 1.26), with primary (OR=1.27, 95%CI

1.16, 1.38) and secondary education (OR=1.14, 95%CI 1.02, 1.27), and with

inadequate ANC visits (OR=2.79, 95%CI 2.58, 3.00). Likewise, mothers referred for

delivery (OR=1.28, 95%CI 1.18, 1.40), experienced pre-eclampsia/eclampsia

(OR=1.76, 95%CI 1.53, 2.02), PROM (OR=2.01, 95%CI 1.66, 2.43), and placenta

previa (OR=5.36, 95%CI 3.11, 9.25), male children (OR=1.12, 95%CI 1.04, 1.20),

delivered LBW baby (OR=9.60, 95%CI 8.51, 10.83), and delivered through CS

(OR=1.11, 95%CI 1.03, 1.19). The odds of delivering preterm increased significantly

by 1.04 (95%CI 1.04, 1.05) for every one year increase. Lower odds of delivering

preterm were among mothers with no education (OR=0.68, 95%CI 0.51, 0.91),

resided in rural areas (OR=0.89, 95%CI 0.82, 0.96), and induced labour (OR=0.81,

95%CI 0.74, 0.89).

7.4 Discussion

The study aimed to determine the joint predictors of preterm birth and perinatal

death based on the birth cohort data from the KCMC zonal referral hospital in

Northern Tanzania between 2000-2017. Conditional on the random effects, higher

odds of both preterm birth and perinatal death were among mothers with

151



7.4. Discussion

Table 7.5: Predictors of independent and co-occurrence of preterm birth and perinatal death
using multinomial regression model with separate but correlated random effects
(N=51,493)

Variable
Co-occurrence† Perinatal death only Preterm birth only

OR‡ (95%CI) OR‡ (95%CI) OR‡ (95%CI)

Maternal age groups
15-19 0.40 (0.23, 0.72)** 0.53 (0.35, 0.80)** 1.24 (1.09, 1.42)***
20-24 1.11 (0.82, 1.50) 1.00 (0.79, 1.26) 1.16 (1.07, 1.26)***
25-29 1.00 1.00 1.00
35-39 1.42 (0.99, 2.05) 1.23 (0.91, 1.65) 1.07 (0.96, 1.19)
40+ 1.75 (0.94, 3.26) 1.04 (0.63, 1.71) 1.19 (1.00, 1.43)

Maternal education
None 0.36 (0.16, 0.83)* 0.64 (0.34, 1.19) 0.68 (0.51, 0.91)**
Primary 0.91 (0.67, 1.23) 1.09 (0.86, 1.38) 1.27 (1.16, 1.38)***
Secondary 0.74 (0.47, 1.16) 1.23 (0.88, 1.72) 1.14 (1.02, 1.27)*
Higher 1.00 1.00 1.00

Area of residence (Rural) 0.85 (0.65, 1.09) 0.92 (0.75, 1.12) 0.89 (0.82, 0.96)**
ANC visits (<4) 3.97 (2.79, 5.66)*** 1.11 (0.88, 1.40) 2.79 (2.58, 3.00)***
Referred for delivery (Yes) 1.30 (0.98, 1.71) 1.26 (0.99, 1.59) 1.28 (1.18, 1.40)***
Parity (Primipara) 0.60 (0.43, 0.85)** 0.72 (0.54, 0.97)* 0.99 (0.91, 1.09)
Pre-eclampsia/eclampsia (Yes) 1.44 (1.00, 2.06)* 1.26 (0.89, 1.79) 1.76 (1.53, 2.02)***
PROM (Yes) 0.87 (0.29, 2.64) 0.36 (0.14, 0.90)* 2.01 (1.66, 2.43)***
PPH (Yes) 2.44 (1.02, 5.87)* 3.40 (1.92, 6.00)*** 0.96 (0.65, 1.41)
Abruption placenta (Yes) 4.80 (2.16, 10.67)*** 2.46 (1.11, 5.43)* 1.77 (0.93, 3.34)
Placenta previa (Yes) 0.45 (0.07, 2.96) 1.38 (0.24, 7.80) 5.36 (3.11, 9.25)***
Sex (Male) 0.86 (0.68, 1.10) 0.95 (0.79, 1.15) 1.12 (1.04, 1.20)**
LBW (Yes) 17.00 (9.51, 30.36)*** 1.01 (0.60, 1.70) 9.60 (8.51, 10.83)***
Presentation at birth

Cephalic
Breech 4.60 (2.01, 10.53)*** 2.86 (1.30, 6.28)** 1.25 (0.93, 1.69)
Transverse 12.14 (0.50, 296.70) 28.07 (5.64, 139.69)*** 1.06 (0.39, 2.86)

