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Abstract

.,-
Since the adoption of the Millennium Development Goal in 2000, much

interest has been given to the study of maternal and child health. However,

developing reliable, informative and non static estimates still remains a

challenge. Furthermore, despite several linkages among them, maternal and

child survival continue to be studied independently. In this study, we apply

survival analysis techniques to develop measures of maternal and child

survival and develop models for them. We further develop protective tables

and composite models for the joint maternal and child survivals. The Results

show that while maternal and foetal survival are well described by a Weibull

model, Neonatal, Infant and Child survivals are each well described by log

logistic models. During pregnancy, the composites maternal and child

survival, maternal survival and child mortality as well as maternal and child

mortality are well described by an exponential, a logarithmic and a power

model respectively. Applying these results to the Ghana maternal health 2007

data yields a protective table that shows that about 70 percent of conceptions

are expected to be successful at delivery. Out of the remaining 30 percent,

approximately 14 percent are expected to result in mothers without their

babies and 16 percent resulting in both mother and child dead. One month

after delivery, approximately 0.5 percent of successful deliveries are expected

to result in mother and child dying, 7 percent of children expected to be

motherless and 4 percent of mothers, childless: The remaining 88.5 percent

will be mothers who survive with their babies.

:.
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CHAPTER ONE

INTRODUCTION

1.0 General Introduction

Improving maternal and child health have been key concerns for many nations

and these are evident from observations from numerous international summits

and conferences including the Millennium Summit in 2000. Two of the eight

Millennium Development Goals (MDGs) adopted at the Millennium Summit

are on improving child health (MDG4) and maternal health (MDG5).

The World Health Organisation (WHO) defines maternal health as the health

of women during pregnancy, childbirth and the postpartum period (WHO,

2011a). Improving maternal health is the fifth of the Millennium Development

Goals. While motherhood is frequently a positive and gratifying experience,

this is often not the case for several women who suffer ill-health and possibly

death. On the other hand, maternal mortality or maternal death is defined as

"the death of a woman while pregnant or within 42 days of termination of

pregnancy, irrespective of the duration and site of the pregnancy, from any

cause related to or aggravated by the pregnancy or its management but not

from accidental or incidental causes" (WHO, 2011b).

Normally, there is a distinction between direct and indirect maternal death;

that is deaths resulting from direct complications of pregnancy, delivery, or

their management, and pregnancy related death in a patient with pre existing

1
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or newly developed health problem. The major direct causes of maternal

morbidity and mortality include haemorrhage (internal bleeding), infection,

high blood pressure, unsafe abortion, and obstructed labour. Because the study

of death in a group is regarded as a good indicator of their health, the study on

maternal mortality is considered a good indicator of maternal health. Many

health problems among pregnant women are preventable, detectable or

treatable (UN, 2009).

Reduction of child mortality is the fourth of the millennium development

Goals. The child mortality rate or under-5 mortality rate is the number of

children who die by age five, per thousand live births. Under-5 mortality could

be specified as foetal mortality (death of foetus), neonatal mortality (deaths

within the first month after birth), Infant mortality (deaths within the first one

year after birth) and child mortality (deaths within the first five years after

birth). According to an estimate by UNICEF, (2008c), one million child deaths

could be prevented annually at a cost of US$l billion per year (an average of

US$1000 for each child). The UNICEF reports that over 70 per cent of child

deaths every year are attributable to six causes: diarrhoea, malaria, neonatal

infection, pneumonia, preterm delivery, or lack of oxygen at birth. Most of

these deaths are in developing countries.

UNICEF and WHO reports (UNICEF-health; UNICEF-young child survival

and development; UNICEF-MDG Goal 4; WHO-Most world child deaths

preventable) show that two-thirds of child deaths are preventable. Malnutrition

and lack of safe water and sanitation contribute to half of all these children's

2

www.udsspace.uds.edu.gh 

 

 

 

 



death. Most of the children who die each year could be saved by low-tech,

evidence-based, cost-effective measures such as vaccines, antibiotics,

micronutrient supplementation, insect-treated bed nets, improved family care

and breastfeeding practises an oral rehydration therapy. In addition to

providing vaccines and antibiotics to children, education could also help

mothers provide better care of themselves and their children. (UNICEF,

(2008a); UNICEF, (2008b); UNICEF, (2009a); UNICEF, (2009b); WHO,

(2010)).

There is a strong consensus that maternal, newborn and child health (MNCH)

programmes will only be effective if there is a continuum of care, from

pregnancy through childbirth into childhood. The health and well-being of

women and their children are completely linked (Bhutta, et al., 2008). This

continuity requires greatly strengthened health systems with MNCH at their

core. Of the four million babies that die each year in the first 4 weeks of life

(neonatal period), nearly three quarters could be prevented if women were

adequately nourished and received appropriate care during pregnancy,

childbirth and the postnatal period. Many of the world's 3.3 million stillbirths

could also be saved."

This study on maternal and child mortality focuses on providing insight that

will help in addressing two key MDG's (MDG 4 and 5).

3
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1.1 State of Maternal and Child Mortality

Since the adoption of the Millennium Development goals, child and maternal

mortality have received a lot of attention leading to a significant decline in the

incidence of this phenomenon. However, these declines have not been

significant enough to achieve the set MDG's 4 and 5.

1.1.1 State of World Child mortality

Despite progress, deaths of under five children remain unacceptably high (UN,

2008). Child mortality fact sheet (UN, 2008) has it that, Worldwide, nearly

28,000 children under five die every day - that is one every 3 seconds. Most

of these deaths could have been prevented. Four million newborns die in the

first 4 weeks of life, three million of those in the first week. A further 3.3

million babies are stillborn. One in six babies born in the world's least

developed countries will die before the age of five, compared with one in 167

born in industrialised countries. Furthermore, "reaching all children with a

package of essential child health interventions, necessary to comply with and

even go beyond the MDGs, is technically feasible within the next decade" and

that "about 400 million children have no access to safe water". The report

further indicates that "1.4 million children every year, 3,900 children every

day, die because they lack access to safe drinking water and adequate

sanitation. "

The World Health Report, (2003) states among other things that, "For millions

of children today, particularly in Africa, the biggest health challenge is to

survive until their fifth birthday, and their chances of doing so are less than

4
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they were a decade ago." On the whole, the risk of death for Africa's children

has increased by 35% over the past 10 years. More than 500 African mothers

lose a child every hour. Worldwide, child mortality is higher for males than

for females except for a few countries in Asia. Mortality is higher for children

from poor households than for richer ones. Child mortality is also much higher

among the poor in Africa than the poor anywhere else despite the same levels

of income used to measure poverty. For example, the report states that the

African poor child is twice more likely to die than a poor child from the

Americas. Similarly, the rich African child is twice more likely to die than a

rich child of the Americas. While some countries in Africa, including Ghana

are noted to have made significant strides, many more countries in the African

sub region are reported to have their child mortality rates increased from the

1990 levels. These later statistics, suggest an African problem with dealing

with Child mortality.

The 2009 Millennium Development Goals report (UN, 2009), reports that in

Sub Saharan Africa, Child mortality has actually increased (from 4.2 million

in 1990 to 4.6 million in 2007) thereby now accounting for half of all deaths of

children worldwide. In his report, McNeil (2007), shares the exciting news of

reduced child mortality below the 10 million mark for the first time ever,

describing the achievement as historic. He however concedes that there are

wide disparities with the highest rates being in west and central Africa where

150 out of every 1000 children born will die before age 5 compared with 6 for

the wealthy countries. The gains in reduction have chiefly been made in Latin

America, the Caribbean, Central and Eastern Europe, East Asia and the Pacific

5
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but not in Africa. He reports the worsening of mortality in some sub-Saharan

African countries.

Adetunji and Bos (2006), in tracing the historical outlook of child mortality,

applaud Sub-Saharan African for reducing child mortality from 500 per 1000

live births to 150 in the twentieth century. They however admit that since the

late 1990s, the diminishing trend of mortality in Africa, has either stalled or

even reversed. Using infant mortality rate and life expectancy at birth, two

indicators of child mortality levels and trends, Adetunji and Bos assert that

Sub-Saharan Africa is, by far, the region of the world with the highest level of

mortality. Even when contrasted with other less developed regions in South

Asia, sub-Saharan Africa has a much lower life expectancy (46 years as

against 67 years); the gap having broadened from 6 years in the 1960s to 21

years in recent time. The infant mortality gap for these regions has also

widened (from 26 to 47) during the same period. Within sub - Saharan Africa,

West and Central Africa lead in infant mortality and low life expectancy since

1960, with West Africa having successfully escaped the worst position due to

a faster decline in mortality over the years, than the Central African region.

Hagen (2007), reports that UNICEF chose to focus its efforts on Africa

because of the great hardship the continent's people face. Although sub-

Saharan Africa has only 11 per cent of the global population, the region is the

source of one half of the world's victims of mortality for children under five

years old. "Child mortality in sub-Saharan Africa needs to decline more than 8

per cent per year if we are going to meet the MDG of reducing child mortality

by two thirds by the year 2015. Currently, child mortality is declining at the

6
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rate of 0.7 per cent, so if we continue at that rate, the MDG would not be met

until 2115, one hundred years late", Ms. Veneman said.

Recent studies show that child mortality is reducing but not reducing fast

enough. The UN Inter-agency Group for Child Mortality Estimation (IGME),

in its 2010 report (UNICEF; WHO; World Bank; UN DESAIPopulation

Division;, 2010) show that, since 1990, global under-5 mortality rate has fallen

by a third with all regions having reduced the rate by at least 50 percent except

Sub-Saharan Africa, Southern Asia and Oceania. The rate of decline in under-

five mortality has accelerated over the 2000-2009 period as compared to the

1900' s. This decline however is insufficient to reach the millennium

development Goal (MDG 4). Pneumonia and diarrhoeal diseases are the

biggest killers with most deaths occurring in the first year of life (70 percent)

especially in the first month (40 percent).The highest rate of child mortality

continues to be in Sub-Saharan Africa.

1.1.2 State of World Maternal mortality

Maternal mortality is also extremely important and the results, in attempts to

reduce maternal mortality have not been encouraging. Despite increased

declining adolescent fertility, increased antenatal care and other interventions,

little progress has been made in saving mothers' lives. Particularly, the high

risk of dying in pregnancy or childbirth continues unabated in sub-Saharan

Africa and Southern Asia (UN, 2008). The frustrations of little results in this

area were expressed at an event organised by the Woodrow Wilson

International Centre for Scholars. In an address on reducing maternal mortality

in developing countries, Stewart Tyson, head of DFID's Health Advisory

7
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Group said "One of the great tragedies of international development is the

failure to make any impact on maternal health". He continued that "The levels

of deaths are the same as they were twenty years ago ... Despite the progress in

many areas - AIDS, TB, malaria, and child health - we've not made a dent in

this." In spite of high visibility and considerable funding, efforts to reduce

maternal mortality are off to a slow start hence a danger of not achieving

MDG 5 (Woodrow Wilson International Center for Scholars, 2008).

.:

Worldwide in 2008, an estimated 358,000 women died due to complications

developed in pregnancy and child birth. Every day, 1000 girls and women die

in pregnancy and child birth with 75 percent occurring during child birth and

the postpartum period (WHO; UNICEF; UNFPA; World Bank, 2010). Most

maternal deaths and injuries are avoidable if women have access to health care

before, during and after child birth (UN, 2007). With 99 percent of maternal

deaths in developing countries (Abouzahar & Wardlaw, 2003), Maternal

deaths are the greatest inequity of the 21 st century (World Bank, 2007). The

risks of mortality are highest for women and their babies at the time of birth

(WHO, 2008) with Southern Asia and Sub-Saharan Africa having the greatest

number of maternal deaths (UN, 2010).

To achieve the MDG 5 target, maternal mortality is expected to .reduce

annually by 5.5 percent since 1990 but global efforts have only managed an

annual rate of2.3 percent since 1990 (WHO; UNICEF; UNFPA; World Bank,

2010; UN, 2008) -far below the expected.

8
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These statistics depict the extent of the maternal mortality problem particularly

in sub Saharan Africa, thus indicating the need for strong action.

1.2. Justification of the Study

Against a backdrop of difficulties in achieving MDG 4 and 5, in his foreword

on the Millennium development Goals report 2009, the UN Secretary General,

Ban Ki-Moon, asserted that the world body had "made important progress in

this effort, and have many successes on which to build. But we have been

moving too slowly to meet our goals. And today, we face a global economic

crisis whose full repercussions have yet to be felt. At the very least, it will

throw us off course in a number of key areas, particularly in the developing

countries. At worst, it could prevent us from keeping our promises, plunging

millions more into poverty and posing a risk of social and political unrest.

That is an outcome we must avoid at all costs". Maternal and Child health are

the likely causalities, since it's in these areas that previous reports show that

developing countries are the worst hit.

Reducing maternal and child mortality will require a concerted effort from all.

While the role of funds and strategies cannot be overstated, research cannot

also be over looked since they guide the application of effort. Maternal

mortality, if unchecked, would have dire consequences. According to

UNFP A, (2005), "A mother's death can be devastating to the children left

behind, who become vulnerable to poor health, poverty and exploitation

without a mother's love and protection". These consequences cannot be said to

be true for only children, but also for the entire society including men, since

9
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the roles of women at the family level and also at the societal and national

levels are very huge.

The World Bank (World Bank, 1999), says women are active members of

their households and community, contributing to both micro and macro

economic development in the informal and formal sectors. Women are the

heads of household in many families, and research has shown that a mother is

more likely than a father to spend her income on the needs of her children.

Each year, an estimated $15.5 billion in potential productivity is lost when

mothers and newborns die (USAID, 2002).

The survival of children is threatened when a mother dies. Infants of mother's

who die are shown to be twice as likely to die within two years (USAID,

2002) and even when they do not die, their education, nutrition and health is

likely to be affected (WHO et al, 1999). When a woman dies or becomes ill or

injured either during or shortly after giving birth, the consequences have the

potential to affect not only the woman herself, but her family and community

in a variety of ways (Reed, Koblinsky, & Mosley, 2000). Direct evidence from

some studies suggest several consequences of maternal mortality for children

including increased mortality risk, decreased nutrition and decreased

schooling. The potential social and economic consequences of maternal

mortality seem obvious, but in fact they have not been demonstrated, partly

due to measurement problems.

UNICEF's report of the state of the world's children in 2008 affirms that,

Child mortality is a sensitive indicator of a country's development and telling

10
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evidence of its priorities and values. Investing in the health of children and

their mothers is not only, a human-rights imperative, it is a sound economic

decision and one of the surest ways for a country to set its course towards a

better future. Impressive progress has been made in improving the survival

rates and health of children, even in some of the poorest countries, since 1990.

Nonetheless, achieving Millennium Development Goal 4 (MDG 4) will

require additional effort. Attaining the goal is still possible, but the challenge

is formidable. Reaching the target means reducing the number of child deaths

from 9.7 million in 2006 to around 4 million by 2015.

Not only are children the weak and vulnerable members of society who need

the protection of the world at large to grow, but also that children are the

future generation and the state of children today would indicate the state of the

world tomorrow, including the future of the today adult, who needs the

tomorrow adult to guarantee for his future life

Indeed our ability to reduce child mortality can be said to depend largely on

mothers. The relationship between child survival and mothers are several. For

instance, maternal education is shown to have a high bearing on child survival

(Cleland & Van Ginneken, 1988), so does maternal health (Tinker & Ransom,

2002) and even maternal height. Thus any attempt to reduce child mortality

without a corresponding attention to mothers could be a fiasco.

For example, mothers playa critical role in the development of children and

their early deaths have been shown to have adverse effects on the child

particularly in their formative years. Indeed our ability to reduce child

mortality can be said to depend largely on mothers.

