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Abstract This study is a retrospective analysis of the reproductive history data collected from the Nigeria Demographic
and Health Surveys (NDHS) for 2013 to study some factors that are likely to be responsible for infant mortality. The essential
aim of this study is to estimate the survival rates of infant’s mortality in Nigeria with the objectives of estimating and
interpreting survivor/hazard function from survival data, describing and estimating the survival experience of different
groups, selecting the best hazard model from the data. The Kaplan- Meier curve was plotted to describe the rate of survival of
some of the factors responsible for infant mortality. The log- rank test which is a non-parametric test was used to test the
hypothesis to compare the survival distributions of the samples. The log rank test was obtained for the region, type of resident,
sex of the child, religion, gender, highest educational level of mother, wealth index, Age at death, age at birth. The
Cox-Proportional Hazard Model was fitted to assess the importance of various covariates in the survival times of infant
through the hazard ratio. The hazard ratio which was used to interpret the cox proportional model is compare on its closeness

to 1. Also testing the significant of the covariate to the model using the p-value if less than 0.05 level of significant.
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1. Introduction

Infant mortality is seen as a reasonable approximation to
assume that the lower it is the wealthier a country is. Infant
mortality takes away the society potential and physical,
social and human capital. The infant mortality rate has been
criticized as a measure of population health because it is
narrowly based and likely to focus the attention of the rest
[5, 6].

Infant mortality is the death of a child less than one year of
age it is measure as infant mortality rate (IMR) which is the
number of death of children under one year of age per 100
live births in the same year. Infant mortality includes
prenatal mortality (death that occur in the first week after
birth), Neo-Natal mortality (death that occur after 28 days of
birth) and post-natal mortality (death that occur after 28 days
of birth) [1, 3].

Globally, ten million infant and children die each year
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before their fifth birthday. 99% of these deaths occur in
developing nations. Infant mortality rate is one of three
indicator use to monitor achievements toward the fourth goal
of the Eight Millennium Development Goal (MGD), goal
target is to “Reduce by two-thirds between 1990 and 2015
the under-five mortality rate”. Progress has be made toward
achieving Millennium Development Goal (MGD) since
1990 the global under-5-mortality was insufficient to reach
the MGD target of the two-thirds reduction in 1990 mortality
levels by the year 2015 [5, 18].

The child risk of dying is highest in the neonatal period,
safe child birth and efficient neonatal cares are essential to
prevent these deaths. 45% of child death under the age of 5
takes place during neonatal period. 2.7 million Babies die
every year in their firth month of life and similar numbers are
still born, within the first 24 hours of life and 75% occur in
the first week. The 48 hours immediately following the birth
is the most crucial period for new born survival. This is
where the mother and child receive follow up care to prevent
and treat illness [12].

According to World Bank infant mortality rate was last
measured at 71.50 in 2014 of new born babies in Nigeria
represent a quarter of the total number of death of children
under-5. Similarly a woman chance of dying from pregnancy
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and child birth in Nigeria is 1 in 13. Although many of these
deaths are preventable, the coverage and quality of health
care services in Nigeria continue to fail women and children,
presently less than 20% of health facilities offer emergency
obstetric care and only 35 percent of deliveries are attended
to by skilled birth attendants [3, 5, 6, 16].

1.1. Causes of Mortality
The Major causes of infant mortality may include:

I.  Complication during pregnancy, sudden infant death
syndrome, maternal.

II. Malformation

III. Accident and unintentional injuries.

Social boundaries and natural avert access to essential
restorative assets and in this way add to an expanding infant
death rate; 99 percent of infant death occurs in developing
countries and 86 percent of the deaths are due to infections,
premature death, and complication during delivery, and
prenatal asphyxia and birth injuries.

However, the causes of infant mortality may include:
sudden infant death, syndrome low birth weight, infection
disease and malnutrition, including neglected tropical
diseases.

1.2. Key Facts

I. 5.9 million youngsters younger than 5 passed on in
2015.

II. More than half of these early child death are because
of conditions that could be counteracted or treated
with access to simple, reasonable meditations.

III. Leading reasons for death of under-5-kids are
parental birth asphyxia, birth complication, diarrhea
and malaria, and malnutrition.

IV. Children in sub-Saharan Africa are in excess of
multiple times more prone to death before their fifth
birthday than children in the developed region.