Delivery mode (CS) 0.45 (0.34, 0.60)*** 0.69 (0.52, 0.90)** 1.11 (1.03, 1.19)**
Five minutes Apgar score (<7)§ 750.47 (228.10, 2469.12)*** 457.69 (184.43, 1135.84)*** 1.05 (0.80, 1.38)
Induced labour (Yes) 1.26 (0.95, 1.66) 1.38 (1.10, 1.72)** 0.81 (0.74, 0.89)***
Year 1.02 (0.99, 1.06) 0.98 (0.95, 1.00) 1.04 (1.04, 1.05)***
Variance of the random effects 1.23 (0.20, 7.60) 0.70 (0.04, 11.5) 0.50 (0.28, 0.90)
Covariances

Cov(1,2) 0.54 (-0.78, 2.86)
Cov(1,3) 0.12 (-0.51, 0.74)
Cov(2,3) 0.20 (-0.34, 0.73)

† Co-occurrence means the occurrence of both preterm birth and perinatal death.
‡ OR: Odds ratios adjusted for maternal age, education level, area of residence, number of ANC visits, referral
status, parity, pre-eclampsia/eclampsia, PROM, PPH, abruption placenta, placenta previa, sex of the child, LBW,
presentation at birth, delivery mode, five minutes apgar score, labour induction, and year of birth.
§ Odds ratio not estimable due to very small number of perinatal deaths among mothers who delivered children
with 5-minutes Apgar score of seven and above. Too wide confidence intervals demonstrates low precision of
parameter estimates, except for preterm birth only (last column).
* p<0.05, ** p<0.01, *** p<0.001.

152



7.4. Discussion

inadequate (<4) ANC visits, referred for delivery, experienced abruption placenta,

and breech presentation. Mothers with inadequate ANC visits, who experienced

pre-eclampsia/eclampsia, PPH, and abruption placenta, delivered LBW, and

experienced breech presentation had a higher likelihood of co-occurring both

preterm birth and perinatal death. Lower odds of co-occurrence were among

adolescent mothers (15-19), with no education, primipara, and those delivered

through CS. Mothers aged 15-19, experienced PROM and placenta previa, and

delivered male children had higher odds of preterm birth but were less likely to

experience perinatal death.

Inadequate ANC visits increased the risk of both preterm birth and perinatal death.

Previous studies on independent predictors of these outcomes support this finding

(Mahapula et al., 2016; Mboya et al., 2020b, 2021; Lu et al., 2015a; Rugaimukam

et al., 2017; Temu et al., 2016). According to WHO, “within the continuum of

reproductive health care, ANC provides a platform for important health-care

functions, including health promotion, screening and diagnosis, and disease

prevention” (World Health Organization, 2016b). Tanzania’s local and national

efforts should promote good healthcare-seeking behaviours during pregnancy and

improved coverage and quality of antenatal care services at all levels of care

(Benova et al., 2018; Darmstadt et al., 2009). It is also essential to improve

intrapartum and postnatal care quality, particularly for women who experienced

pregnancy and delivery-related complications (Baqui et al., 2016; Balkus et al., 2021;

Iams et al., 2008; UNICEF et al., 2020).

Women referred for delivery had higher odds of preterm birth and perinatal death.

Pregnant women referred for delivery are more likely to experience

delivery-related complications, where adolescent mothers have elevated risk

(Grønvik & Fossgard Sandøy, 2018). In this study, adolescent mothers (15-19 years),

primipara, and those with no education were less likely to experience co-occurring
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preterm birth and perinatal death. However, the joint random effects model

(conditional on the mother-to-mother variability) revealed that those aged 15-19

and 20-24 years were more likely to deliver preterm but had a lower odds of

perinatal death. However, the protective effect of 20-24 years of age on the risk of

perinatal death was not statistically significant. CS delivery lowered the odds of

co-occurrence, which may reflect timely care of these high-risk pregnancies to save

both the mother and child’s life.

Conditional on the random effects, significantly higher odds of preterm birth and

perinatal death, and co-occurrence were among mothers who experienced

abruption placenta and breech presentation. Additionally, pre-eclampsia/

eclampsia, PPH, and LBW increased the likelihood of co-occurrence. On top of

these complications being among the common risk factors of preterm birth (Mboya

et al., 2021; Purisch & Gyamfi-Bannerman, 2017; Rugaimukam et al., 2017; Vogel

et al., 2018) and perinatal death (Chaibva et al., 2019; Mboya et al., 2020b,a;

Nijkamp et al., 2017; Vogel et al., 2014), they also increase the risk of newborns

transfer to intensive care units (Mmbaga et al., 2011). Given their history, women at

risk of these adverse pregnancy events should be given due public health and

clinical attention and care during antenatal, intrapartum, and postnatal periods.