11
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With 2015 fast approaching and the gap to achieving the Millennium

Development Goals (MDG) not closing up quickly enough, some have begun

to call for a modification of the MDG's. The almost stable indicator over the

past few years suggests innovations and new ideas are essentials to get the

indicators reduced further. The new ideas required, may include a new way of

measuring these MDG that will provide more information and hence direct the

application of effort.

The suggested linkage between maternal and child mortality requires study

into their relationship together. The study on a composite model for maternal

and child survival is therefore an attempt to develop a spatio-temporal model

which adequately describes the survival of both mother and child together

from conception through to delivery and beyond. The model thus developed,

should be able to measure the joint survival of both mother and child and the

factors that influence its increase or decrease. Any factor that would decrease

child survival would obviously reduce the joint survival and likewise any

factor that decrease maternal survival. The joint model will thus be influenced

by factors that influence either or both of maternal and child survival.

Addressing these factors, especially the factors that influence both maternal

and child survival, could have a dual effect.

Developing the composite model is very important because it will provide

better understanding into maternal and child mortality especially their

interaction. The model will not only provide explanations, but also allow for

better comparisons and predictions for various countries. The model will

12
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provide insight, answers, and useful guidance for the application of effort to

achieve the MDG and more.

1.3 Aims and Objectives of the Study

Any study that jointly considers maternal and child mortality is essential as

this would help to address these two problems simultaneously and that is the

focus of this study.

While the role of funds and strategies in achieving the millennium

development Goals cannot be overstated, the role of research cannot also be

over looked since they guide the application of effort. Any goal that cannot be

measured cannot be monitored and any goal that is not adequately measured

cannot be adequately monitored. Questions that influence this study include:

• In what ways are these goals measured and are there better ways to

measuring maternal and child mortality apart from the widely used

maternal mortality rates (MMR) and child mortality rates?

• What factors affect these measures?

• With limited resources and time available, where should effort be

targeted, to influence reduction in these measures?

• Can these be described by a model and if so what model best describes

them?

• If the health and well-being of women and their children are

completely linked as suggested by the fact sheet, how and in what way

are they linked?

13
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These questions lead us to pursue the use of Survival Analysis techniques as

an alternative to the status quo (central rates). Hence using Survival

techniques, the objectives of this study are threefold;

1. Estimate the survival function for both mother and child

2. Identify prognostic factors to maternal and child survival

3. Model the survival data for mother and for child

With the aim of developing composite models for both mother and child

1.4 Limitations of the study

Data restrictions are the main limitations of this study. Our inability to obtain

data from other countries does not permit us to generalise the specific results

obtained in this study to other countries or the world in general. The Methods

developed in this study however are applicable to the development of

composite models for maternal and child survival worldwide; the specific

results however apply only to Ghana for the period 2002 to 2007.

1.5 Organization of the Thesis

This thesis has five chapters. Subsequent to this introductory chapter is the

chapter two which is devoted to the literature review and the theoretical

framework of the study. Here a review is made of the methods in use as well

as some earlier related studies.

The methods employed in this study are discussed in chapter three that is, the

application of the survival analysis techniques as well as probability theory.

The Results of applying the methods described in chapter three are presented

14
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in chapter four as well as the simulated results while chapter five summaries

our findings and discusses our conclusions.

15

www.udsspace.uds.edu.gh 

 

 

 

 



CHAPTER TWO

LITERATURE REVIEW AND THEORETICAL

FRAMEWORK

2.0 Introduction

In this chapter, we trace the history of measurements in maternal and child

mortality and discuss the methods that are used to estimate them and review

earlier work on them. Consequent to the discussion on the limitations of the

methods in use, we depart from the status quo (Central rates) by setting up the

theoretical frame work for our study

2.1 General

Studies in child mortality can be traced to over three centuries ago. Between

the 16th and the middle of the 18th century, Infant and child mortality increased

in Britain with the 1750's experiencing deaths of approximately two-thirds of

the children under the age of five. This estimate reduced to one third by the

1840's and by the end of the 19th century, there was only a minimum decline

in infant and child mortality. Much of the drop happened in the 19th century,

some of it possibly in the second quarter of the century (Razzell & Spence,

2005).

In many developing countries, interests in child mortality are much more

recent. In many cases, the entire health system focused on only the elite few to

the detriment of many until independence. For example in Kenya, child
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mortality fell drastically from independence till the 1980's. From the late

1980's to the mid 1990's the child mortality has actually increased by 25

percent (Hill, Bicego, & Mahy, 2001).

The quality and quantity of child mortality data have improved radically over

the last 30 years, particularly in Sub-Saharan Africa. However, the quantity,

aptness, and quality of accessible information differ widely by country (Hill &

Amouzou, 2006). The improved child mortality estimates over the years due

to global efforts, however fall short in the use of all the data available and do

not use clear and reproducible techniques. They do not differentiate forecasts

from actual measurements and give no indication of confidence around point

estimates (Murray, Laakso, Kenji, Hill, & Lopez, 2007).

Today under-5 mortality has several measures but is largely estimated by

central rates like rates, ratios probabilities etc with child and infant mortality

rates being the most popular. In developing countries, indirect estimation

methods are sometimes used where comprehensive surveys have not been

conducted (Mahy, 2003). The importance of under-five mortality statistics

makes their frequent estimates necessary. Periodic assessments by UNICEF,

WHO, UN population division and World Bank have been based on a mixture

of data sources culminating in disagreements on estimates in the past. Robust

measures will therefore take a greater role for development assistance (Murray

et al, 2007). The increasing interests in better measures for under-5 mortality

continue to lead to the development of more accurate and less expensive

methods (Rajaratnam, Tran, Lopez, & Murray, 2010).
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The problems of maternal death estimates are similar to that of under-5

mortality but more aggravated. In 1985, Rosenfield A. and Marie D., in their

influential article, placed maternal mortality on the international health policy

agenda. They argued that the focus on child was based on the assumption that

what was good for the child was good for the mother (Rosenfield & Marie,

1985).

The first international conference dedicated to maternal mortality was held in

Kenya and sponsored by the World Bank, WHO and UNFPA. This led to the

initiation of the Safe Motherhood Initiative (SMI). From an initial coalition

comprising 5 UN agencies and 2 NGO's, the SMI grew to include other

groups and was included as part of the Partnership for maternal, newborn and

child health communities.

The history of maternal mortality goes back to over two centuries in some

countries (Loudon, 1992). In most cases, these measurements evolved from

the civil registration system, but in some cases, as part of the maternity service

(Van Poppel & Van Dijk, 1997). The angry debates and accusations of

obstetric incompetence that resulted from high maternal deaths, ensured that

by the 1920's and 1930's, maternal mortality became a matter of public

concern in many European countries and even a scandal in a few (Loudon,

1988). Reliance on multiple data sources and capture mechanisms increased

with experience in measuring maternal mortality. This was partly because

intensified surveillance was needed to fully capture the cases and also of the

realisation that all measurement approaches have advantages and

disadvantages in completely ascertaining maternal deaths as well as providing

additional information for the purpose of the programme. Today, maternal
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deaths are still identified from several sources like the confidential enquiries

into maternal deaths (CEMD) used in the United Kingdom (MacFarlane,

2001) and the use of the pregnancy status check box on death certificates in

the USA (Mackay, Rochat, Smith, & Berg, 2000).

In developing countries, special studies in the 1980's which revealed a higher

than expected frequency of maternal deaths, heightened interest in maternal

mortality (WHO, 1991). These studies also high-light the problems of routine

statistics and the challenges of capturing maternal deaths especially when they

occur at home. At this point in time, maternal mortality at the population level,

were in essence restricted to those used for all adult mortality through

incomplete vital registration or large scale population surveys.

Alternatively, maternal deaths in developing countries are estimated by

adjustments to deaths for women of reproductive age (usually assumed to be

between 25 -33 %) (Abouzahr, 1998). This type of approximation is still in

use today as seen in the UN model estimates (Hill, et al., 2007). Wider

advances in information gathering and capacity strengthening programmes

have increased the measurement opportunities of maternal mortality in

developing countries in recent years. Progress in measurements techniques

like the developments of the sisterhood method (Graham, Brass, & Snow,

Estimating maternal mortality:The sisterhood method, 1989), the addition of

particular questions on pregnancy associated deaths on census (Stanton, et al.,

2001), the use of probability sampling or sampling at service sites (Immpact,

2007) and the use of analytical methods such as capture-recapture to adjust

incomplete data (Amstrup, McDonald, & Manly, 2005) etc have also helped to

improve opportunities for measuring maternal mortality.
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Up till now, the estimates III use are largely central rates (rates, ratios,

probabilities etc.) with maternal mortality rate and maternal mortality ratio

being the most popular. These estimates are static and usually do not

adequately capture precisely maternal deaths. The search for better estimates

therefore continues (World Bank, UNICEF, WHO, UNFPA, 2010). The

decade up to 2015 is expected to witness great advancement in measurement

and clear identification of the problems of measurement is necessary to

stimulate and inform the search for better solutions.

2.2 Review of Methods In Use

The problems of developing good and informative estimates for both maternal

and child mortality, and hence any joint or composite model, are twofold; the

problem of availability of adequate and reliable data and the problem of good

statistical estimators

There are several measures available to measure maternal and child mortality

yet few of them are usually used to estimate maternal and child mortality

partly because of the problem of availability of reliable data and also lack of

research into the application of other methods. The MDG 4 indicators for child

mortality are under-five mortality rate, infant mortality rate, proportion of 1

year-old children immunised against measles while the MDG 5 indicators for

maternal health are the maternal mortality ratio and proportion of births

attended by skilled health personnel (UN Statistics Division, 2008). Hill

Kenneth, in his presentation at the workshop on improving national capacity to

track maternal mortality towards the attainment of the MDG5 (World Bank,

WHO, UNFPA, UNICEF, 2010), explained the use of the three main
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indicators of maternal death, maternal mortality ratio, maternal mortality rate

and lifetime Risk as well as the use of the PMDF for countries without reliable

data.

These spatial measures, do not consider the time the deaths are occurring (i.e.

whether the deaths are occurring earlier or later in the period) and also, deaths

in a particular period do not usually match the risk of that period. For example,

for the infant mortality estimates, many of the infants who die in a particular

year were not born in that year; most were born in the previous year. These

overlaps will obviously have effect on these measures.

Besides, like most central rates, they are influenced by the population

composition and therefore do not allow for fair comparisons among countries

except they be standardised. For example, a country that has twenty women of

reproductive age giving birth to twenty children with one of them dying in the

process will have the same maternal mortality ratio as a country that has ten

women giving birth to twenty children with one of the mothers dying in the

process: The risk of the later is obviously higher than that of the former. This

is so because, the maternal mortality ratio does not take into account the

number of mothers who were susceptible due to pregnancy but only the

number of mothers who died.

Furthermore, these measures are questionable in how they are calculated and

their representativeness as a summary value that adequately describes the

essential features required. These have sometimes led to disagreements among

stakeholders on the estimates used. For example, any under or over estimation,

or indeed a wrong representative in the numerator or denominator would lead
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to a misleading estimate. Maternal mortality ratio for instance, which is the

most widely used estimate of maternal mortality is calculated as:

D
MMR=-Pxk

B (2.1)

Where,

Dp is death from all puerperal causes during a year

B is total live births during the year

k is a radix usually 100,000

In their discussions, following presentations by technical experts at a

workshop to improving national capacity to track maternal mortality towards

the attainment of the MDG5 (World Bank, UNICEF, WHO, UNFPA, 2010),

the workshop agreed that the maternal mortality ratio, gives a false sense of

precision. While this measure is intended to estimate obstetric risk, the

measure is more a gauge of risk in terms of "woman per child" rather than

"woman per pregnancy". In his book on Demographic Statistics, Nuamah

Nicholas agrees with the fact that the denominator is deceptive and states that

the preferred denominator for this rate is the number of women who were

pregnant during the year but this denominator is impossible to determine

hence the use of total live births (Nuamah, 2007).

It is these weaknesses in these measures that compel us to pursue the use of

survival techniques in estimating maternal and child mortality and hence their
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composite models. Survival technique, which uses more information, also

provides more information with known precision and better validity.

2.3 Review of Earlier Studies on Maternal and Child Mortality

Many studies have been made over the years on maternal and child mortality.

Most of these study them separately. Maternal and child mortality estimates

are required as part of routine statistics for most nations. In addition,

specialised studies are also conducted on them. The aim of most of these

studies have been to provide up to date statistics of the state of maternal and

child mortality and also to see how close we are to achieving the millennium

development goals. Some have also been to assess the impact of certain

interventions in the reduction of these mortality levels. However little has been

done to develop models of these estimates or to explain or understand them.

The various approaches to research on maternal and child survival include the

social and medical approaches. For example, the social approach in studying

child survival focuses largely on the roles of socioeconomic and cultural

factors while medical research focuses on the biological processes of diseases,

and less frequently on mortality per se (Mosley & Chen, 1984). Mosley and

Chen allude to the fact that the problems of mortality analysis are complex

requiring the inclusion of proximate factors which influence the single result.

In pointing out the dearth of the social and medical approach, they define five

groups of proximate determinants: maternal factors, environmental

contaminations, nutrient deficiency, injury and personal illness control and

advocate that effective child survival studies could only be done by taking
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these into account. It is in this light that a "statistical approach" is being used

in this study, and the interrelationship that exist among them; this approach

will address most of the concerns of the social and medical approach.

Some Studies on Modelling of Maternal and Child mortality have been done

over the years, for the most part with linear models. These have basically been

done to determine the extent to which some factors explain or influence

maternal or child survival. These regression models have basically been

predictive (Hekkert, (2001); Ahmed & Hill, (2011); Meda, Ouedraogo, &

Ouedraogo, (2010)). The United Nation also uses such models, like the

proportions Maternal among deaths of females of reproductive age (PMDF),

in predicting country estimates of maternal mortality.

Masanja, et al., (2008) analyzed data from the four demographic and health

surveys done in Tanzania since 1990 and generated mortality estimates in

under-five year old children for the period 1990 to 2004. By fitting Lowess

regression, they estimated trends in mortality between 1990 and 2004 and

forecasted trends in mortality from 2005 to 2015. The aim which was to

investigate the influence of changes in Tanzania's health system on child

mortality concluded that Investments in health systems and improving

Interventions could produce rapid gains in child Survival leading to Tanzania

attaining MDG 4 Goals.

Berger, Fahrmeir, & Klasen, (2002) Employed a Bayesian dynamic logit

model for discrete time survival data and Markov-Chain Monte Carlo methods

to model Under-five mortality in Zambia. They focused on how time

dependent covariates affected child mortality. They found out that integrating
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age dependencies greatly improves the explicatory power of the model and

gives new insights on the differential role of covariates on child survival

In studying the role of medical as well as social factors in determining child

survival, Hirve & Ganatra, (1997) applied Survival analysis to data from

Children in rural India. They described their Kaplan Meier Curves as showing

a sharp fall in the neonatal period, a less rapid decline in the post-neonatal

period and a marginal fall in the post infancy period till 5 years. They however

fell short of modelling this phenomenon. Among other things, they showed

that increased birth order improves survival.

Guo & Rodriguez, (1992) applied survival techniques to develop multivariate

proportional hazard models for clustered data with application to child

survival but also fell short of modelling Child survival. So did Berger,

Fahrmeir, & Klasen, (2002). In general, no visible modelling has been done of

the process of child or maternal survival.