1.3. Aim and Objectives

The essential aim of this study is to estimate the survival
rates of infant’s mortality in Nigeria and the specific
objectives are to:

1. estimate and interpret survivor/hazard function from

survival data

2. Estimate and describe and the survival experience of

different groups

3. select the best hazard model from the data

1.4. Source of Data Collection

The data collected for this project is a secondary data,
extracted from the quarterly data of the Nigeria
Demographic Health Survey (NDHS) 2013. The data
extracted are based on region, type of resident, sex, religion,
gender, educational level of mother, wealth index, Age at
death, age at birth the data are re-categorized for simplicity
of the study.

185

2. Materials and Method

2.1. Non-parametric Methods

In survival analysis, Non-parametric methods of
estimating survival functions are applied when survival
times do not follow any theoretical distribution such that no
assumptions are made about the distribution on the survival
times. They are also known as Distribution Free methods,
which are quite easy to understand and apply. Although
they are less efficient than parametric methods, they are
suggested to analyze survival data before attempting to fit a
theoretical distribution and if the main objective is to find a
model for the data, estimates obtained by non-parametric
methods and graphs can be helpful in choosing a distribution.
In epidemiology, non-parametric (or semi-parametric)
methods are used more frequently than parametric methods.
There are many non-parametric methods for describing time
to event data, some of the widely used ones are:

I. Kaplan Meier Method; also known as Product Limit
Estimate.
II. Log Rank Test Statistic

2.1.1. Kaplan-Meier Method

The Kaplan Meier method provides very useful estimates
of survival probabilities and graphical presentation of
survival distribution; it is the most widely used method in
survival data analysis and also known as Product Limit
estimate. Breslow and Crowley (1974) and Meier (1975b)
have shown that under certain conditions, the estimate is
consistent and asymptomatically normal. This method
assumes that the censoring times are independent of the
survival times that is, the reason an observation is censored is
unrelated to the cause of death. This assumption is true if the
patient is still alive at the end of the study period.

The Kaplan-Meier estimator of survival at time t is shown
in Equation 8. Here t;, j = 1, 2,...,n is the total set of failure
times recorded (with t* the maximum failure time), d;j is the
number of failures at time tj, and rj is the number of
individuals at risk at time t;.

$() = [y =2, Foro <t <t
i

It is simply the empirical probability of surviving past
certain times in the sample (taking into account censoring).
When there is inappropriate censoring, the Kaplan Meier
method is not appropriate. The general formula for a KM
survival probability at failure time #(j ) is shown below;

S(t(G)=S(t(j — 1)) x Pr[T > t(DIT = t(j)]

This formula gives the probability of surviving past the
previous failure time #(j—1), multiplied by the conditional
probability of surviving past time #( j ), given survival to at
least time #( j ). The above KM formula can also be
expressed as a product limit if the survival probability
S°(#( j—1)) is substituted, the product of all fractions that
estimate the conditional probabilities for failure timeless
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t(j—1) and earlier. This is expressed as;
$(tGG— 1)) =0Pr[T > t()IT > t(i)]

2.1.2. Log Rank Test

The Log rank test also known as Mantel- Haenszel test, is
a large sample chi-square test that uses as its test criterion a
statistic that provides an overall comparism of the KM
curves being compared. It is applicable to data where there is
progressive censoring and gives equal weight to early and
late failures. This statistic, like many other statistics uses the
observed and expected cell counts over categories of
outcomes where the categories for the log rank statistic are
defined by each of the ordered failure times for the entire set
of data being analysed. It is also a test used for comparing
survival distributions for two or more groups and assumes
that hazard functions for the two groups are parallel. When
two groups are being compared, a statistic with 1 degree of
freedom (known as the Mantel-Haenszel or log-rank test
statistic) is formed using the sum of the observed minus
expected counts over all failure times for one of the two
groups. It can also be computed by dividing the square of the
summed observed minus expected score for one of the
groups by the variance of the summed observed minus
expected score. The test statistic can be expressed as;
(0i — Ei)?
Var(0i — Ei)’
The log rank test which is a family of the non-generalized
Wilcoxon test is not very effective when the two
distributions  differ but their hazard functions or
survivorship functions cross, neither of them is powerful to
detect any differences and it will be sensible for other tests
to be considered. It can also be extended to comparing
failure times of two or more survival groups.

i=12.x%1df

2.2. Survival Models

Survival models are used to quantify the effect of one or
more explanatory variables on failure time. They also model
the underlying hazard/survival function and assume that the
dependent variable (time-to-event) takes on some known
distribution, such as Weibull, exponential, or lognormal also,
estimates parameters of these distributions (e.g., baseline
hazard function). Many of these models such as the Cox
proportional hazards model, exponential and weibull
regression model, etc. For the purpose of this project
research the Cox proportional hazards model is considered.