Although we did not assess health system performance regarding pregnancy and

childcare, efforts are needed to strengthen health facilities providing delivery

services in Tanzania for improved pregnancy outcomes (Akombi & Renzaho, 2019;

Koffi et al., 2020; UNICEF et al., 2020).

The study had several strengths compared to previous studies. Firstly, this is the

first study in Tanzania and potentially in SSA to assess the joint predictors of

preterm birth and perinatal death, to the best of our knowledge. The vast majority

of previous studies focused on determining the independent predictors of preterm

birth and perinatal death or the determinant of each other. Secondly, joint
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modelling using random effects approach accounted for the relationship between

the two outcomes for improved precision of parameter estimates. Nevertheless,

conditional on the random effects, we observed no statistically significant

covariance between preterm birth and perinatal death. In other words, the two

outcomes are independent conditional on accounting for mother-to-mother

variability.

As we explained elsewhere (Mboya et al., 2020a,b, 2021), the study has several

limitations. Data for this study comes from the KCMC zonal referral hospital in

northern Tanzania, affecting the generalization of findings. However, less than a

quarter (23.8%) of all recorded deliveries were referrals. Hence the study findings

may reflect prenatal and intrapartum care practices and adverse events among

deliveries from women in the hospital’s catchment area, similar settings in

Tanzania and SSA. Also, the fact that KCMC medical birth registry cohort only

captures perinatal deaths occurring in the health facility (KCMC hospital), may

underestimate the reported perinatal death proportions/rates (Mboya et al., 2020a).

7.5 Conclusion

The joint predictors of preterm birth and perinatal death were inadequate (<4)

ANC visits, referred for delivery, and complications during pregnancy and

childbirth, specifically pre-eclampsia/ eclampsia, PPH, LBW, abruption placenta,

and breech presentation. Younger maternal age (15-24 years), PROM, placenta

previa, and male children have higher odds of preterm birth but a lessened

likelihood of perinatal death. ANC is a critical entry point for delivering the

recommended interventions to pregnant women (World Health Organization,

2016b), especially those at high risk of experiencing adverse pregnancy outcomes.

Improved management of complications during pregnancy and childbirth and the

postnatal period may eventually lead to a substantial reduction of adverse perinatal

outcomes and improving maternal and child health.
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Chapter 8

General discussion, conclusion,

and recommendations

8.1 Discussion of the main findings

The main objective for this study was to determine the joint predictors of preterm

birth and perinatal death among singleton birth in northern Tanzania based on

medical birth registry data from KCMC zonal referral hospital between 2000 and

2017. We also applied the novel statistical methodology to handle missing data,

which reduce the bias introduced by ignoring missing values in the data set.

Detailed discussions of the main findings are presented separately in Chapters 4 to

7. The focus of this chapter is to provide a summary discussion of these findings,

followed by the study strengths and limitations, conclusions, and

recommendations.

8.1.1 Proportions/rates of preterm birth and its predictors

The overall proportion of preterm birth among singleton births recorded in the

KCMC medical birth registry between 2000-2017 years was 12.8%. Previous studies

in northern Tanzania reported similar estimates (Mahande et al., 2013a;

Rugaimukam et al., 2017; Temu et al., 2016), which is slightly higher than the
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estimate in SSA (12.3%) reported about ten years ago (March of Dimes et al., 2012)

and the recent global estimate of 10.6% (Chawanpaiboon et al., 2019). We observed

significant rise in trends of preterm birth over the years, with the highest increase

among the moderate to late preterm (32 to <37) (Mboya et al., 2021). Our finding is

consistent to the global and regional estimates (March of Dimes et al., 2012;

Blencowe et al., 2013; Chawanpaiboon et al., 2019; Lu et al., 2015a; World Health

Organization, 2020). Current estimates positioned Tanzania as the tenth country

with the highest preterm birth rates globally (Chawanpaiboon et al., 2019).