The Use of Survival techniques in the study of Child survival is not new but

its application to Maternal Survival is rare. Studies on maternal survival and

its converse mortality, are of much recent origin with basic statistical

information (including data) in this area still a major challenge particularly, for

developing countries. Much studies in maternal mortality have therefore

focused on ways to obtain better data (Graham, Ahmed, Stanton, Abou-Zahr,

& Campbell, (2008); Chandromahan, Rodrigues, Muade, & Hayes, (1998);

Boerma & Stansfield, (2007); Walker, Bryce, & Black, (2007); Graham &
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Hussein, (2006)) and basic data analysis (Mbizvo, Fawcus, Lindmark, &

Nystrom, (1993); Menendez, et al., (2008); Ronsmans & Graham,( 2006)).

However, some modelling has also been done in maternal survival, for the

most part, to estimate MMR in the absence of data. Hakkert, (2001)

developed a multivariate model of the MMR, which could be used to predict

country estimates of MMR. This was in response to criticism of the UN's

PMDF model for predicting MMR. Ahmed & Hill, (2011) also developed a

random-effect models for the best linear unbiased predictor, BLUP, of

MMR's.

Studies by Hobcraft, McDonald, & Rutstein, (1984), Muhuri (1995), Caldwell

(1979), Forste (1994), Sathar (1985, 1987), have adequately recognized the

converse association between socio-economic variables of the parents and

Infant and child mortality. The general level of mortality in the population

does not affect this (Ruzicka, 1989). Bicego and Boerma (1993) and Caldwell,

(1990) demonstrated the effect of parental education on infant and child health

and mortality to be generally significant. The parent's educations as well as

their work status each have independent effects on child survival in

developing countries (Sandiford, Cassel, Montenegro, & Sanchez, (1995);

Forste, 1994; Caldwell, Reddy, & Caldwell, (1983)).

Household economic conditions also help in explaining the variation in infant

and child mortality. The nature of housing, nutrition, access to and availability

of water and hygienic conditions as well as medical attention, all depend on

the economic conditions of the household. For example, low-income families

may well reside in crowded, unsanitary housing and consequently, suffer from
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communicable diseases associated with insufficient and polluted water

supplies and with poor hygiene (Esrey & Habicht, 1986). Maternal attributes,

which are biological factors of birth, like the age of mother at the time of

childbirth, birth order and birth interval (Forste, 1994; Rutstein, 1984), are

shown to all have significant effects on child survival. Infants born to mothers

who have lost a child are at greater risk of dying during infancy, so does the

gender of the child also affect Infant and child mortality (Cleland & Van

Ginneken, 1988). Some studies also show that, within a family, deaths of

infants are correlated ( Curtis, Diammond, & McDonald, (1993); Das Gupta,

1990; Gubhaju, 1985; Majumder, 1989).

Despite the much suggested linkage between maternal and child mortality,

much of the studies in this area have focused on deaths with these two

important issues separately. At best, maternal factors have been used as

covariates in the study of child mortality or vice versa. These types of study

only provide suggested linkages but do not adequately describe the nature of

the relationship between these two issues. Yet the need to study maternal and

child mortality more precisely was emphasised at a recent press release on

new commitments to save women and children (Partnership for Maternal,

newborn and child health, 2011). Commenting on the commitments made,

Anthony Lake, UNICEF Executive Director says "focusing on the women and

children in greatest need is not only the right thing to do, it moves us faster

and most cost-effectively toward meeting the health millennium development

goals." These more precise studies will definitely include the use of better
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measures, like the composite models, and statistically techniques, like survival

analysis.

2.4 Survival Analysis

In this study, we depart from the norm and employ survival analysis

techniques to develop estimates for both maternal and child mortality as well

as develop models that adequately describe them. We support this with some

theory in probability to develop the composite model. The use of survival is

advantageous because it uses a lot more information in developing the

estimates as compared to other methods. Since survival is the converse of

mortality, a good estimate of survival will give us good estimates for mortality

Survival Analysis is a statistical method for data analysis where the outcome

variable is the time to the occurrence of some event (Klembaum, 1996). It is

applicable in many fields including medicine, engineering, social science and

public health. In medicine it could be the time to the development of a certain

disease, the time to recovering, etc. in engineering, it could be the time to

failure of a certain component etc. in this study, it is the time to death from

conception in the case of maternal mortality, and the time to death from birth

or conception in the case of child mortality and fetal mortality respectively. In

most cases the testing and modelling of the data are important processes of the

survival analysis technique because of the critical information they provide.

Survival analysis technique is important because of four main reasons;

1. By having some subjects potentially unobserved for the full time to

failure (censored observations).
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2. Having at most one event occurring per subject (i.e. failure can occur

only once).

3. Times being highly skewed (usually positively skewed)

4. Likely time dependent covariates.

These make the use of standard statistical techniques, usually based on the

normality assumptions, inappropriate. Even though transformations may

sometimes solve the problem of non-normality, a more satisfactory approach

is to use an alternative distribution model such as the Exponential, Weibull,

Gompertz, Gamma, etc. Censoring also makes the use of standard techniques

inappropriate.

Survival analysis is known by different names in different discipline: failure

time analysis in engineering, history analysis in sociology, transition analysis

or duration analysis in economics etc. These different names do not mean any

real difference in techniques, although different disciplines may highlight

slightly diverse approaches (Lee & Wang, 2003).

The challenge arising from the presence of censored observations has

influenced the growth of this new field of statistical methodology. Most of

these developments have been in the second half of the twentieth century.

However one of the oldest techniques for measuring mortality and describing

the survival experience of a population is by the Life table technique proposed

by (Berkson & Gage, 1950). A very useful non parametric intervention for the

study of survival data was done by Kaplan & Meier (1958). These methods

have been widely used to develop non parametric survival estimates.
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Once survival estimates have been developed, several non parametric tests

exist to test the difference in the survival estimates for the various groups.

These include the log-rank test (Peto & Peto, 1972), the Mantel-Haenszel test

(Mantel & Haenszel, 1959), Gehan's generalized Wilcoxon test (Gehan,

1965a, 1965b), the Cox-Mantel test (Cox, 1959, 1972; Mantel, 1966) etc.

These provide information on associations with survival and therefore help

identify possible risk factors

The relationship between variables and Survival times are best described by

regression models. Normal regression techniques are not well suited for

survival estimates because survival time usually violate the normality

assumption and also because of censored data. Two methods are usually used,

the Cox proportional hazard models (Cox, 1972) which is dependent on the

proportionality assumption and the accelerated failure time models (Collett,

2003) which are distribution dependent.

Since survival functions are a non increasing function, the survival estimate at

every given time forms a pattern that can be modelled as a time dependent

parametric distribution. These models, provide shape and scale parameters

which together with time provide a lot more information in the description of

maternal and child survival than conventional methods. We develop these

models and use probability theory and distributions function properties to

develop the composite models for maternal and child survival.

The key variable required for survival analysis is the time taken for an event to

happen for those who have succumbed to the event and the period of

observation for those who have not succumbed. In this study, we use the time
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to death for each individual who died and the observation period for each

individual who survived cross classified by the possible prognostic factors.

2.4.1 Basic Concepts in Survival

Let T, denote the survival time. The distribution of T can be characterized by

three equivalent functions (Lee & Wang, 2003).

Survival Function (or Survivorship Function)

Set) = P(an individual survives longer than t)

= peT > t) (2.2)

From the definition of the cumulative density function F(t) ofT,

Set) = 1- P(an individual fails before t)

= 1-F(t) (2.3)

Set) is a non increasing function oftime with properties

S(t) = {1 for t = 0
o for t = 00

Probability Density function (or density function)

The survival time has a probability density function defined as the limit of the

probability that an individual fails in the short interval t to !1t per unit

width St, or simply the probability of failing in a small interval per unit time.

It can be expressed as:

Jet) limM-+OP[an individual dying in the interval (t ,t+!1t)]
!1t
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limu--+o P[XE(t,t+Llt)]
Llt

(2.4)

Where x is an individual dying

f(t) is a non negative function such that;

f(t) = {~O for all t ~ 0
= 0 for all t < 0

Hazard/unction

The hazard function, h(t), gives the conditional failure rate. It is the

probability of an individual failing in a small interval of time assuming that

the individual has survived to the beginning of that time interval.

u p[an individual tails in the interval (t,t+Llt)]
h(t) = lmdt--+o given the individual has survived to t

Llt

limu--+o P[XtE(t,t+Llt)]
Llt (2.5)

Where Xt is an individual dying after he has survived to time t

The hazard is also known as the instantaneous failure rate, the force of

mortality, the conditional mortality rate or the age specific failure rate.

All these three functions can be depicted graphically and are related by

h(t) = tCt)
SCt)

(2.6)
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2.5 Estimating the Survival Functions

Survival functions can be estimated usmg parametric and non parametric

methods. In the Parametric method, a distribution is assumed for the survival

function and an estimation method like the Maximum likelihood estimate

(MLE) or the least square estimate is used to estimate, from the given data, the

values of the parameters for the assumed model. There are generally two non

parametric methods in use; the Kaplan Meier (KM) estimate, introduced by

Kaplan-Meier (1958) and the Life table method (also known as the actuarial

method).

2.5.1 The Kaplan-Meier Method

The Kaplan Meier method, also known as the product-limit estimator is a

maximum likelihood estimate and measures the survival function as;

(2.7)

Where

Xi The hazard at time t, ,he ta is the instantaneous failure rate, the

conditional probability of failing (dying) at time t = i ,and estimated

by;

(2.8)

Where

d, Is the number of observed failures (deaths) that occurred at Xi and
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ni Is the number of observations (children or mothers as the case may

be) in the risk set at time Xi (i.e. the number of subjects still alive just

before time Xi )

If the number of observations is large as in this study, and the event times are

measured precisely, there will be numerous distinctive event times. The KM

method then constructs long tables that may be awkward for presentation and

interpretation (Allison, 2008).

2.5.2 The Life Table Method

With the Life table method, event times are grouped into intervals and the

estimates developed for each group. The arbitrary choice of intervals is the

down side for the Life table method, which could sometimes distort the

estimates especially when the intervals are too long. The smaller the interval,

the closer is the Life table estimate to that of the Kaplan Meier estimate

The Life table method, which estimates the survival functions for each

interval, uses their mid points as follows:

For the ith interval, let t, be the start time and qi be the conditional probability

of failure. Then;

i-I

S(ti) = IT(1-qj)
j;1

(2.9)
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Where

tmi is the mid-point of the ith interval,

d, is the number of people dying in the ith interval,

ni is the number of people exposed in the ith interval,

qi = di is the conditional probability of dying in the i'" interval,
ni

Pi = (1 - qi) is the conditional probability of dying in the ith interval,

hi is the width of the ith interval

The standard error of the survival function, Greenwood (1926) is estimated by:

(2.10)

While that of the hazard function, Gehan (1969), is estimated by;

(2.11)

The probability density function, Gehan (1969), is estimated by;

(2.12)

2.6 Identifying Risk Factors

To determine which factors are associated with survival or a function of it, and

how they are related, two main methods are used: A test of difference in the
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survival functions and a regression of the covariates with survival or a

function of it

2.6.1 Comparing the Survival Functions

Since the survival functions can be estimated for different groups, the natural

question is whether the survival functions are the same for the different

groups. This is important because, if the survival functions are different for the

different groups, it suggests that the grouping factor is a likely prognostic

factor producing different survivals at its different levels.

These different groups are compared using Non Parametric methods especially

when the distributions are not defined at that stage. The Log-rank test (Peto &

Peto, 1972) is one such non parametric test of difference for survival functions

widely used. It measures the difference in survival for the different groups at

each of the given time. For a k factor group, this test the hypothesis that;

Against the alternative;

j = l,2,,,k.

Where Sj (t) is the survival function for the /h group

This is tested as a chi-square test which compares the observed numbers of

failures to the expected number of failure under the hypothesis.

Thus, given that OJ and Ej is the observed and expected number of deaths

respectively for the /h group, the test statistic
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1

(2.13)

Where

and

njt is the number of patients still exposed to the risk of dying at time up

to t for the /h group

d, is the total number of deaths for all groups at time t i.e.

has approximately the chi square distribution with k - 1 degrees of freedom.

A large chi-square value will lead to a rejection of the null hypothesis in favor

of the alternative that the k groups do not have the same survival distribution.

2.6.2 Regression in Survival Analysis

Relationships that exist between covariates and survival are best determined

by regression. Because most survival times are not normal and have censored

observations, standard multiple regression techniques are not appropriate. Two

regression methods have been proposed, Cox proportional hazard model (Cox,

1972) generally called Cox regression and the accelerated failure times model

(Collett, 2003).
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2.6.2.1 Cox regression

The Cox regression as proposed by Cox (1972) is based on the assumption of

proportionality of the hazard. This however can be readily generalized to

allow for non proportional hazards. The fact that this model makes no

assumption of the distribution of the survival times makes it attractive and

applicable to all models. In this model, the hazard for an individual is assumed

to be related to the covariates through the equation;

(2.14)

Thus the hazard for an individual at time t is a product of two components;

1. A baseline hazard function 11.0 (t) that is left unspecified except that it

is non negative, and is the hazard when all covariates are zero.

2. The exponent of a linear function of a set of k fixed covariates

Taking the logarithm of both sides, the model can also be written as

(2.15)

Where aCt) = logll.o(t). If we further specify rr(r) = a, we get the

exponential model, if zr(t) = at, we get the Gompertz model. If a (t) =
a log t, we have the Weibull model etc. The specification of aCt) is however

unnecessary in a Cox model and it can take any form.

The ratio of the hazard for two individuals i and j (say rural women and urban

women) is then given by;

hi(t) 11.0 (t)exp {{31Xil + + {3kXik}
hj(t) 1I.0Ct)exp {{31Xjl + + {3kXjk}
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(2.16)

f3v ... , 13k therefore measures the relative risk for the ith individual, over the

t" with respect to the change in the xfh covariate, l = 1, ... , k respectively.

The Cox regression (Cox, 1972) has seen many extensions SInce its

introduction to include non proportional hazard models like stratified

proportional hazard models (Kalbfleisch & Prentice, 1980), and time

dependent covariates.

In the stratified proportional hazard models, the data are stratified by a

covariate; for example by literacy of mother. If we consider two groups,

literate and non literate, we can generate two models (one for each stratum)

such that

(2.17)

Where 9 = 1,2. for the two groups

The regression coefficients can be estimated by the Newton-Raphson method.

One of the early application of time dependent model in survival data was by

Crowder & Hu (1977) To model a time effect, one creates a time dependent

covariates say Xi(t) so that

(2.18)

Where 9 (t) is a function of time

The model usually could consist of only time dependent covariates, or both

time dependent and time independent covariates. Consequently, the Cox
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model with both time dependent and time independent covariates for the ith

individual can be written as

(2.19)

Where there are 1 covariates with the first k + 1 of them being time

independent and the remaining 1 - (k + 1) of them being time dependent.

Also, 1 > k and f3v ... I 13kand f3k+ll ... I f3l are the coefficients for the time

independent and time dependent covariates respectively,

to The hazard ratio for any two individuals i and j is thus given as

hi(tIXi(t))

hj (t IXj (t) )

ho (t)ex p [{f31xil +...+f3kxik}+{f3k+1Xik+l (t) +...+f3kXU(t)}]

ho(t)ex P[{f31X ji: +"'+f3kx jk}+{f3k+1Xjk+l (t)+"'+f3kx jz(t)}]
(2.20)

And hence

hi(tIXi(t))

hj (t IXj (t) )

(2.21)

The regression coefficients is interpreted similar to that for fixed covariates
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2.6.2.2 Accelerated time failure models

In the accelerated failure time (AFT) model we regress the covariates directly

on the survival function and not the hazard as in the Cox regression. The AFT

therefore describes the relationship between the survivor functions of any two

individuals. It says in effect that the difference between two individuals is in

the way they age (Allison, 2008). Thus if i and j are two individuals, with

Si(t) being the survivor function for the ith individual, then

(2.22)

where ¢ij is a constant that is specific to the pair (i,j).