2.3. Cox-Proportional Hazards Model

The Cox-proportional hazards model possess the property
that different individuals have hazard functions that are
proportional i.e. [h(tx1)/h(tjx2)], the ratio of the hazard
functions for two individuals with prognostic factors

or covariates x1 = (x11,x21,...,xp1)" , and
x2=(x12,x22, ...xp2) is a constant (does not vary with time
t). This means that the ratio of the risk of dying of two
individuals is the same no matter how long they survive. This
model also involves specification of a linear-like model for
the log hazard. A parametric model based on the exponential
distribution may be parameterized as follows:

Log hi(t)= o + Bixis + Boxio + ... + Brxi
Or, equivalently:
hi()= exp (o + Brxis + Boxiz + ... + Bix;
In this case the constant o represent the log- baseline since
Log hi(t)= o, when all the x’s are zero. The cox proportional

hazards, model is a semi-parametric model where the
baseline hazard a(t) is allowed to vary with the time :

Log hi(t)= o (1) + Bixiy + Boxiz + ... + Brxix

hi()= ho(t) exp ( Bixiy + Poxiz + ... + Brxu)

If all of the X's are zero the second part of the above
equation equals 1 so h;(t) = hg (t). For this reason the term hy
(t) is called the baseline hazard function. With the Cox
proportional hazards model, the outcome is described in
terms of the hazard ratio. We talk about the hazard of the
event of interest at one level of an explanatory variable being
a number of times more (or less) than the hazard of the
specified reference level of the explanatory variable. The
ratio of the hazard function for two individuals with different
sets of covariates does not depend on time. The model has
the following assumptions which are;

i. Time is measured on a continuous scale.
ii. Censoring occurs randomly.

An important property of the Cox model is that the
baseline hazard, hy(¢), is an unspecified function. It is this
property that makes the Cox model a semi parametric model
and a popular one. A key reason for the popularity of
the Cox model is that, even though the baseline hazard is
not specified, reasonably good estimates of regression
coefficients, hazard ratios of interest, and adjusted survival
curves can be obtained for a wide variety of data situations.
Also, the Cox PH model is a “robust “model (i.e., it will
closely approximate correct parametric model), so that the
results from using the Cox model will closely approximate
the results for the correct parametric model. In addition to
the general “robustness” of the Cox model, the specific
form of the model is attractive for several reasons. As
described previously, the specific form of the Cox model
gives the hazard function as a product of a baseline hazard
involving ¢ and an exponential expression involving the X’s
without . The exponential part of this product is appealing
because it ensures that the fitted model will always give
estimated hazards that are non-negative.



3. Data Presentation

Table 1.

responsible for infant mortality

FACTORS

REGION
North Central
North East
North west
South East
South South
South West
Total

AGE AT FIRST BIRTH
<18

18-30

>30

Total
RESIDENT
Urban

Rural

Total

SEX

Male

Female

Total
EDUCATIONAL LEVEL
No Education
Primary
Secondary
Higher

Total
RELIGION
Christian

Islam

FREQUENCY

4,078
5,035
7,632
2,544
3,772
3,959
27,020

10,682
15,789
549

27,020

17,376
9,644
27,020

13,672
13,348
27,020

11,696
5,839
7,427
2,058
27,020

14,504
12,516
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PERCENTAGE

15.09
18.63
28.25
9.42
13.96
14.65
100.00

39.53
58.43
2.03
100.00

64.31
35.69
100.00

50.60
49.40
100.00

43.29
21.61
27.49
7.62
100.00

53.68
46.32

Frequency table showing some factors that are likely to be

CUMULATIVE
PERCENTAGE

15.09
33.73
61.97
71.39
85.35
100.00

39.53
97.97
100.00

35.69
100.00

50.60
100.00

43.29
64.90
92.38
100.00

53.68
100.00

3.1. Kaplan-Meier Estimate and Log Rank Test
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Survival curve of some factors responsible for infant mortality

H,: The Survival function is the same for residents of the

mother

H;: The Survival function is not the same for residents of

the mother.
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Figure 2. Survival curve based on location of mother
Table 2. Log-Rank Test Comparing Resident
LOCATION Event observed Event expected
Urban 1496 1311.17
Rural 585 769.83
TOTAL 2081 2081.00
Chi square 71.86
Pr (chi square) <0.0001

Conclusion: evidence from the result it was observed that
the survival function is not the same for residents.