As reported in previous studies, the factors associated with higher risk of preterm

birth include younger maternal age, particularly adolescents (15-19 years) and

youths (20-24 years) (Fuchs et al., 2018; Grantz et al., 2015; Lu et al., 2015a; Mboya

et al., 2021; van den Broek et al., 2014; Zack et al., 2014), inadequate (<4) ANC visits

(Lu et al., 2015a; Mahapula et al., 2016; Rugaimukam et al., 2017; Temu et al., 2016),

women referred for delivery (Grønvik & Fossgard Sandøy, 2018), primiparous

(Kozuki et al., 2013), maternal low education level (Kim et al., 2018; Ruiz et al., 2015;

Vogel et al., 2018), delivery of male children (Teoh et al., 2018; Zhang et al., 2018a),

and delivery through CS (Tarimo et al., 2020; Lisonkova et al., 2012; Worjoloh et al.,

2012). The association between low education level and increased risk of preterm

birth has been linked to low socioeconomic status, which increases the risk of

adverse pregnancy outcomes and complications (Kim et al., 2018; Ruiz et al., 2015).

The association between preterm birth and CS delivery in this cohort may be due to

pregnancy complications such as pre-eclampsia/eclampsia, PROM, placenta

previa, and abruption placenta, which necessitate medical intervention such as CS

to save the life of the mother, child, or both. Similar to other studies (Blencowe

et al., 2013; Georgiou et al., 2015; Lu et al., 2015a; Requejo et al., 2013; Vogel et al.,

2018), these complications were also associated with a higher preterm birth risk in

this study and are also common indications of preterm delivery (Georgiou et al.,
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2015; Lu et al., 2015a; Purisch & Gyamfi-Bannerman, 2017; Requejo et al., 2013;

Vogel et al., 2018). LBW babies were more likely to be born preterm, i.e., nearly

40-times higher risk of very/extremely preterm (<32 gestational weeks) and

eight-times higher risk of moderately to late preterm (32-<37 gestational weeks). A

case-control study in the KCMC hospital reported similar results (Temu et al.,

2016). Preterm babies are likely to be born with LBW (Katz et al., 2013; Mitao et al.,

2016), hence increasing the risk of perinatal and neonatal morbidity and mortality

(Katz et al., 2013; Mboya et al., 2020b; UNICEF et al., 2020; Unterscheider et al.,

2014). Therefore, clinicians should give special attention to the LBW babies born at

<32 weeks of gestation towards increasing child survival.

8.1.2 Proportions/rates of perinatal death and its predictors

The perinatal death rate (PMR) between 2000-2017 years in the KCMC medical

birth registry was 42.6 per 1000 births. We also observed the decline in trends of

perinatal deaths over the years during the study period. The PMR in this study is

higher than the national estimate of 39 per 1000 births (MoHCDGEC [Tanzania

Mainland] et al., 2016), and 27 per 1000 births in Manyara region, northern

Tanzania (Hinderaker et al., 2003). The high proportion of PMR in our study could

be attributed to the referral nature of the study population, where the majority of

high-risk mothers are delivered compared to lower-level and population-based

surveys. A previous study using a similar dataset in 2000-2010 reported a slightly

higher PMR of 57.7 per 1000 births (Mmbaga et al., 2012b), demonstrating a decline

compared to our estimate. The observed differences from this study may be

because Mmbaga et al. (2012b) restricted the analysis to neonatal deaths above 500

grams and included linked records from the neonatal registry. The proper linkage

between the neonatal registry and the KCMC medical birth registry data in the

reproductive and child health unit is essential for a reliable perinatal mortality

estimation. But still, more efforts are needed to accelerate PMR reduction both at

the KCMC hospital and other similar settings in Tanzania to improve newborn
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survival.

The PMR estimated in our study is lower than those reported in India, Nigeria, and

Sudan (Ali et al., 2014; Bellad et al., 2010; Oyira et al., 2017). The differences in

estimates between our study and previous studies could be due to differences in

sample size and study population such as that from a community-based

cross-sectional study in eastern Sudan (Ali et al., 2014). High-income countries

documented a nearly six-times lower PMR (Gregory et al., 2018; Unterscheider

et al., 2014), which can be linked to the availability and quality of obstetric,

newborn, and specialized care services. Furthermore, we found no significant

differences in perinatal death and stillbirth predictors (i.e., stillbirths and perinatal

deaths had shared risk factors). Women and their newborns were essentially

discharged soon after birth; hence, deaths occurring at home could not be recorded,

consistent with a previous study (Bailey et al., 2017).