The AFT model assumes that the relationship of logarithm of survival time t,

and the covariates for a particular individual i, is linear and can be written as

(2.23)

Where xk, k = 1, , p are the covariates and fJk' k = 0,1, , p,

the coefficients, a (a > 0) is an unknown scale parameter, and E, the error is a

random variable with known forms of the density function geE, d) and

survivorship function G(E, d) but unknown parameter d. Thus survival is

dependent on both the covariates and an underlying distribution.

Exponentiating this provides another form of the equation i.e.

(2.24)

The distribution of Ei could take any form, and the assumed distribution of e,

is directly related to the underlying distribution of the survival time Ti.
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For example, if we assume a Weibull model, then

(2.25)

Where l1i = Po + P1 Xi1 + ...+ PpXip and

geE) = exp]s - exp(sj]

G(E) = exp[- exp(E)]

The hazard Ai of the Weibull distribution for the ith individual is related to

the covariates by

and P =!:.
(J

(2.26)

Where P is the parameter of the Weibull distribution and hence

The hazard ratio of any two individuals i and j is thus

hi (/.lrJ-lj) (1 ( ) ( ) )h- = exp - -u- = exp - -;;[P1 Xil - Xj1 + ...+ Pp Xip - Xjp ]
]

(2.27)

which is independent of time

Despite the introduction of the AFT models, the Cox models continue to be

very widely used.
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2.7 Determining the Survival Models

2.7.1 Some Well Known Parametric models

The use of survival models has become increasingly important especially in

biomedical sciences (Lee & Wang, 2003). Survival models summarize the

survival pattern, suggest further studies, and generate hypothesis. Some well

known survival distributions include;

1. The exponential distribution:

The exponential distribution IS a one parameter distribution and

describes a survival with a constant hazard rate. A low hazard rate ( A)

indicating a low risk and long survival. For t ~ 0 A> 0, a survival

function that is said to be exponentially distribution is represented by

the following survival functions

f(t) = Ae-J.J

Set) = e-J.J

h(t) = A (2.28)

2. The Weibull distribution:

A Weibull distribution is characterized by three parameters; a the

location parameter, y the shape parameter and 7J the scale parameter:

This reduces to a two parameter Weibull distribution when the location

parameter, a, is assumed to be zero. The value of y determines the

shape of the probability density function (p.d.f.) and hence the hazard

rate; therefore the hazard rate could be increasing, decreasing or a

constant depending on the value of y. It can be used to model a
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survival that has an increasing, decreasing or constant risk. For

t e 0, r,'7 > 0, -00 :5 a :5 00, it's functions are

r-l (l-aJr
J(I) = ~( I~a) e- ,-
Set) = e -C~ar
h(l) = ~('~ar (2.29)

3. Log normal distribution:

The log-normal distribution is completely specified by two parameters

o and u, Time T cannot be zero since log T is not defined for T = O.

The log normal distribution is positive skewed and the greater the

value of (52 the greater the skewness. The parameters Il and (52 are in

that order, scale parameters and not location and scale parameters as in

the normal distribution (Lee & Wang, 2003). Fort> 0, u, (72 > 0, its

functions are

1(t)= ~exp[-~(lOgt_,u)2]
to' 27T 20'

1 cc 1 [ 1 ]S(t)= .J2~J-exp --2 (Iog x= zz)? dx
a 27T t X 20'

(2.30)

where ¢(.) is the standard normal distribution function.
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4. The log logistic distribution:

The log-logistic model is characterized by two parameters a and y.

When y> 1, the hazard has a value of zero, increases to its maximum

peak at t = (y - l)l/Y / allY, and then declines which is similar to the

log-normal. When y=1, the hazard starts at allY, and decreases

monotonically. When y<l, the hazard starts at infinity and then

declines which is similar to the Weibull. It can therefore be used to

model first increasing and then decreasing hazard or a monotonically

decreasing hazard. For t 2 0, r,a > 0, Its functions are

aytr-1

J(t) = (1 + atr)2

1
S(t)=--

1+ ca'
r-l

h(t) = ayt
1+ at' (2.31)

Several other distributions such as the Gomperzt, the Gamma, the linear-

exponential etc can also be used to model the survival distribution. In this

study, the only limitation put on the choice of model is that it should make

practical sense.

2.7.2 Survival Distributionjitting

Lee and Wang (2003) in explaining the challenge of survival modelling, assert

that "there are many physical causes leading to the failure or death of a person

at a particular time. It is very difficult if not impossible to isolate these

physical causes and account mathematically for them all. Therefore choosing a

theoretical distribution to approximate survival data is therefore as much an art
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as a science. In addition to the insight the hazard plot provides, two methods

are generally used in the determination of Survival distributions that best

describe a given set of data:

• Analytic procedures which is basically mathematical

• Graphical methods

2.7.2.1 The Analytic procedure

The analytic method requires that we first make assumption of the distribution

that the survival time follows, and the application of estimation techniques

such as the maximum likelihood estimates to determine the parameters of the

distribution. For example, if we assume tpt2, ••• ,tr,t;+p ...,t; to be the survival

times observered from n individuals, with r exact times and en - r) the right

censored times, and we further assume that the survival function follows a

distribution with the density function let, b) and survivorship function

Set, b), where b = (b., ...,bp) denotes unknown parameters b., ....b , in the

distribution, then for discrete survival distributions, let, b) represents the

probability of observing t and Set, b) represents the probability that the

r

survival or event time IS greater than t. the product IT f(ti, b) and
i=l

nIT Sit] ,b) represent the joint probability of observing the uncensored
i=r+l

survival times and those right censored survival times respectively. The

product of these two probabilities denoted by L eb) and called the likelihood

function is,
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r n

L(b) = ITfCti,b) IT SCttb)
i=1 i=r+1 (2.32)

and represents the joint probability of observing tpt2, ••• ,tnt;+I, ... ,t;. A

similar interpretation applies to a continuous Survival. Thus

r n

I(b) = log L(b) =I log[f(ti , b)] + I 10g[SCtpb)
i=1 i=r+1 (2.33)

A A A

Then the maximum likelihood estimate (MLE) b of b is the set of b., ..., bp

that maximizes I(b) :

I(b) = max(l(b))
all b (2.34)

2.7.2.2 The graphical procedure

Graphical methods on the other hand involve the graphical display of the

estimates which lead to the interpretation of the properties of the data. They

can be used either in place of or in conjunction with numerical analysis. The

import of the graphical methods is to plot the survival function itself or a

function of it, to see if it has a linear relationship with the distribution function

or the cumulative hazard function. If such a linear relationship exists, it will be

demonstrated in a straight line fit of the data. Thus the appropriate choice of

the survival model will lead to a straight line graph from which the estimates

of the parameters of the model can be found. For example, if the distribution

of event times is exponential, a plot of -logS(t) versus t should yield a

straight line. If event times have a Weibull distribution, a plot of

log [-logS(t)] versus log t should yield a straight line. Even non linear plots
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could still provide an idea into the data. Three types of graphical methods are

worth mentioning here:

1. Probability plotting

2. Hazard plotting and

3. Cox Snell residual method

All these methods require some pre knowledge of the pattern of the data,

which should guide the choice of an assumed distribution. The plot of the

hazard estimates is one such great help, which is used in this study. The

pattern of the hazard estimates plot, be they increasing or decreasing, at a rate

that is constant, fast, or slow, guides the choice of an appropriate model. For

example, if the pattern of the hazard plot is fairly constant, an exponential

distribution is assumed.

Probability plotting

A probability plot is constructed based on an assumed probability distribution.

It is so done such that if the assumed distribution is good, the graph of a

function of t (used as the y-axis) versus a function of the sample cumulative

distribution function (used as the x-axis), will be close to a straight line. The

parameters of the fitted distribution are then obtained from the straight line.

For example, if a Weibull distribution is assumed, its cumulative distribution

F(t) = 1- exp[ -(At)Y] t > 0, Y > 0, A > 0 (2.35)

Making t the subject of the formula,
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1 1 [ 1]logt = log;: + y log log i-P(t) (2.36)

Therefore a plot of logt against log {loge 1/[1 - F(t)])} will yield a straight

line graph with gradient l/y and intercept log (l/A) if the assumed

distribution is adequate. Similar plots can be developed for the different

distribution. The cumulative distribution function can be estimated from the

data by F(ti) = (i - O.5)/n or F(ti) = i/n + 1 for i = 1, ... , n where i is

the order of the time to event.

Hazard plotting

The hazard plotting (Nelson, 1972, 1982) is similar to the probability plotting.

The difference being that the survival function (or a function of it) is plotted

against the cumulative hazard function (or a function or it). They are designed

to handle censored data. For example, if an exponential distribution is

assumed, its hazard h(t) = A is a constant. Thus, its cumulative hazard

function is

H(t) = At

Hence time can be written as;

(2.37)

A plot of t against H (t) yields a straight line with slope 1/ A being the mean

survival time of the distribution. Similar plots can be developed for the various

distributions

Cox-Snell residuals

All these plots are based on the assumption that the sample is drawn from a

homogeneous population which implies that no covariates are related to
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survival time. This provides a challenge since it means a model that looks

good on the data may not fit well when covariates are taken into consideration.

Similarly a model that is rejected for lack of fit on the data could be

satisfactory when covariates are taken into account.

One solution to this problem is the use of residuals from the regression model

which takes into account the covariates in judging model fit and allow a single

type of transformation and plot regardless of the model fit. There are several

such residuals. The Cox-Snell residual (Cox & Snell (1968)) defined as

e, = -logS(tdxa where ti is the observered event time or censoring time for

individual i, Xi is the vector of covariate values for individual i, and Set) is

the estimated probability of surviving to time t, based on the fitted model. If

the fitted model is good, the ei IS have approximately an exponential

distribution with parameter A = 1. Thus, a plot of -logS(t) against ei will

yield a straight line, with a slope of 1 with 0 as the origin.

2.8 Composite Modelling

In the joint study of maternal and child survival, at any particular time, there

are four options:

1. That mother survives while the child dies at a particular time

2. That child survives while mother dies at a particular time

3. That both mother and child die at a particular time

4. That both mother and child survive at a particular time
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Each of these options is assumed to change with time and is therefore a

function of time. We assume for our study that the times at which death occurs

for each of these options are a realization of a random process.

Basic theory in probability is used to develop the probability that both mother

and child would survive to a particular time; the probability that a mother

survives to a particular time point when she has lost her child; the probability

that a child will survive to a particular time point when he/she has lost her

mother; and the probability that both mother and child will die by a particular

time point. This is possible because the survival functions Set) is a probability

function.

2.8.1 Probability theory in developing the Models

Let A and B be defined events in a sample space S: then from basic

probability theory, if A and AI are complementary events in the sample space

S, then

peAl) = 1- peA) (2.38)

Also, if eA) * 0, then

peA n B)
peBIA) = peA)

peA n B) = peA) x peBIA) - (2.39)

But if A and B are independent, then

peA n B) = peA) x peB) (2.40)

Since for independent events, peB) = peBIA)
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Thus if we define two events A and B, with probabilities PCA) and PCB), we

can develop their joint probability, PCA n B), by using equation 2.39 or

equation 2.40 (depending on whether the events are independent or not).

This theory forms the basis for developing the composite models for mother

and child when the individual events of maternal and child survival (or

mortality) are defined.
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CHAPTER THREE

METHODOLOGY

3.0 Introduction

In this chapter, we consider the preparation of our data for the application of

survival analysis techniques, and how this technique is used to model maternal

and child survival. We also discuss the use of probability theory to determine

their joint probabilities and hence develop composite models.

3.1 Study Location

Ghana is a country on the west coast of Africa, and located between latitudes

4° and 12° N and longitude 4° Wand 2° E. Boarded by Togo on the east,

Ivory Coast on the west, Burkina Faso on the North and the Gulf of Guinea

(Atlantic Ocean) on the south, Ghana is the closest country to the "centre" of

the earth with the prime meridian passing through it.

The population of Ghana is 24 million with over 100 ethnic groups; females

are slightly more than males. It has a total land mass of 238,500 square

kilometres (92,085 miles) and population density of 80 per square kilometre.

Ghana employs approximately 40 percent of its people, mainly in the

agricultural sector. It is a highly religious country with 69 percent Christians

and 15.6 percent Muslims. While Christianity is the main religion in southern

areas, Islam remains popular in the Northern Regions. Administratively,

Ghana is divided into 10 regions made up of a total of 170 districts.
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Fig 3.1 Political Map of Ghana. Reprinted from Maps of World,

www.mapsofworld.com/ghana/ghana-political-map.html.

Copyright ©2009 www.mapsofworld.com.

3.2 Data Set

The data for this study was obtained from the Ghana statistical Service and

was collected in the Ghana Maternal health survey 2007 (GSS; GHS; Macro

Interntional, 2009). The Survey was jointly implemented by the Ghana

Statistical Service and the Ghana Health Service with technical assistance

from the Macro International, a U.S.A based company.

The Survey which was the first of its kind in Ghana is considered the first

nationally representative survey to collect comprehensive information on

maternal morbidity and mortality in the country. The multi phase approach of

collecting the required information had two phases. In phase one field officers
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went through a sample of 240,000 households across Ghana to obtain

information on all deaths in the households especially maternal deaths; this

sample was chosen randomly and a total of 4,203 women aged 12 to 49 were

identified as dead in these households. In phase two, a verbal autopsy of all

deaths identified in phase one was conducted using the sisterhood method.

Also in phase two, information was collected from a sub sample of 10,370

women aged 15-49 years on a wide range of maternal health issues pertaining

to pregnancies, live births, abortions and miscarriages, utilization of health

services in relation to these events and sibling history. In 2006 some regions,

Greater Accra, Ashanti and Eastern Regions, received some interventions

(known as the R3M Program) to reduce maternal mortality and morbidity. In

this study, special attention is therefore focused on these regions for

comparative purposes: These regions are known as the R3M regions in this

study.

The wide coverage and large size of this data makes it very attractive since

that gives a clearer picture and allows for better comparisons. The use of the

data was however not exempt from the general problems of using secondary

data which include unsuitable concepts and definitions for the purpose of this

study; insufficient items of information to provide all the data needed,

especially for the covariates; inaccurate or careless compilation of some data,

etc. however, the technical efficiency of the staff of the statistical and health

services, made the inaccuracies and carelessness very small. Most of the

problems associated with unsuitable concepts and definitions were overcome

by manipulating the data to derive the needed variables: The covariates that

one could explore with, was however limited.
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Survival analysis typically follows a group of people from beginning to the

end of a study to observe when each member of the group will fail: This

cohort is known as a stationary cohort. However, the challenges of following a

group of people to find out when each will fail can be very herculean. When

the time of study is shortened, not enough failure may be observed in order to

develop a significant pattern; and when the time is prolonged, the waiting time

to getting the data could be very long. Like most experimental research, there

is also the argument regarding the extent to which the results can be

generalized, since the data belonging to a specific group of people could be

unrepresentative of current trends. The moving or cross sectional cohort is the

solution to these two problems. With this method, a single cross section of

time is used and manipulated to represent a cohort. Thus, different individuals

may have different start points within the selected study time frame: this is the

method employed in this study with 2002 to 2007 being the selected time

frame.

3.2.1 Deriving the variables

In other to estimate survivorship, the variable needed is the time to death, for

the dead, and the period of observation, for those alive. These data must

however be classified as censored (for those not dead) and uncensored (for

those dead). For the study on child survival, these are derived as follows:

• For child, infant and Neonatal survival, this variable is defined as the

age of a child at death for uncensored data and the age of a child at the

date the data was collected for censored data. It is measured in years

for a child, months for an infants and days for a neonate.
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• For foetal survival, it is defined as the age of the foetus at death for

uncensored data and the age of the foetus at the date (measured in

months) that the data was collected, for censored data.