Similar to other studies, the higher risk of perinatal death was observed among

mothers with advanced maternal age (>35 years) (Nijkamp et al., 2017), from rural

areas of residence, with low education level (Bellad et al., 2010; Blumenshine et al.,

2010; Nijkamp et al., 2017), inadequate (<4) ANC visits, male compared to female

children (Miranda et al., 2017), and those referred for delivery (Mahande et al.,

2013a; Mmbaga et al., 2012b; Vogel et al., 2014). We also stratified our analysis based

on referral status and found similar results except for the area of residence,

education level, and sex of the child, which were not statistically significant among

those referred for delivery. Compared to women who were referred for delivery in

the study setting, there was a stronger covariates effect on perinatal death risk in

the group of women not referred for delivery (Mboya et al., 2020b). Nevertheless,

PMR is higher in women referred for delivery because they are at increased risk of

experiencing adverse pregnancy outcomes and could reflect the delay in seeking

care or referral. Therefore, it is imperative to strengthen the referral system and
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improve care for women referred for delivery at KCMC hospital (Mmbaga et al.,

2012b). In addition, women not referred for delivery also needs special attention to

improve maternal and newborns survival.

In the present study, the risk of perinatal death was also high among mothers who

experienced pre-eclampsia/eclampsia, PPH, abruption placenta, delivered preterm,

and LBW baby (Bellad et al., 2010; Mpembeni et al., 2014; Nijkamp et al., 2017;

Vogel et al., 2014). PROM and CS delivery offered protection against the risk of

perinatal death. CS is known to reduce the risk of complications where medically

indicated (Vogel et al., 2014). At the same time, the protective effect of PROM could

reflect timely management of high-risk pregnancies at the KCMC hospital. Routine

monitoring of women at high risk of experiencing adverse pregnancy outcomes

and complications during prenatal period is essential to prevent avoidable

complications.

We also applied machine learning approaches to predict perinatal deaths. Although

there were no differences in the predictive capacity between machine learning

algorithms and the logistic regression model, the former approach had a higher net

benefit. In addition to maternal characteristics discussed above, paternal

characteristics, such as age, education level, and occupation were also important

predictors of perinatal death (Mboya et al., 2020a). The association between

paternal characteristics and adverse perinatal outcomes has been well documented

(Hurley & DeFranco, 2017; Khandwala et al., 2018; Meng & Groth, 2018; Tough

et al., 2003). The previous investigators have emphasized on the need for paternal

involvement in pregnancy and child care in Tanzania and similar settings (Gibore &

Bali, 2020; Peneza & Maluka, 2018). Therefore, “machine learning algorithms may

improve the prediction ability of perinatal deaths, and enable triage of women who

are at high risk of experiencing adverse perinatal outcomes” (Mboya et al., 2020a).
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8.1.3 Joint predictors of preterm birth and perinatal death

We aimed to determine the joint predictors of preterm birth and perinatal death

using birth cohort data from the KCMC zonal referral hospital in northern Tanzania

between 2000-2017. We found that conditional on the random effects, the joint

predictors of preterm birth and perinatal death were inadequate (<4) ANC visits,

referred for delivery, and complications during pregnancy and childbirth,

particularly pre-eclampsia/ eclampsia, PPH, LBW, abruption placenta, and breech

presentation. Younger maternal age (15-24 years), PROM, placenta previa, and sex

of the child (male) have higher odds of preterm birth but a lessened likelihood of

perinatal death.

The previous studies assessed the predictors of preterm birth and perinatal death

independently. There were no studies reported on the joint predictors of preterm

birth and perinatal death to compare with our findings. Nevertheless, existing

literature supports these findings as independent predictors of preterm birth

(Mboya et al., 2021; Purisch & Gyamfi-Bannerman, 2017; Rugaimukam et al., 2017;

Temu et al., 2016; Vogel et al., 2018) and perinatal death (Chaibva et al., 2019;

Mboya et al., 2020b,a; Nijkamp et al., 2017; Vogel et al., 2014). Therefore, our

findings suggest a need to have focused care among women most at risk of

experiencing adverse pregnancy and delivery complications in Tanzania and

similar settings in SSA to reduce the risk of preterm birth and perinatal death.

“Early identification and management of women with complications could

improve maternal and perinatal outcomes” (Vogel et al., 2014).

The random-effects models for the joint predictors of preterm birth and perinatal

death and co-occurring using multinomial models showed that there is no evidence

of dependence between the two outcomes assessed in this study. In other words,

the two outcomes were independent after accounting for mother-to-mother

variability. However, there were few women who experienced both preterm birth
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and perinatal death that might have affected estimation of within-mother

correlation. For instance, among all recorded deliveries between 2000-2015

(N=50847), there were 805 (1.6%) deliveries which experienced both preterm birth

and perinatal death and 1.7% (N=55,887) between 2000-2017. This might have been

a reason for difficulties in estimating the within-mother correlation.

Furthermore, it is worth noting that convergence of the joint random effects model

(results described in section 7.3.4.1) was only achieved upon inclusion of preterm

birth as an independent predictor of perinatal death. Indeed, literature also

demonstrated that preterm birth complications are a leading cause of perinatal and

neonatal deaths globally (Chawanpaiboon et al., 2019; Hug et al., 2019; Koffi et al.,

2020; Khan et al., 2020; UNICEF et al., 2020). Based on this fact, a joint

random-effects model including preterm birth as a predictor of perinatal death

provided additional information about the existing relationship between the two

variables. Therefore, our findings have indicated that preterm births had nearly

two-fold the risk of perinatal death (OR=1.69, 95%CI 1.04, 2.75) compared to term

births, conditional on the random effects and adjusted for other factors. In contrast,

the model with perinatal death as a predictor of preterm birth did not converge.

The choice and application of a statistical model depend on the research question

one would like to address. This thesis focused on determining joint predictors of

preterm birth and perinatal death. Other joint modelling frameworks, such as the

copula models (Nikoloulopoulos & Karlis, 2008; Klein et al., 2019) are complex in

theory but feasible in the application were explored but not applied in this work,

hence remains open for future extensions.
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8.2 Study strengths and limitations

8.2.1 Study strengths

The study utilized data from a large birth cohort of women with their subsequent

deliveries at KCMC zonal referral hospital in Northern Tanzania. The KCMC

medical birth registry is one among a few birth/pregnancy cohorts in SSA (Bone

et al., 2020; Campbell & Rudan, 2011) providing essential data for administrative,

clinical, public health, and potential policy decisions (Bergsjo et al., 2007; Mulder &

Spicer, 2019). These registries provides opportunities for inter-generational record

linkages (Lamont et al., 2021). The large sample sizes and wider population

coverage enhances statistical power and the generalizability of our findings,

especially when our findings are consistent with the population/community-based

studies (Ali et al., 2014; Hinderaker et al., 2003; Nankabirwa et al., 2011; van den

Broek et al., 2014).

Missing data is a common problem in clinical, longitudinal, and registry-based

studies, including those conducted in hospital settings (Pedersen et al., 2017; Sterne

et al., 2009). To our knowledge, no study in Tanzania and possibly in SSA has

assessed the effect of ignoring missing values on determining predictors of adverse

pregnancy outcomes, such as preterm birth and perinatal death. Data analysis in

this study accounted for missing data in prediction of these outcomes (Mboya et al.,

2020b,a), hence improved precision of parameter estimates (Jakobsen et al., 2017;

Pedersen et al., 2017; Sterne et al., 2009).

Likewise, this is the first study to apply modern machine learning approaches to

predict perinatal deaths in Tanzania and to a large extent SSA. Previous studies

using the KCMC medical birth registry data (Chuwa et al., 2017; Isaksen et al., 2015;

Mahande et al., 2013a,b; Mitao et al., 2016; Mmbaga et al., 2011, 2012a) applied

standard regression models to assess risk factors for adverse perinatal outcomes.

This study extended the analysis by applying the machine learning algorithms
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compared to the classical logistic regression model to predict perinatal deaths

(Mboya et al., 2020a). The machine learning models can, therefore, be used to

improve the prediction of perinatal deaths and triage for women at risk.

8.2.2 Study limitations

First, the birth registry data are often faced with a missing data problem and

unmeasured factors/variables/covariates, which increase the potential for residual

confounding (Mahande, 2015). Maternal conditions such as periodontitis (Ren &

Du, 2017) and genetic components of gestational duration (Zhang et al., 2018a)

plays a critical role on the risk of preterm birth and potentially perinatal death.

However, these factors were not captured in the KCMC medical birth registry, and

therefore, their effects on these outcomes were not evaluated.

Secondly, the KCMC medical birth registry contains information for women and

their siblings who were delivered in the obstetrics and gynaecology department at

the KCMC hospital. However, the follow-up is limited to the first week after

delivery. This implies that any adverse event occurring outside the hospital

environment after a woman is discharged, such as early neonatal deaths (before

seven days after birth), are not captured in the registry. Stillbirths accounted for the

largest proportion (about 3.4%) of all perinatal deaths compared to early neonatal

deaths (about 0.5%). Thus, there is potential for underestimating the burden of

adverse events such as perinatal death. For instance, stillbirth contributed to a

higher percentage of perinatal death numbers in this study, which accounted for

the unobserved differences between perinatal death and stillbirth predictors

(Mboya et al., 2020b). Findings from birth cohorts should, therefore, be

complemented with population or community-based surveys, such as the

demographic and health surveys, especially in settings with large proportions of

home deliveries (MoHCDGEC [Tanzania Mainland] et al., 2016).
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Thirdly, our study is a hospital-based study from a tertiary care health facility in

northern Tanzania. Therefore, our findings may not be generalized to lower-level

health facilities and settings in Tanzania, mainly because there is potential for

selection or referral bias. Despite this limitation, our findings on the distribution

and determinants of preterm birth and perinatal death agree with previous hospital