Since for each mother the total pregnancy and birth history was collected, this

derivation was only done after a careful scrutiny of each pregnancy and birth

for each of the 10,370 women questioned, to make sure that only those within

the 2002 to 2007 period were considered.

For maternal survival, a combination of the data for the verbal autopsy of the

4,203 women identified as dead in the survey and the 10,370 women

interviewed was used. Since the second phase was a sub sample of the first

phase, out of the 4,203 death identified in phase one, only those deaths that

matched the sampled household in phase two were considered. Of these

selected deaths and women interview, only maternal death within the Six year

period 2002 to 2007, and women who were pregnant within this period were

used. It is these data that are combined to get the uncensored data as the period

from pregnancy to death, for those dead, and the period from pregnancy to

date data was collected for those alive: All the data were collected in months.

Since the data of birth (for children, infants and neonates) and the period of

conception (for mothers and foetus) are known, all censored data are

considered right censored since only the time of death may not have occurred

within the period of observation. It is these derived time variables, for both

censored and uncensored, that we use to estimate the survivorship, model the

survival function (and consequently its probability density function and hazard
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models) and with the help of the covariates, tests differences in survival and

perform regression analysis.

3.2.2 Some Covariates Used In This Study

Some Covariates were collected and used in the cross classification of the time

variables. These Covariates were then used to test the difference in survival

and to perform the regression on the survival function to identify prognostic

factors. The Covariates and their levels are given below:

Table 3.1: Covariates used in this study

Variable Data Type Levels

1 Region Categorical 10

2 R3MRegion Categorical 2

3 Urban! Rural Categorical 2

4 Type of Town Categorical 4

5 Age of Mother at birth (cat) Categorical 5

6 Mother Ever schooled Categorical 2

Highest Educational level of

7 mother Categorical 4

8 Mother's Religion Categorical 3

9 Month of Birth Categorical 12

10 Year of Birth Categorical 6

11 Sex of Child Categorical 2

12 Birth Number of child Categorical 15

13 Mother ever Miscarriage Categorical 2

14 Mother ever aborted Categorical 2

15 Mother Ever Given Birth Categorical 2

16 Single or Multiple birth Categorical 2

17 Age of Mother at birth Numeric

18 Mother's total number of Births Numerical
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The use or otherwise of a particular covariate to test for difference in survival,

depends on whether data collected on the covariate was sufficient to perform

the test and how well the co-variable is thought to be associated with it.

3.3 Application of Survival Analysis Methods

In estimating the survival function Set), we assume that the times at which the

events (deaths) occur are a realization of some random process; thus maternal

and child survival are a probabilistic or stochastic process. The time to death

for any individual, T, for both maternal and child survival, is therefore a

random variable having a probability distribution I(t) and consequently a

cumulative distribution function F(t) and from which the hazard function

h(t), can be found.

3.3.1 Survival Estimates

In this study, non-parametric methods are used to estimate the survival at any

time t. The non parametric methods is used because, the distribution of the

survival time is not known, and the nonparametric estimates themselves, will

provide a good guide into the choice of an appropriate model. In particular,

since our data is large, we use the life table technique as described in section

2.5.2. Except for the neonatal survival where the time interval is 2 years, all

intervals are 1 year. This makes the life table estimate as close as possible to

the Kaplan-Meier estimate.

3.3.2 Identifying risk/actors

The Log-rank test (Peto & Peto, 1972) which measures the difference in

survival for the different groups at each of the given time is used in this study.
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The Cox model is also used to regress the possible risk factors on the hazard

since no assumption is made on the model at this stage. These techniques are

well described in sections 2.6.1 and 2.6.2.1 respectively.

3.2.3 Survival distribution fitting for Maternal and Child Survival

This study employs graphical methods to develop the models. In particular,

the Hazard plotting technique (described in section 2.7.2.2 ) is used since they

are designed to handle censored data. The plot of the hazard estimates is also

used to guide the choice of an appropriate model. Once the models are

determined, the properties and functions are derived.

3.2.3.1 Assumptions for the models

In this Study, we make assumption that the child, Infant and neonatal survival

are adequately described by the log logistic model. We also work with the

assumption that the foetal and maternal survivals are adequately described by

the Weibull distribution. These assumptions are made, based on well known

pattern of their hazard supported by the pattern for the Ghana maternal health

2007 survey data.

For the Child, Infant and Neonatal survivals that assume the log logistic

model, we further assume that, they are completely specified by two

parameters y and a, which are shape and scale parameters such that y, a > O.

Also, time T ;;:::0, so that the location parameter is set to zero (thus a two

parameter log logistic model is assumed).
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For the Weibull distribution that describes maternal and foetal survival, we

make the assumption that the location parameter is zero so that it is completely

described by two parameters y and A, both y, A> O. Further more T 2::O.

These initial assumptions make it possible for us to estimate the parameters of

the assumed distribution using the hazard plotting technique.

3.2.3.2 Application of the hazard plotting technique

The Hazard function of a Survival function that has a Weibull distribution, is

given by

h(t) = AY(Aty-l (3.1)

and its cumulative hazard function is

H(t) = (AtY (3.2)

hence

1 1
log t = log~ + y log H(t) (3.3)

Which is a straight line relationship between log t and log H(t). A graph of

logt verses 10gH(t),will give log~ as the intercept, and i/y as the slope and

hence the parameters y and A.

The Log logistic model hazard

h(t) = aytY-
1

l+atY
(3.4)

and a cumulative hazard function as
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H(t) = log(1 + atY) (3.5)

thus

1 1
logt = -log(exfJ[H(t)] -1) - -loga

Y Y (3.6)

A plot of log t verses 10g(exp[H(t)] - 1) will give 1/y as the gradient from

1which y can be obtained, and - -log a as intercept form which a can be
Y

obtained.

3.4 The Kolmogorov-Smirnoff Goodness of Fit Test

This is a test of the hypothesis that two samples of data have arisen from the

same distribution, against the alternative that the underlying distributions are

different. The test statistic is the maximum absolute difference between their

cumulative distribution functions. The hypothesis being tested is:

Ho: Observed and expected data come from the same distribution

H1: The observed and expected data come from different distributions

To test for the significance of the assumed models, the observed survival

probabilities are tested against the expected survival probability generated

from the assumed models using the Kolmogorov-Smirnoff (K-S) test.

All the Cumulative density functions needed for the K-S test are generated

from the survival distributions from equation 2.2: i.e. F(t) = 1 - Set).

3.5 Application of Probability Theory

Let x represent child survival and y represent maternal survival. In this study

we define P(xly) to be the probability that a Child survives from conception
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to time t given that the mother has survived to that time and P(y) to be the

probability that a Mother survives from conception to the time t. We also

define P(x n y) to be the probability that mother and child both survive from

conception to the time t. Then from equation 2.39, at any time t

P(x n y) = P(xly) x P(y) (3.7)

P(x' n y) = P(x'ly) x P(y) (3.8)

P(x' n y') = P(x'ly') x P(y') (3.9)

where P(x'ly), is the compliment of P(xly) and defined as the probability

that a child does not survive to time t given the mother survived and similarly

P(y') the probability that a mother does not survive to time t. Using equation

2.38, we find the compliments P(x' Iy) and P(y') as

P(x'ly) = 1- P(xly) and P(y') = 1- P(y) (3.10)

But during pregnancy, P(x'ly') = 1 hence P(x' n y') = P(y')

P(x n y') = P(xly') x P(y') or P(y'lx) x P(x) (3.11 )

Wh P( ') {O O~t<9,duringpregnancyere x n y = .~ 0 t ~ 9, l. e. after pregnancy

Since P(y' [x) = P(xly') = 0 during pregnancy.

At any time t, these probabilities have the properties;

o s P(x n y),P(x' n y), P(x n y')and P(x' n y') s 1

z = P(x ny) + P(x' n y) + P(x n y') + P(x' n y') = 1

We recall that by definition;
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P(xly), the probability that a Child survives from conception to the time t

given that the mother has survived is foetal survival during pregnancy and

child survival after birth and P(y), the probability that a Mother survives from

conception to that time t is maternal survival.

Since the survival probabilities for mother and for child from conception are

both determined in this study, they are used to theoretically develop the

probability of both mother and child surviving to each time point. The foetal

and Child Survivals are conditional survival since foetal and child survival

information were collected from living mothers only.

3.5.1 Developing the Composite Models

Using equations 3.7, 3.8, 3.9, 3.11 the probability of joint survival to any

given time, are determined using the probability of survival for mother and

that for child. These are derived and summarized in a protective table that

summarises and gives an instant picture of the joint risk at any time.

Composite models for each of the four composite options are developed, based

on the pattern of their expected values at each time point (from the protective

table) and their probabilities as in equations 3.7, 3.8. 3.9 and 3.11. Once the

models are developed, their properties are also determined. We then simulate

various values of these parameters (within the domain), to demonstrate how

changes in these parameters will affect the joint survivals. Parameters of the

developed models for the Ghana maternal health 2007 data are estimated using

probability plotting as described in section 2.7.2.2.
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3.6 Mann-Whitey Test

We apply the Mann-Whitney test to evaluate our models. The test which is

designed to test the Null hypothesis that two populations have identical

distribution functions against the alternative hypothesis that the two

distribution functions differ only with respect to location (median), if at all, are

used to test whether two samples come from the same distribution. The Mann-

Whitney test takes the difference between mean ranks of these two samples as

the statistic and does not require the assumption that the differences between

the two samples are normally distributed. The test involves the calculation of a

statistic, usually called U, whose distribution under the null hypothesis is

known. In the case of small samples, the distribution is tabulated, but for

sample SIzes above 20 there is a good approximation using the normal

distribution.

In this study, the observed estimates from the Ghana data are compared to the

results that our models produce.
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CHAPTER FOUR

RESULTS

4.0 Introduction

This chapter contains the results of each stage of our modelling process for

both maternal and child survival, as well as the composite models. By

applying survival techniques, we first find the survival estimates and develop

models for both maternal and child survivals. We then apply probability

theory to develop the joint probabilities and then determine the composite

models for the pregnancy period. By varying the parameters of our models, we

demonstrate how changes in these parameters affect the models.

4.1 Empirical Results

The 2007 Ghana Maternal and Health data consists of 10,370 women across

Ghana of which 7,528 have ever given birth; 5,034 of them since 2002 which

we use in this study. The Regional distribution is summarized in Table 4.1

below. Of the 5,034 women who have given birth since 2002,56.65 percent of

them live in the rural community and 68.88 percent have ever attended school.

A total of 13,529 children were born to the 10,370 women. Between the year

2002 and 2007, the sampled women had a total of 5,515 pregnancies leading

to 7,650 children being born since 2002. Of these births since 2002, 3,866 of

them were males (50.54 percent) and 3,784 females (49.46 percent). 504 ofthe

births since 2002 have died (6.59 percent): 368 of them in the first year and

236 in the first month. That is, a child mortality rate of 6.6 per 100, an infant

mortality rate of 4.8 per 100 and a neonatal mortality rate of 3.1 per 100. The
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decreasing trend in the number of child deaths over the years is shown in Fig

4.1.
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Fig 4.1 Trend of Number of Child deaths

2007

Table 4.1 Regional distribution of sampled mothers

Region of Ever given birth since January 2002

residence No Yes Total

Western 223 385 608

Central 226 439 665

Greater Accra 522 637 1159

Volta 206 406 612

Eastern 403 734 1137

Ashanti 397 850 1247

Brong Ahafo 230 488 718

Northern 105 541 646

Upper East 102 308 410

Upper West 80 246 326

Total 2494 5034 7528

A total of 4,203 maternal deaths were observed in the period 2002 to 2007,

2,495 of them (59.36 percent) in the rural community. Out of the 4,203 deaths,
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21.22 percent did not want to be pregnant and 9.40 percent wanted to end their

pregnancy. Of the deaths that happened during pregnancy, 67.03 percent of

them occurred in the third trimester. 20.67 percent of the total deaths happened

during labour. The increasing trend in number of maternal deaths followed by

a sharp decline in 2007 is shown in Fig 4.2. Of the 4,203 maternal deaths

observed, 945 of them occurred within the phase 2 sampled clusters; this is

what we use in this study. The MMR per UN formula (equation 2.2) for our

sample is thus 12.35 percent and the MMR per the expected formula

(Nuamah, 2007) is 17.14 percent.
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I'll 400E-0... 200QJ
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Year
2007 2008

Fig 4.2 Trend of Number of Maternal deaths

4.2 Estimates of Survival Functions

Survival estimates were developed using the Life table technique and these are

displayed in tables and plots for each of the child and maternal survival

categories.
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4.2.1 Child Survival

The estimates of survival, hazard and probability density function of the child

at the selected time points are displayed in Table 4.2 below. This shows that

the hazard decreases with time as shown in the hazard plot (see appendix A).

Thus child survival decreases at a decreasing rate as shown in the survival plot

(Fig 4.3). This leads us to the assumption of the log logistic model for child

survival.

The Survival Analysis of our data shows that in Ghana, over 90 percent of

children survive the first five years of life (approximately 91.7%); under-five

deaths is therefore estimated to be 9.3%. The first year of life is the most risky

period, where over 5% of children born lose their lives (approximately 5.5%)

i.e. over 65% of children who will lose their lives in the first five years, do so

in the first year. The risk of dying is about 5 times the second and third year

and over 7.5 times any other period.

Table 4.2. Child Survival Estimates

Age

Interval Probability Survival

(Years) of failure S.E. Probability S.E. Hazard S.E. Density S.E.

o to I 0.05304 0.00269 0.94696 0.00269 0.05449 0.00284 0.05304 0.00269

I to 2 0.01191 0.00149 0.93568 0.00301 0.01198 0.00151 0.01128 0.00141

2 to 3 0.01168 0.00169 0.92475 0.00337 0.01175 0.00171 0.01093 0.00159

3 to 4 0.00717 0.00160 0.91812 0.00366 0.00720 0.00161 0.00663 0.00148

4 to 5 0.00125 0.00088 0.91697 0.00374 0.00125 0.00088 0.00115 0.00081
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4.2.2 Infant Survival

Similar to that of child survival, the infant survival table as shown below

(Table 4.3) shows a hazard trend that is decreasing over time and a survival

that decreases at a decreasing rate as shown in the plot (Fig 4.4). The trend of

the hazard is better depicted in the hazard plotting as shown in the appendix.

Consequently our assumption of the log logistic model is not far-fetched.

Within the first year of life, the first month is the most risky month with a risk

level of over 10 times higher than any other period except the third to fourth

year. Approximately 3% of children lose their lives in this period, i.e. a third

of the total lives lost in the first five years of life and 60% of the lives lost in

the first year.
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Table 4.3. Infant Survival Estimates

Age Probability

Interval Probability of

(Months) offailure S.E. Surviving S.E. Hazard S.E. Density S.E.

o to 1 0.02907 0.00193 0.97093 0.00193 0.02950 0.00198 0.02907 0.00193

I to 2 0.00206 0.00053 0.96893 0.00199 0.00207 0.00053 0.00200 0.00052

2 to 3 0.00211 0.00054 0.96688 0.00206 0.00211 0.00054 0.00204 0.00053

3 to 4 0.00402 0.00076 0.96300 0.00217 0.00403 0.00076 0.00389 0.00073

4 to 5 0.00176 0.00051 0.96130 0.00223 0.00176 0.00051 0.00169 0.00049

5 to 6 0.00135 0.00045 0.96001 0.00226 0.00135 . 0.00045 0.00130 0.00043

6 to 7 0.00214 0.00057 0.95795 0.00232 0.00214 0.00057 0.00206 0.00055

7 to 8 0.00203 0.00056 0.95600 0.00238 0.00204 0.00056 0.00195 0.00054

8 to 9 0.00192 0.00055 0.95417 0.00244 0.00192 0.00055 0.00183 0.00053

9 to 10 0.00228 0.00061 0.95200 0.00250 0.00228 0.00061 0.00217 0.00058

10 to II 0.00166 0.00052 0.95042 0.00254 0.00166 0.00052 0.00158 0.00050

11 to 12 0.00067 0.00034 0.94978 0.00256 0.00067 0.00034 0.00064 0.00032

100
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•• 98
e~u•..
~Q. 97

96

95
a 2 4 6 8

Age of Child (Months)

Fig 4.4: Infant Survival Plot

10 12

4.2.3 Neonatal Survival

Neonatal survival (survival within the first month of life) has a pattern that

follows the same trend as that for child and infants as shown in Table 4.4
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below and depicted in Fig 4.5: consequently our assumption of the log logistic

model.

Approximately 2.5 percent of children born lose their lives in the first week of

life and this represents over 85 percent of lives lost in the first month, over 50

percent of lives lost in the first year and 30 percent of lives lost in the first five

years of life. Thus a focus on the first week of life could reduce child, infant

and neonatal mortality by as much as 30, 50 and 85 percent respectively.

Table 4.4 Neonatal Survival Estimates

"

Age

Interval Probability Survival

(Days) of failing S.E. probability S.E. Hazard S.E. Density S.E.

o to 2 0.01543 0.00141 0.98457 0.00141 0.00778 0.00072 0.00772 0.00070

2 to 4 0.00532 0.00084 0.97933 0.00163 0.00266 0.00042 0.00262 0.00041

4 to 6 0.00294 0.00063 0.97645 0.00173 0.00147 0.00031 0.00144 0.00031

6 to 8 0.00268 0.00060 0.97383 0.00183 0.00134 0.00030 0.00131 0.00029

8 to 10 0.00027 0.00019 0.97357 0.00183 0.00013 0.00010 0.00013 0.00009

10 to 12 0.00054 0.00027 0.97305 0.00185 0.00027 0.00013 0.00026 0.00013

12 to 14 0.00013 0.00013 0.97292 0.00186 0.00007 0.00007 0.00007 0.00007

14 to 16 0.00108 0.00038 0.97187 0.00189 0.00054 0.00019 0.00052 0.00019

16 to 18 0.00000 0.00000 0.97187 0.00189 0.00000 * 0.00000 *
18 to 20 0.00000 0.00000 0.97187 0.00189 0.00000 * 0.00000 *
20 to 22 0.00054 0.00027 0.97134 0.00191 0.00027 0.00014 0.00026 0.00013

22 to 24 0.00000 0.00000 0.97134 0.00191 0.00000 * 0.00000 *
24 to 26 0.00000 0.00000 0.97134 0.00191 0.00000 * 0.00000 *
26 to 28 0.00014 0.00014 0.97121 0.00191 0.00007 0.00007 0.00007 0.00007

28 to 30 0.00014 0.00014 0.97108 0.00192 0.00007 0.00007 0.00007 0.00007
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4.2.4 Foetal Survival

During the pregnancy period, approximately 84 percent of women who get

pregnant will carry the pregnancy safely to birth. In Ghana 77 percent of all

pregnancies lost occur in the first four months and a pregnant woman has a

probability of 0.12 of losing her pregnancy in this period.

Table 4.5 Foetal Survival Estimates

Interval

from

conception Probability Survival

(months) of failing S.E. probability S.E. Hazard S.E. Density S.E

o to 1 0.00100 0.00032 0.99900 0.00032 0.00100 0.00032 0.00100 0.00032

I to 2 0.03816 0.00192 0.96088 0.00194 0.03890 0.00199 0.038q 0.00192

2 to 3 0.04733 0.00217 0.91540 0.00279 0.04848 0.00228 0.04548 0.00209

3 to 4 0.04069 0.00208 0.87816 0.00328 0.04153 0.00217 0.03724 0.00191

4 to 5 0.01623 0.00137 0.86391 0.00345 0.01636 0.00139 0.01425 0.00120

5 to 6 0.00912 0.00104 0.85603 0.00353 0.00916 0.00105 0.00788 0.00090

6 to 7 0.00833 0.00101 0.84890 0.00361 0.00836 0.00101 0.00713 0.00086

7 to 8 0.00437 0.00074 0.84519 0.00364 0.00438 0.00074 0.00371 0.00063

8 to 9 0.00317 0.00063 0.84251 0.00367 0.00318 0.00064 0.00268 0.00054
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4.2.5 Maternal Survival

Maternal survival is depicted in Fig 4.7 below. It shows a survival that is

decreasing at an increasing rate; a result of a hazard that increases at an

increasing rate (see Appendix A). We therefore make assumption of a Weibull

model.

Table 4.6 below summarises the survival estimates and shows that in Ghana

92 percent of pregnant women make it through to delivery and 83 percent to

the end of the postpartum period; that gives a maternal mortality of 17 percent.

Thus approximately 10 percent lose their lives during the first month after

delivery. This represents over 50 percent of maternal deaths making the first

month after delivery the most risky of the postpartum period.
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Table 4.6 Maternal Survival Estimates

Time from

conception Probability Survival

(month) of failure S.E. probability S.E. Hazard S.E. Density S.E.

o to I 0.00000 0.00000 1.00000 0.00000 0.00000 * 0.00000 *
I to 2 0.00000 0.00000 1.00000 0.00000 0.00000 * 0.00000 *
2 to 3 0.00131 0.00131 0.99869 0.00l3l 0.00131 0.00131 0.00131 0.00131

3 to 4 0.01908 0.00524 0.97964 0.00539 0.01926 0.00534 0.01905 0.00523

4 to 5 0.00519 0.00299 0.97456 0.00611 0.00520 0.00300 0.00508 0.00293

5 to 6 0.00833 0.00415 0.96643 0.00728 0.00837 0.00418 0.00812 0.00404

6 to 7 0.01042 0.00518 0.95637 0.00878 0.01047 0.00524 0.01007 0.00501

7 to 8 0.02091 0.00845 0.93637 0.01179 0.02113 0.00862 0.01999 0.00808

8 to 9 0.01554 0.00890 0.92182 0.01429 0.01567 0.00904 0.01456 0.00834

9 to 10 0.09778 0.02800 0.83168 0.02886 0.10280 0.03096 0.09013 0.02585
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Fig 4.7: Maternal Survival Plot

4.3 Identified Risk Factors

4.3.1 Test of Difference of Survival functions

A summary of the log-rank test conducted to determine whether survival

differs for the levels of each of the factors considered, are summarised in the

tables below.
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4.3.1.1 Child Survival Analysis

The log-rank tests summarised in Table 4.7 below show that, Child Survival is

associated with where one stays such as: Region, UrbanlRural and Type of

town. It is also concerned with whether one received the government

intervention (R3M region), whether the mother had ever been to school, the

mother's religion, Sex of child, whether the birth was a single or multiple one

and the mother's experience in child birth.

Table 4.7: Log-Rank Test of Differences in Child survival

Variable X2 Value D. F.* P-Value

1 Sex of Child 2.88167 1 0.090

2 R3M Region 8.02280 1 0.005

3 Urban! Rural 7.03930 1 0.008

4 Mother Ever schooled 5.90580 1 0.015

5 Single or Multiple birth 34.86990 1 0.000

6 Type of Town 12.00080 3 0.007

7 Mother's religion 9.13497 3 0.028

8 Age of Mother at birth 1.03004 4 0.794

9 Region 23.13380 9 0.006

10 Mother's total number of Births 38.77870 14 0.000

11 Birth Number of child 17.40430 14 0.235

*D.F. means degree of freedom

4.3.1.2 Infant Survival Analysis

In addition to the factors associated with child survival, the first year of life is

also associated with mother's religion, Sex of child and whether the mother

has ever schooled (Table 4.8 below).
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Table 4.8: Log-Rank Test of Differences in Infant survival

Variable X2 Value D.F P-Value

1 Sex of Child 3.08091 1 0.079

2 R3MRegion 6.64165 1 0.010

3 Urbani Rural 3.70075 1 0.054

4 Mother Ever schooled 2.92085 1 0.087

5 Single or Multiple birth 62.23400 1 0.000

6 Type of Town 11.51900 3 0.009

7 Mother's religion 5.53924 3 0.136

8 Age of Mother at birth 3.58475 4 0.465

9 Region 25.73830 9 0.002

10 Birth Number of child 14.87040 14 0.387

11 Mother's total number of Births 42.01170 14 0.000

4.3.1.3 Neonatal Survival Analysis

In the first month of life, only type of town, birth experience of mother and

single or multiple births are associated with Child survival as summarised in

the table below (Table 4.9). Sex of child, Region and R3M region are slightly

above our acceptable threshold of 5 percent.
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Table 4.9: Log-Rank Test of Differences in Neonatal survival

Variable X2 Value D.F P-Value

1 Sex of Child 3.69934 1 0.054

2 R3MRegion 3.77797 1 0.052

3 Urbani Rural 1.08972 1 0.297

2 Single or Multiple birth 57.03510 1 0.000

5 Mother Ever schooled 0.34727 1 0.842

6 Type of Town 8.48048 3 0.037

7 Mother's religion 1.38783 3 0.708

8 Age of Mother at birth 2.17377 4 0.704

9 Region 16.72270 9 0.053

10 Birth Number of child 22.32650 14 0.072

11 Mother's total number of Births 34.52770 14 0.002

4.3.1.4 Foetal Survival Analysis

All variables tested are significantly associated with foetal survival as depicted

in the Table 4.10 below. Thus the place of residence such as; Region, Urban or

Rural, type of Town, the Mother's characteristics such as: Age of mother at

birth of child, Religion, ever had a miscarriage, still birth, aborted or given

birth, and ever attended school as well as whether the mother had received

government intervention, all affect the survival of the foetus. Perhaps this is

because, the life of the foetus can be affected directly or through the mother.
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Table 4.10: Log-Rank Test of Differences in Foetal survival

Variable X2 Value D.F P-Value

1 R3M Region 127.64000 1 0.000

2 Urban! Rural 243.88400 1 0.000

3 Mother Ever schooled 201.12100 1 0.000

4 Ever Given Birth 1336.36000 1 0.000

5 Ever had a Miscarriage 1362.28000 1 0.000

6 Ever aborted 1673.04000 1 0.000

7 Ever had a still birth 156.07000 1 0.000

8 Mother's religion 128.04600 3 0.000

9 Type of Town 279.14400 3 0.000

10 Age of Mother at birth 28.17360 4 0.000

11 Region 261.98000 9 0.000

4.3.1.5 Maternal Survival Analysis

Type of town, number of birth, ever given birth and marital status of the

woman are all associated with maternal survival during the pregnancy period.

This is summarised in the Table 4.11 below.

Table 4.11: Log-Rank Test of Differences in Maternal survival

Variable X2 Value D.F P-Value

1 Ever Given Birth 4.57635 1 0.032

2 R3M Region 0.26477 1 0.607

3 Urban! Rural 1.27181 1 0.259

4 Mother Ever schooled 0.10888 1 0.741

5 Marital Status 6.11932 3 0.047

6 Type of Town 19.12600 3 0.000

7 Age of Mother at birth 6.26820 4 0.180

8 Mother's total number of Births 111.64800 8 0.000

9 Region 6.17270 9 0.723
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4.3.2 Non Parametric Regression Results

The regression to quantify and model the relationship between the risk factors

and the hazard, and hence survival, of child and maternal survival are shown

in the Cox regressions below.

4.3.2.1 Child Cox regression

The Child Cox regression below (Table 4.12) shows the measure of the

relative risks as well as their significance (sig). Among other things, there are

no significant differences among the regions for child survival except for the

Volta Region (region 9) which is significantly different from the Western

Region. The risk of child mortality is lower (56.2 percent that of the western

Region). The other variable that is significantly different is whether the child

is single or multiple birthed. Cox Regression estimates that a child that is

multiple birthed has 2.3 times the risk of dying at any age in the first five years

as compared to a single birthed child.
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Table 4.12 Child Cox regression results

f3** S.E. Wald D.F. Sig. Exp(f3)

Region 15.560 9 0.077

Region(1) -0.157 0.192 0.667 1 0.414 0.855

Region(2) -0.042 0.203 0.043 1 0.835 0.959

Region(3) 0.062 0.202 0.095 1 0.758 1.064

Region(4) -0.376 0.202 3.476 1 0.062 0.686

Region(5) -0.282 0.245 1.325 1 0.250 0.754

Region(6) -0.108 0.210 0.267 1 0.606 0.897

Region(7) -0.436 0.255 2.930 1 0.087 0.647

Region(8) -0.360 0.268 1.805 1 0.179 0.697

Region(9) -0.577 0.242 5.690 1 0.017 0.562

Type of Town 6.456 3 0.091

Type of Town(1) -0.119 0.222 0.288 1 0.592 0.888

Type of Town(2) 0.199 0.124 2.573 1 0.109 1.220

Type of Town(3) 0.474 0.289 2.692 1 0.101 1.606

Ever Schooled 0.616 2 0.735

Ever Schooled(1) -6.059 71.729 0.007 1 0.933 0.002

Religion Categorized 3.170 3 0.366

Religion Categorized(l) -0.285 0.199 2.056 1 0.152 0.752

Religion Categorized(2) -0.130 0.206 0.398 1 0.528 0.878

Religion Categorized(3) -0.097 0.249 0.152 1 0.696 0.907

Line Number of child -0.027 0.031 0.752 1 0.386 0.973

Single or Multiple births 0.850 0.152 31.124 1 0.000 2.339

Sex of child -0.141 0.090 2.468 1 0.116 0.868

Age of mother at birth of
-0.006 0.011 0.342 1 0.559 0.994

child

* * ~ are the regression coefficients

4.3.2.2 Infant Cox Regression

Cox Regression of the first year of life, as shown in Table 4.13, indicates that

infant survival among Children whose Mothers are Christians (Religion
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categorised 1) are better. They have a 27.8 percent less risk of dying than

those of other religions excluding Christians and Moslems (Religion

categorised) and this is significant. Children whose Mothers are Moslems

(Religion categorised 2), also have 22.7 percent less risk of dying than those

of other religions excluding Christians and Moslems but this is not statistically

significant at 5 percent. Regionally, there are differences in Child survival.

Children of the Eastern Region (Region 4) and Volta Region (Region 9) have

43.1 percent and 44.2 percent less risk of dying respectively, to those of the

Western Region and this is statistically significant. Also in the first year of

life, a multiple birthed child is 3 times more likely to die than a single birthed.
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Table 4.13 Infant Cox regression results

(J S.E. Wald D.F. Sig. Exp({J)

QR3M 0.120 0.269 0.199 1 0.656 1.127

Ever Schooled 0.498 2 0.780

Ever Schooled(l) -6.212 101.167 0.004 1 0.951 0.002

Religion categorised 3.953 2 0.l39

Religion categorised(l) -0.326 0.165 3.921 1 0.048 0.722

Religion categorised(2) -0.258 0.190 1.840 1 0.175 0.773

Age of mother at birth of
-0.011 0.008 1.958 1 0.162 0.989

child

Single or Multiple births 1.185 0.157 57.367 1 0.000 3.272

Sex of child -0.165 0.105 2.464 1 0.116 0.848

Region 18.407 8 0.Ql8

Region(l) -0.039 0.222 0.031 1 0.861 0.962

Region(2) -0.073 0.234 0.096 1 0.756 0.930

Region(3) 0.l35 0.227 0.354 1 0.552 l.l44

Region(4) -0.564 0.273 4.288 1 0.038 0.569

Region(6) -0.192 0.242 0.630 1 0.427 0.825

Region(7) -0.513 0.300 2.924 1 0.087 0.598

Region(8) -0.481 0.322 2.229 1 0.135 0.618

Region(9) -0.583 0.273 4.562 I 0.033 0.558

Type of Town 7.518 3 0.057

Type ofTown(l) -00.188 0.253 0.549 1 0.459 0.829

Type of Town(2) 0.191 0.145 1.722 1 0.189 1.210

Type of Town(3) 0.611 0.316 3.749 1 0.053 1.843

4.3.2.3 Neonatal Cox Regression

Neonatal Regression as summarised below (Table 4.14), shows that children

from small Cities (Type of town 3) have approximately a 2.2 times higher risk

of dying than children from towns (type of town) which is significant. Those

from Large cities (type of town 1) and rural communities (Type of town 2)
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have approximately 1.1 and 1.3 times higher risk than those from towns, but

this is not statistically significant.