(Ahankari et al., 2001; Mahapula et al., 2016; Mpembeni et al., 2014) and

population/community-based studies (Ali et al., 2014; Hinderaker et al., 2003; Katz

et al., 2013; Nankabirwa et al., 2011; van den Broek et al., 2014). These demonstrate

that triangulation of findings from multiple data sources within and across

countries is critical to informing context-specific and cost-effective interventions

and policy decisions to reduce the burden of preterm birth, perinatal deaths, and

other avoidable adverse pregnancy outcomes.

8.3 Conclusion

The proportion of preterm birth between 2000-2017 in our birth cohort was 12.8%

which continue to rise over time. At the same time, the proportion of perinatal

death proportion was 4.3%. This corresponds to a PMR of 42.6 per 1000 births. Over

the years, we observed a slight decline in perinatal death estimates. The joint

predictors of higher risk of preterm birth and perinatal death were inadequate (<4)

ANC visits, referred for delivery, and complications during pregnancy and

childbirth, specifically pre-eclampsia/eclampsia, PPH, LBW, abruption placenta,

and breech presentation. Younger maternal age (15-24 years), PROM, placenta

previa, and male children have higher odds of preterm birth but a lessened

likelihood of perinatal death.

In addition, maternal characteristics, pregnancy-related conditions, complications,

and delivery characteristics were significantly associated with an increased risk of

preterm birth and perinatal death (Mboya et al., 2020a,b, 2021). Paternal

characteristics such as advanced paternal age and education level were also
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potential predictors of perinatal death (Mboya et al., 2020a). It is essential to

account for missing data in birth/pregnancy cohorts and longitudinal studies in

predicting adverse pregnancy outcomes for improved precision of parameter

estimates. Furthermore, the choice of data analysis model is also as essential as the

research problem/question of interest for improved precision of parameter

estimates.

8.4 Recommendations

Ensuring child survival is at the heart of the sustainable development goals agenda

(UNDP, 2018). Perinatal mortality is an indicator of the health system performance

during pregnancy, delivery, and postnatal period (Akombi & Renzaho, 2019).

Concerted efforts are needed to articulate and address the health system and

provided related challenges in delivering quality reproductive, maternal, and

newborn care services to avert the rising trends of preterm birth and further reduce

perinatal deaths in Tanzania. The study recommends the following interventions in

the delivery of quality antenatal, intrapartum, and postnatal care services in

Tanzania and elsewhere towards improving child survival.

8.4.1 Clinical implications

Special attention should be given to first-time parents, especially mothers aged

15-24 years, referred for delivery, and those who experienced complications during

pregnancy and childbirth such as pre-eclampsia/eclampsia, PPH, LBW delivery,

abruption placenta, placenta previa, PROM, and breech presentation. Child bearing

in a younger age such as during the adolescence period increases the risk of

pregnancy complications and adverse events (Grønvik & Fossgard Sandøy, 2018).

Regardless of maternal age, first-time parents may not be aware of the critical need

for the first ANC visit, which could be among the causes for poor ANC attendance.

Therefore, focused care of women who experienced or are at high risk of
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experiencing pregnancy complications and adverse events is necessary to reduce

the risk of preterm birth and perinatal death. In addition, there is also a need for

strengthening antenatal and postnatal education at the facility levels to both

first-time parents, early and practical information about parenting skills, and the

opportunity to seek support and help from health professionals when needed

(Entsieh & Hallström, 2016).

8.4.2 Policy implications

At the national level, policy decisions should intensify and sustain efforts to

increase the uptake and quality of ANC at all levels of care in Tanzania. ANC is a

critical entry point where several interventions can easily be delivered to pregnant

women (World Health Organization, 2016a), especially those at high-risk of

experiencing adverse pregnancy outcomes such as preterm birth and perinatal

death. “ANC is also an opportunity to promote the use of skilled attendance at

birth and healthy behaviours such as breastfeeding, early postnatal care, and

planning for optimal pregnancy spacing” (Lincetto et al., 2006). Benova et al. (2018)

emphasized on the significance of the content/components of ANC care on top of

the timing and the number of visits. In 2016, WHO issued new recommendations

on antenatal care, which included a minimum of eight ANC contacts with the first

contact scheduled to take place in the first trimester (up to 12 weeks of gestation)

(World Health Organization, 2016a). In Tanzania, over half (51%) of pregnant

women had at least four ANC visits during their last pregnancy, but only 24%

started ANC before the fourth month of pregnancy (MoHCDGEC [Tanzania

Mainland] et al., 2016). Therefore, it is evident that more efforts are needed to

increase the coverage of ANC services in the country. Such interventions should

continue emphasizing continued male involvement in pregnancy and child birth

towards improving maternal and child health outcomes.

Although not measured in our study, routine and sustainable educational
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campaigns at the health facility setting and the general public, especially using

mass media and skilled providers, should be strengthened and implemented in

Tanzania. These should include information on when to attend ANC, the danger

signs, the relevance of essential recommended interventions, the significance of

attending scheduled visits, and the benefit of skilled health professionals (doctor,

nurse or midwives) during delivery (World Health Organization, 2016a).

We recommend establishing birth registries in other zonal referral hospitals and, if

possible, regional hospitals in Tanzania and across countries in low- and

middle-income countries where such registries are scarce. We want to reiterate

what Bergsjo et al. (2010) said ten years ago that; “extending the birth registry

monitoring system to all health institutions with obstetrical services in a region will

give more reliable estimates to be followed over time and serve as a basis for

regular auditing, to the benefit of mothers and their children”. Lessons learnt from

the KCMC medical birth registry can be used to inform sustainable implementation

in other health facilities.

A previous study at KCMC referral hospital documented data quality and

reporting challenges in the medical birth registry (Bergsjo et al., 2010), as also

observed in our study (Mboya et al., 2020b). Therefore, a need for high-quality data

from birth registries, population/community-based surveys, longitudinal studies,

and randomized controlled clinical trials (Hug et al., 2019; Lisonkova et al., 2012;

UNICEF et al., 2020) locally and at the national level is not over-emphasized.

High-quality and reliable data are essential to inform administrative and clinical

decisions and epidemiological monitoring and surveillance of adverse pregnancy

outcomes. These data should go together with standardisation of definitions,

measurement, and reporting of adverse outcomes such as preterm birth

(Chawanpaiboon et al., 2019; Lisonkova et al., 2012), stillbirths, and early neonatal

deaths (Bailey et al., 2017; Blencowe et al., 2016; Hug et al., 2019; Lawn et al., 2011).
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8.4.3 Recommendations to the KCMC hospital management

We encourage the KCMC zonal referral hospital management and partners to

establish sustainable routine data quality checks and monitoring mechanisms for

the medical birth registry. For the past 20 years (since its establishment in the year

2000), the KCMC medical birth registry has become a critical source of information

for administrative, clinical, research, and public health decisions. It is, therefore,

high time to update the registry based on the current international classification for

diseases frameworks, such as the ICD-PM (World Health Organization, 2016a) and

determinants of adverse pregnancy outcomes. Electronic data collection systems

are available and should be explored and implemented to ensure efficient and

effective quality data collection, management, and monitoring (Lamont et al., 2021).

We also found record linkage challenges in the KCMC medical birth registry. For

instance, we restricted our analysis for objectives 1, 2, and 4 for cohort data

between 2000-2015 because about half of maternal records could not be linked to

their siblings. Also, despite analysing data for up to 2017 for objective 3, the same

record linkage issues persisted. In addition, we also noted that there are currently

no linkages between the medical birth registry in the reproductive and child health

centre and the neonatal registry data located in the paediatric department. For this

reason, there is potential for underestimation of adverse pregnancy outcomes such

as perinatal deaths occurring at the KCMC referral hospital. We, therefore,

encourage the hospital management to create mechanisms for improving record

linkages.

8.4.4 Future research

Future studies should consider longitudinal follow-up of births occurring both at

health facility and the community environment. Such studies are essential to

document the burden and identify the health system challenges and barriers to

providing timely and quality maternal and child health services.
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The application of machine learning and deep learning algorithms to

pregnancy-related adverse events is an area for future extensions. In addition,

future extensions may include applying other statistical methodologies, including

structural equation modelling, to a particular data problem or research question.

Such analyses should consider available methods to handle missing data.

Standardization of data collection platforms and pooled analysis of birth cohort

data from SSA may also highlight the quality of maternal and childcare services

and inform interventions to improve birth outcomes (Bone et al., 2020).

There are alternative methods for dealing with missing data in the statistical

literature, but they were not the focus of this thesis. These include probability

weighting, maximum likelihood estimations, and multiple correspondence analysis

(Sterne et al., 2009; Pedersen et al., 2017). While these methods are attractive and

novel to handle missing data, they will be compared to multiple imputation as a

future extension of the work.
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