The risk of a child whose mother had never given birth before dying is

approximately 27.7 times that of a child whose mother had ever given birth

and a child who is multiple birthed is about 3.6 times more likely to succumb

to the force of death than a single born child.
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Table 4.14 Neonatal Cox regression results

fJ S.E. Wald D.F. Sig. Exp(fJ)

Region 14.969 9 0.092

Region(l) -0.226 0.319 0.503 1 0.478 0.797

Region(2) 0.149 0.327 0.207 1 0.649 1.160

Region(3) 0.463 0.310 2.228 1 0.136 1.589

Region(4) -0.440 0.336 1.711 1 0.191 0.644

Region(5) 0.247 0.358 0.475 1 0.491 1.280

Region(6) 0.152 0.334 0.206 1 0.650 1.164

Region(7) -0.082 0.400 0.042 1 0.837 0.921

Region(8) -0.162 0.432 0.141 1 0.707 0.850

Region(9) -0.201 0.359 0.314 1 0.575 0.818

Type of Town 5.315 3 0.150

Type ofTown(l) 0.064 0.324 0.039 1 0.844 1.066

Type of Town(2) 0.265 0.193 1.874 1 0.171 1.303

Type ofTown(3) 0.779 0.386 4.069 1 0.044 2.179

Ever Schooled 0.055 2 0.973

Ever Schooled(1) -6.542 143.129 0.002 1 0.964 0.001

Religion Categorized 0.517 3 0.915

Religion Categorized( 1) -0.205 0.299 0.468 1 0.494 0.815

Religion Categorized(2) -0.212 0.316 0.450 1 0.503 0.809

Religion Categorized(3) -0.192 0.392 0.242 1 0.623 0.825

Age of Mother at birth of
-0.006 0.010 0.379 1 0.538 0.994

child

Ever Given Birth 3.321 1.025 10.505 1 0.001 27.683

Single or Multiple births 1.276 0.194 43.442 1 0.000 3.583

Sex of child -0.252 0.136 3.406 1 0.065 0.777

4.3.2.4 Foetal Cox Regression

There are significant differences in foetal survival among the regions. The

Brong Ahafo (Region 2), Eastern (Region 4), Northern Region (Region 6) and
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Upper East Region (Region 7) have significantly lower risk than the Western

Region: they have approximately 25.6, 28.2, 31.4 and 41.8 percent less risk of

survival than the western Region, respectively.

The risk of losing a baby by a woman who has ever aborted is 3 times that of a

woman who has never aborted, while a woman who has ever had a

miscarriage has 2.2 times the risk of the one who has never had a miscarriage.

A woman's risk of losing her foetus increases by 2 percent with every

additional age of mother. These results are summarised in Table 4.15.
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Table 4.15 Foetal Cox Regression results

{3 S.E. Wald D.F Sig. Exp({3)

Region 27.089 9 0.001

Region(l) -0.184 0.105 3.080 1 0.079 0.832

Region(2) -0.296 0.119 6.200 1 0.013 0.744

Region(3) -0.012 0.119 00.011 1 0.918 0.988

Region(4) -0.332 0.104 10.083 1 0.001 0.718

Region(5) -0.020 0.119 0.030 1 0.863 0.980

Region(6) -0.378 0.156 5.873 1 0.015 0.686

Region(7) -0.542 0.262 4.283 1 0.039 0.582

Region(8) -0.199 0.203 0.958 1 0.328 0.820

Region(9) -0.071 0.125 0.321 1 0.571 0.931

Rural/Urban -0.093 0.063 2.176 1 0.140 0.912

Ever Attended school 0.080 0.076 1.100 1 0.294 1.083

Religion Categorized 4.832 3 0.185

Religion Categorized(l) -0.047 0.192 0.059 1 0.808 0.955

Religion Categorized(2) -0.173 0.200 0.746 1 0.388 0.841

Religion Categorized(3) -0.291 0.229 1.609 1 0.205 0.748

Age of mother at Birth -0.019 0.004 26.132 1 0.000 0.981

Ever Miscarriage -0.805 0.053 232.100 1 0.000 0.447

Ever Aborted -1.093 0.055 388.032 1 0.000 0.335

Type of Town 0.170 2 0.919

Type ofTown(l) -0.037 0.091 0.165 1 0.685 0.964

Type of Town(3) -0.009 0.141 0.004 1 0.948 0.991

4.3.2.5 Maternal Cox Regression

A mother who has ever given birth has 67 percent less risk of dying during the

pregnancy to the postpartum period, than a woman who has never given birth.

Increased number of deliveries however, increases the risk of maternal death

by 4.5 percent per each delivery. As a woman grows older, the risk of dying
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decreases by 4.5 percent for every additional year of age. These results are

statistically significant as shown in Table 4.16 below.

Regional and locality differences are also significant with rural folks having

67 percent less risk than town folks and small and large cities have 31.4 and

44.7 percent more risk respectively, than town folks. Pregnant women of the

R3M regions are 33.6 times more likely to die due to pregnancy than those

from other regions. In particular, pregnant women from Ashanti have about

44.5 times higher the risk of dying than those of the Western Region, while

Eastern and Greater Accra Regions have approximately 39.3 and 20.3 times

higher risk than those from Western Region respectively, thus a good reason

for their choice for the intervention.
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Table 4.16. Maternal Cox Regression

(3 S.E. Wald DF Sig. Exp({3)

Region 18.577 9 0.029

Region(l) 3.794 1.182 10.312 1 0.001 44.456

Region(2) -0.076 0.498 0.024 1 0.878 0.926

Region(3) 0.368 0.413 0.796 1 0.372 1.445

Region(4) 3.672 l.l16 10.833 1 0.001 39.344

Region(5) 3.010 1.227 6.022 1 0.014 20.295

Region(6) -0.354 0.511 0.481 1 0.488 0.702

Region(7) 0.334 0.790 0.179 1 0.672 1.397

Region(8) 0.618 0.603 1.049 1 0.306 1.855

Region(9) -0.401 0.499 0.646 1 0.421 0.669

Town 17.836 3 0.000

Large City 0.369 0.363 1.036 1 0.309 1.447

Rural -0.950 0.271 12.242 1 0.000 0.387

Small City 0.273 0.454 0.361 1 0.548 1.314

R3M 3.516 1.106 10.102 1 0.001 33.659

Ever attended School 0.214 0.264 0.661 1 0.416 1.239

Ever given birth -0.843 0.254 11.041 1 0.001 0.430

Total number of Previous Pregnancies 0.044 0.007 34.626 1 0.000 1.045

Age of mother at Pregnancy -0.046 0.017 7.478 1 0.006 0.955

4.4 Fitting the Survival Distribution

The following assumptions were made for the purpose of this study:

1. Child, Infant and Neonatal survival are adequately described by the log

logistic model that is completely specified by two parameters y and

a, which are shape and scale parameters such that y, a > O.

2. We also make the assumption that the Fetal and Maternal survivals are

adequately described by the Weibull distribution, that is completely
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described by two parameters y and TJ, which are shape and scale

parameters with both y, TJ > 0 (i.e. the location parameter, a, is

assumed to be zero). Further more T ;:::o.

4.4.1 Deriving Set), dS(t)/dt, and h(t) for the Assumed models

(i) The Log-Logistic Model

For the assumed Log-logistic model, the p.d.f. is given by

aytY-1
J(t) = (1+aty)2 (4.1)

Hence

T

f ty-l
= a dty (1+ atY)2

o

Letting du = ayty-1 and hence
dt

du = ayty-1dt

T

f ty-l
a dt =Y (1+ atY)2

o

l+aTY

f
du
u2

1

Hence

F(T) - aTY
l+aTY

(4.2)
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But from equation 2.3

Set) = 1- F(t)

-.
Thus

atY
Set) = 1- 1+atY

1

l+atY
(4.3)

Giving

dS(t) = ayty-1
dt

(4.4)

Also from equation 2.6,

h(t) = f(t)
Set)

Thus

ayty-1 1+ atY
h(t) = x---

(1+ atY)2 1

ayty-1

l+atY
(4.5)

( ii ) The Weibull Model

For the assumed Weibull Model,

Y (t)Y-l (t)Y
f(t) = ry ry e- 7i (4.6)

Hence
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, .

Letting

Hence

Since

Then

Giving

+00 T

F(r) = I f(t)dt = I~(~r-le-(*f dt
-00 0

_ IT Y (t)Y-l -(!)Y- - - e 7] dt17 17
o

dv __ Y_c: and hence
dt 7] 7]

Y (t)Y-ldv =:;;:;; dt

T (~)Y

I Y (t)Y-l -(!)Y I~ ~ e 7] dt = eYd»
o 0

FeT) = 1- e-(~r (4.7)

Set) = 1- F(t)

S(t) = 1 - ( 1- e -(MY)

(4.8)
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dS(t) _ Y C)Y-l -(if (4.9)------ e 1/
dt TJ TJ

Since

h(t) = f(t)
Set)

Then

z (!r-1
e-(*f

h(t) = T] T]

e -(*f

= ~(*)Y-l (4.1 0)

4.4.2 Assumed models

Based on the assumptions made, our assumed models are;

1. Maternal Survival

(4.11)

Y ( t )Ym-1hm(t) = -. -
T]m T]m

Ym ( t )Ym-1 [( t )Ym]fm (t) = - - exp - -
T]m T]m T]m

2. Foetal Survival

(4.12)
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y (t )Yf-1 [( t )Yfj
fret) = 1J~ 1Jr exp - 1Jr

3. Infant Survival

(4.13)

4. Neonatal Survival

1
SnCt) = -l+-a-

n
-tY-n

(4.14)

5. Child Survival

1
SeCt) = -l+-a-

c
-tY-c

(4.15)
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4.4.3 Estimated Parameters/or Assumed Models using data/rom Ghana

The Estimated parameters for our assumed models for our data using the

hazard plotting teclmique discussed in section 3.2.3.2 and shown in Appendix

B, are summarised in the table below.

Table 4.17: Summary of Parameter estimates for assumed models

Variable Assumed parameter Estimates R2 Estimate

Distribution

1 Child Survival Log logistic Yc= 0.23496, 0.9836

ac = 0.06477

2 Infant survival Log logistic Yi = 0.21440, 0.9213

ai = 0.03022

3 Neonatal Survival Log logistic Yn = 0.19316, 0.9167

an = 0.00830

4 Fetal Survival Weibull Yt = 0.32054, 0.9662

At = 0.00052

5 Maternal Survival Weibull Ym= 1.79019, 0.9714

Am = 0.02657

4.4.43 Goodness offit test/or Assumed Models

We test the appropriateness of our models by the Kolmogorov Smirnoff

Goodness of fit test described in section 3.3 and summarise the results in the

table below.
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Table 4.18 Kolmogorov-Smirnoff Test of Goodness of fit

Assumed Maximum Sample

Variable Distribution Difference X2 Value size P-Value

1 Child Survival Log logistic 0.2000 0.40 5 0.819

2 Infant Survival Log logistic 0.1667 0.67 12 0.717

3 Neonatal Survival Log logistic 0.3333 3.33 15 0.189

4 Fetal Survival Weibull 0.3333 2.00 9 0.368

5 Maternal Survival Weibull 0.3333 2.00 9 0.368

4.5 Composite Modelling Results

4.5.1 Derived Composite Models

From equation 4.11 and 4.12, maternal and foetal survival are given as;

And hence from equation 3.7, the joint probability of their survival during

pregnancy is given as

(4.16)

Where AmI At are the scaling parameters of the survival functions for mother

and child respectively and Yml Yt are the shape parameters of the survival

functions for mother and child respectively.

Using equations 3.8, 3.9 and 3.11 we derive the other three components as;
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P(x n y') = 0 (4.17)

(4.18)

(4.19)

where

z = P(x n y) + P(x' n y) + P(x n y') + P(x' n y') = 1

at every time t

We further assume that maternal survival continues to follow a Weibull

distribution after delivery. Hence from equations 4.11, 4.13, and 4.14 we

develop similar models for the post delivery period.

P(x n y) = e-(Amt)Ym x [ 1 .J
1+ a·tY'J

(4.20)

P(x' n y) = e-(Amt)Ym x [1- 1 .J
1+ a.t"!J

(4.21)

P(x n y') = [1 - e-(Amt)Ym] x [ 1 .J
1+ a·tY'J

(4.22)
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P(x' n y') = [1 - e-(ilmt)Ym] x [1- 1 .J
1+ a.t/!}

(4.23)

Where

z = P(x n y) + P(x' n y) + P(x n y') + P(x' n y') = 1

at any time t and the parameters Aj I Yi differ depending on whether j is for

child, infant or neonatal survival

4.5.2 Protective table

Our protective table, estimated usmg probability theorems and expected
,.

values, are displayed in Table 4.19 and shows that by the ninth month after

pregnancy, while about 78 percent of women who were pregnant (77.39

percent) were expected to be alive at delivery with the living babies, the other

22 percent will not be that lucky: Approximately 15 percent (15.18 percent) of

the pregnancies were expected to result in mothers without the children, and

the other (approximately 7.43 percent) resulting in the death of both mothers

and their babies. One month after birth approximately 88.6 percent of mothers

who delivered will be alive with their babies with approximately 7 percent of

children born alive becoming motherless and about 4 percent of mothers who

gave birth alive, but without their children. Less than half percent of women

who gave birth successfully will be dead together with their children after one

month of delivery. The pattern for each of the composite models is shown in

Fig 4.8 below.
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Table 4.19. Protective table of Joint Survivals

Mother Child

Child Child Maternal Maternal Joint without without No child

Survival Mortality Survival mortality Survival child mother no mother

time P(x) P(x') PCy) pcy') P(x n y) P(x' ny) P(x n y') P(x' ny')

I 0.91523 0.08477 0.99998 0.00002 0.91385 0.08464 0.00000 0.00151

2 0.89528 0.10472 0.99997 0.00003 0.89061 0.10417 0.00000 0.00521

3 0.88164 0.11836 0.99997 0.00003 0.87217 0.11709 0.00000 0.01074

4 0.87097 0.12903 0.99996 0.00004 0.85537 0.12672 0.00000 0.01792

5 0.86210 0.13790 0.99996 0.00004 0.83917 0.13423 0.00000 0.02660

6 0.85443 0.14557 0.99995 0.00005 0.82310 0.14023 0.00000 0.03667

7 0.84765 0.15235 0.99995 0.00005 0.80693 0.14503 0.00000 0.04804

8 0.84155 0.15845 0.99994 0.00006 0.79054 0.14885 0.00000 0.06061

9 0.83598 0.16402 0.99994 0.00006 0.77387 0.15183 0.00000 0.07430

10 0.95283 0.04717 0.92950 0.Q7050 0.88566 0.04384 0.06717 0.00333

1

0.8 j
>.~
:g0.6

~..a
0~Q,

Iiij0.4
>.~
~0.2

° (j)

-0.2 j

-Joint Survival

-Mother without child

Child without mother

- No child no mother

5 10 15
Time from conception (months)

Fig 4.8 Joint Survival Plots for Mother and Child
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4.5.3 Developing the Composite Models

Even though the Joint probabilities are determined for the period before and

also after delivery, the composite models are developed for only the pregnancy

period since the data does not allow us to do so for the period after delivery.

The Trend of the composite survivals (Appendix C), lead us to make the

following assumptions during the pregnancy period:

1. The joint maternal and child survival follows an exponential model

with parameter A > O.

2. The joint mother survival without child follows a logarithmic model

with shape and scale parameters ({J and {) > o.

3. The joint maternal and child mortality follows a power function model

with shape and scale parameters y and a > 0

Hence our models during pregnancy become;

4.5.3.1 Maternal and Child Survival

(4.24)

Using equation 4.l6

Where

A = (Amt)Ym+(Aft/f
t

(4.25)

Properties

O:::;A:::;l

100

www.udsspace.uds.edu.gh 

 

 

 

 



1
Em&c(t) = "I

1
Varm&c(t) = 11.2

Fm&c(t) = 1- Sm&c(t) = 1- e-At

h (t) = fm&c(t) = II.
m&c 5 (t)m&c

4.5.3.2 Maternal Survival without Child

Sm&cl(t) = <p In t + {) (4.26)

Using equation 4.18,

thus

_ (e-CAmt)Ym_e -[cAmt)Ym+(Aft)Yfl)_19

<p - In t (4.27)

But when t = 1,

(4.28)

Hence,
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(4.29)

Properties

d <p
-d Sm&c' (t) = -t t

Fm&c,(t) = 1 - Sm&c,(t) = 1 - (<p In t + t9) = 1 - <p In t - t9

d -<p
f m&c,(t) =-d Fm&C,(t) =-t t

h & ,(t) = f m&c,(t) = _ 1
m c Sm&c,(t) tin t + (~)

4.5.3.3 Maternal and Child Mortality

(4.30)

Using equation 4.19,

Where

(4.31 )

But when t = 1,
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(4.32)

Hence

(4.33)y = lnt

Properties

y;;:::O

h (t) - f m'&c,(t) - _ Y
'&' - -m c Sm'&c' (t) t

4.6 Simulation Results

Different values of the parameters for the composite models will produce

different effects on survival. This is demonstrated by the simulation results in

the figures following.

Fig 4.9 demonstrates the effect of different values of the parameter It, the

measure of the rate at which risk is changing, on the composite maternal and
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child survival. The closer the parameter A. is to zero, the more horizontal the

line is indicating a more constant survival.

Fig 4.10 demonstrates the effect of a change in y for a fixed a while Fig 4.11

demonstrates the effect of a change in a for a fixed y, on composite maternal

and child mortality. As y or a increases, the slope becomes steeper indicating

a faster increase in mortality and vice versa.

1.2

1
>.~0.8:0
ItI
.0 0.60•..
~
ItI 0.4
>":;•.. 0.2::J
\I)

0
0

--A=O.OOS

-A=O.OS

-A=O.l

-A=O.S

--A=0.8
A=l

A=2
2 4 6 8

Time from conception (months)
10

Fig 4.9. Composite Maternal and Child Survival at various
values of A
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02468
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Fig 4.11 Composite Maternal and Child Mortality at various
values of a for fixed y=2

Figures 4.11 and 4.13 demonstrate the effect of change in {) for a fixed ({J and

a change in ({J for a fixed {) respectively, on the composite maternal survival

and child mortality. It shows that as {) increases the line is higher, indicating a

higher initial risk while as ({J decreases the more horizontal the line becomes.
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4.7 Validation of Our Models

4.7.1. Estimation of Parameters for composite Models

Applying our models to the results generated from our maternal and foetal

models, and using probability plotting (as shown in Appendix D), we estimate

that the shape parameter for the exponential composite maternal and child

survival model is 0.0203 per month; thus a constant risk of 2 percent per
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month. This hazard rate means that at every month of the pregnancy period,

the risk of losing both mother and child is 2 percent. The shape and scale

parameters for the Power function composite maternal and child mortality

model, and that of the logarithmic composite maternal survival and child

mortality model, are determined to be a = 1.5222 x 10-3 y = 1.7739

and {) = 0.0836 cp = 0.0313 : These scale and shape parameters indicate

the initial risk as well as the rate at which the risk progresses with time. These

estimates as well as a measure of their precision are summarized in Table 4.20

below.

Table 4.20. Summary of Assumed Joint models with Parameter estimates

during pregnancy

Joint Model Assumed Estimated R2 Value

model parameters

1 Maternal and Child e-At A = 0.0203 0.9989

Survival

2 Maternal and Child atY y = 1.7739 1.0000

Mortality a = 1.5222 x 10-3

3 Maternal Survival cp in t + {) cp = 0.0313 0.9999

and Child Mortality {)= 0.0836

4.7.2 Expected composite Results from our Models

Using our assumed models with estimated parameters as in Table 4.20, we

generate expected probabilities for each of our models for the pregnancy

period. These are summaries in Table 4.21
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Table 4.21 Expected Composite Values Using Our Models

Maternal & Maternal and Child Maternal Survival and

Time Child Survival Mortality child Mortality

1 0.97990 0.00152 0.08360

2 0.96021 0.00520 0.10530

3 0.94092 0.01069 0.11799

4 0.92201 0.01780 0.12699

5 0.90348 0.02644 0.13398

6 0.88533 0.03654 0.13968

7 0.86753 0.04803 0.14451

8 0.85010 0.06087 0.'14869

9 0.83302 0.07501 0.15237

4.7.3 Observed Composite Models Using Data

Observed estimates of foetal and maternal survival are displayed in Tables 4.5

and 4.6. Using probability theory as, we employ the foetal and maternal

estimates to develop the observed composite values which we summarize in

Table 4.22 below.

Table 4.22 Observed Composite Values using Data

Foetal Maternal Maternal and Maternal and Maternal Survival

Time Survival Survival Child survival Child mortality and Child Mortality

I 0.99900 1.00000 0.99900 0.00000 0.00100

2 0.96088 1.00000 0.96088 0.00000 0.03912

3 0.91540 0.99869 0.91420 0.00131 0.08449

4 0.87816 0.97964 0.86028 0.02036 0.11936

5 0.86391 0.97456 0.84193 0.02544 0.13263

6 0.85603 0.96643 0.82729 0.03357 0.13914

7 0.84890 0.95637 0.81186 0.04363 0.14451

8 0.84519 0.93637 0.79141 0.06363 0.14496

9 0.84251 0.92182 0.77664 0.07818 0.14518
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4.7.4 Mann Whitney Test

We apply the Mann-Whitney test to each of our three models usmg the

expected and corresponding observed values in Tables 4.21 and 4.22

respectively to validate our models. The Results are displayed in Table 4.23.

The results show that there is no significant difference between the composite

values developed from the observed data and those developed from our

models.

Table 4.23 Mann-Whitney Test Results

Model Sample Size U-Value P-Value

1 Maternal and Child Survival 9 25 0.190

2 Maternal and Child Mortality 9 34 0.605

3 Maternal Survival and Child 9 36 0.730

Mortality
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CHAPTER FIVE

CONCLUSIONS

5.0 Introduction

This study investigated the application of survival techniques to the

measurement of maternal and child survival. Models were developed and

tested for maternal and child survivals, protective tables were generated using

probability theory, and the spatio-temporal composite models were developed.

These models were applied to the data on the 2007 Ghana maternal health

survey. The results obtained at each stage of our modelling were adequately

displayed and discussed.

5.1 Summary

The results show that for a child, life before birth is well described by a

Weibull distribution with shape and scale parameters y, A > 0, while life after

birth is best described by a logistic model with shape and scale parameters

y, a > 0 (even though the shape and scale parameters may differ at the

different stages i.e. neonatal, infant and child). However, each of the Child

survival (both before and after birth) shows a decreasing mortality rate,

decreasing at an increasing rate, with age i.e. an anti aging property. Survival

therefore decreases at a decreasing rate. All the factors tested are shown to be

associated with life before birth however, after birth; the risk of dying for any

individual is determined by the covariates associated with the person,

including whether the child is a single or multiple birthed person.
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Maternal survival on the other hand is well described by a Weibull distribution

with shape and scale parameters y, A > 0, and shows an increasing risk of

mortality with age: The Hazard increases at an increasing rate with time and

hence survival decreases at an increasing rate. The hazard is a function of the

prognostic factors and hence the parameters of these models are also a

function of the prognostic factor; thus the values of these shape and scale

parameters are determined by the risk factors.

Applying these models to our data, we determined the shape and scale

parameters for the log logistic models that describe child, infant and neonatal

survival in Ghana to be, y = 0.23496 a = 0.06477, y = 0.2144 a =

0.03022, and y = 0.19316 a = 0.00830 respectively while those for the

Weibull distribution that describe fetal and maternal survival are y =

0.32054 A = 0.00052 and y = 1.79019 A = 0.02657 respectively.

The Composite model for Maternal and Child Survival was shown to follow

an exponential model with shape parameter A > O. Thus the risk oflosing both

mother and child by a certain period remained constant (equal to A). On the

other hand, the composite Maternal and Child mortality followed a Power

function with shape and scale parameters y, a > O. Its application to our data

showed a joint mortality that increased at an increasing rate with time. Thus

the chance of both mother and child dying by time t increased with time. The

model for composite maternal survival and child mortality followed a

logarithmic model with shape and scale parameters tp, {) > 0 and showed a

hazard that was decreasing at a decreasing rate with time, and which quickly
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approached a limit. Thus the risk of having a childless mother increased with

time; increasing at a decreasing rate.

Applying these models to our data, we estimated that the shape parameter for

the exponential composite maternal and child survival model was 0.03 per

month; thus a constant risk of 3 percent per month. This hazard rate means

that at every month of the pregnancy period, the risk of losing both mother and

child was 3 percent. The shape and scale parameters for the Power function

composite maternal and child mortality model, and that of the logarithmic

composite maternal survival and child mortality model, were determined to be

a = 0.00104 Y = 1.9573 and {) = 0.0873 qJ = 0.027 : These scale and

shape parameters indicated the initial risk as well as the rate at which the risk

progressed with time.

5.2 Major Contributions

Several methods exist for the assessment of maternal and child mortality but

most of these methods usually use central rates. These static measures do not

adequately capture, what they are intended to represent. In this study we have

demonstrated that survival techniques, which are dynamic measures can be

applied to the study of maternal and child survival. Survival techniques do not

only provide more information than the maternal and child mortality rates,

which are widely used, but also give precision for their estimates and enable

modelling of these measures; consequently, we developed models for maternal

and child survival. These models and robust estimates allow for more effective

comparisons of different countries.
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Our estimate of Child mortality, Infant mortality and neonatal mortality in this

study was shown to be 8.3 percent, 5.3 percent and 2.9 as compared with 6.6

percent, 4.8 percent and 3.1 percent respectively, as estimated with the

formula used by the UN. On the other hand, our maternal mortality estimate of

approximately 17 percent was much higher than that obtained using the UN

formula, but compares with 17.14 percent as will be estimated by the formula,

if the denominator was in terms of maternal risk as suggested by Nuamah,

(2007) instead of live births.

We also showed in this study that, maternal survival followed a Weibull

model, which described how maternal survival decreased at an increasing rate

with time; maternal mortality thus increased at an increasing rate with time.

Child, Infant and neonatal survival were also shown to follow a log logistic

model. These survivals may have different parameters as shown in this study

in the case of Ghana, yet they all decreased at a decreasing rate. This agrees

with the first third of the well known bathtub shape of mortality and with

Hirve & Ganatra, (1997) description of their Kaplan-Meier survival curve.

Foetal survival, is also shown to follow a Weibull model, and describes a

survival that is decreasing at a decreasing rate.

These models showed that the risk of losing a child, infant and neonate, faded

with time and that as pregnancy continued, while the risk of losing a foetus

decreased, that of losing a mother increased. This suggests that while attention

should be giving to both mother and child at all times, the focus should be

more on the child in the early months of pregnancy and gradually shifting to

mothers as pregnancy progressed. The first few days, months and years after
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delivery however remain the most crucial period for mothers and neonates,

infants and children survival respectively.

A protective table for the joint survival of mother and child at every point in

time is another contribution of this study. While in this study it is

demonstrated for the pregnancy period, the technique used in its development

remains valid well after delivery. This table displayed the risk at all times for

all possible scenarios and is a good way, not only to view the risk at any point

in time, but also to immediately capture the changes over time especially when

supported by its graphical representation. Our protective table developed for

Ghana showed that the chances for a successful delivery from conception were

approximately 70% of pregnancy and the chances for absolute failure from

pregnancy 15.65%: partial failure is approximately 13.8%. One month after

delivery absolute success was 88.5%, absolute failure 0.5%, and partial failure

11%.

Three innovative composite models were also developed for the pregnancy

period in this study. The composite maternal and child survival followed an

exponential model, the composite maternal and child mortality followed a

power model and the composite maternal survival and child mortality

followed a logarithmic model. For the composite maternal and child survival,

the exponential model developed has an exponential p.d.f and showed that

joint survival reduced at a constant rate of A per month throughout the

pregnancy period: The smaller the value of A the better the joint survival.

The composite maternal and child mortality model followed a power function

model with parameters y and a ;:::o. The model has a risk that is negative, and
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decreases at a decreasing rate with time. This shows that the chances of both

mother and child surviving at time t decreases with time, and at a decreasing

rate. Also, the scale parameter a is a measure of initial risk and the shape

parameter y a measure of the rate at which risk is increasing: The smaller the

value of a the smaller the risk of dying and the better the state of mothers and

children. The smaller the value of y the smaller the rate at which the joint

mortality increased and hence the better the management of the progression of

joint risk.

The composite maternal survival and child mortality was well described by a

logarithmic model with shape and scale parameters <p and {) ~ O. Similar to

that of the composite maternal and child mortality, this model has a hazard

that is negative and decreases at a decreasing rate with time. Thus, the risk of

mother surviving without child at any time t decreases with time, and at a

decreasing rate. The scale parameter {) of the model is a measure of initial risk

and the shape parameter tp, a measure of the progression of risk.

The parameters in these models were shown to be a function of maternal and

child parameters as in equations 4.25, 4.28, 4.29, 4.32 and 4.33. Maternal and

child parameters were also determine by their risk factors. Thus the value of

the parameters for the composite models were determine by both maternal and

child risk factors. Thus a factor that increased maternal or foetal risk will

increase the shape and or scale parameters thereby quickening composite

mortality and vice versa. Our models were shown to produce good estimates

that compared well with observed data.
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With these models, better comparisons can be made for different countries by

comparing their parameters. Countries with better initial risk will have smaller

scale parameters and countries with better management of progression of risk

will have smaller shape parameters; countries with both parameters equal will

have the same risks, both instantaneous and progressive.

5.3 Future Work

Even though these models are for the pregnancy period, the techniques used

can be extended to cover the period after delivery. Though the joint

probabilities were developed in this study, data inadequacy does not allow us

to develop the models for the periods after delivery. Future work is therefore

suggested to develop models for the period after birth especially in the

neonatal period. These models, if developed and contrasted with the maternal

and child models, will show the independence or otherwise of maternal and

child survival.

Secondly, since every mother can be categorised into one of four categories at

any stage, and can also progress from one category to another one with time

(which could be a different state), then a model (such as the Markov chain or

stochastic) that could account for the changes in state over time may need to

be considered. Such a model might throw more light on the state of maternal

and child survival.
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