H,: The Survival function is the same for sex of the child

H;: The Survival function is not the same for sex of the

child
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Figure 3. Survival curve based on the sex of the child

Table 3. Log-Rank Test Comparing the sex of the child
SEX Event observed Event expected
Male 1145 1047.91
Female 936 1033.09
TOTAL 2081 2081.00
Chi square 18.46’
Pr (chi square) <0.0001

Conclusion: through the use of data was observed that the
survival function is not the same for the sex of the child.
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Kaplan-Meier failure estimates
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Figure 4. Survival curve based on financial status of the mother

Table 4. Log-Rank Test Comparing Wealth of Mother

WEALTH Event observed Event expected
Poor 418 425.57
Middle 1089 817.54
Rich 574 837.89
TOTAL 2081 2081.00

Chi square 177.34

Pr (chi square) <0.0001

Conclusion: through the use of data it was observed that
the survival function is not the same for wealth of the mother.

Table 5. Cox proportional hazards model results

Co-varieties | Hazard ratio | Std. err. VA P-value 95% Conf.  Interval
Urban 0.8891 0.0537 -1.93 0.054 0.7905 1.0019
Islam 0.8502 0.0617 -2.24 0.025 0.7374 0.9802
North East 1.2691 0.1100 275 0.006 1.0708 1.5041
North west 1.5235 0.1294 4.95 0.000 1.2898 1.7995
South East 1.5365 0.1526 432 0.000 1.2646 1.8668
South South 1.0715 0.1024 0.72 0.470 0.8885 1.2924
South West 0.9672 0.0959 -0.34 0.737 0.7964 1.1746
Male 1.2099 0.0533 432 0.000 1.1097 1.3191
Rich 0.8466 0.0614 -2.29 0.022 0.7343 0.9760
Poor 1.1626 0.0749 234 0.019 1.0246 13191
Primary 0.9342 0.0634 -1.00 0315 0.8179 1.0670
secondary 0.7707 0.6137 -3.27 0.001 0.6593 0.9009
Higher 0.6962 0.0870 -2.90 0.004 0.5449 0.8895
<18 1.0992 0.0515 2.02 0.043 1.0029 1.2049
>30 1.1317 0.1858 0.75 0.451 0.8203 1.5613

The Cox-Proportional Hazard Model was fitted to assess
the importance of various covariates in the survival times of
infant through the hazard ratio, the estimated regression
coefficients and hazard ratio between the groups of the
covariate were obtained, the hazard ratio which we will use
to interpret the cox proportional model is compare on its
closeness to 1.

Thus, the hazard ratio for religion adjusted for other
covariate relative to Christian is 0.8502 as obtained, since the

hazard ratio is less than 1, it implies that Christian patient
have a longer survival time than Islam patient and the risk of
dying at infant by the Christian patients is 0.8502 times that
of Islam patients. To test whether the covariate have any
significant effect in the model, the p-value were compared to
the significant level (0.05) and it was observed that the risk
of dying base on religion is significant since the p-value
(0.025) is less than 0.05.

Consecutively, the hazard ratio for region adjusted for
other covariate, relative to North Central is 1.2691, 1.5235,
1.5365 for North East, North West, South east respectively
this implies that North Central patient have a lower risk of
dying at infant than North East, North West, South which
have a shorter survival time. This contribute significantly to
the model at p-value 0.006, <0.001, <0.001 for North East,
North West, South respectively.

Hazard ratio for mother working during pregnancy was
obtain, the risk of dying while working during pregnancy is
1.0468 and have a shorter survival time. This does not
contribute significantly to the model at 0.729.

The hazard ratio for gender was obtain relative to female is
1.2099, which implies that the male have a shorter survival
time than the female. This is significant to the model at
<0.001 p-value.

The hazard ratio for wealth was obtain, the risk of dying
are 0.8466,1.626 for rich and poor respectively and have a
longer survival time if rich and shorter survival time if poor.
The wealth is significant to the model at 0.022 and 0.019 for
rich and poor respectively.

The hazard ratio for education was obtain relative to no
education are 0.7707, 0.6962 for secondary and higher which
implies that secondary and higher have a longer survival
time than no education. This is significant to the model at
p-value 0.001, 0.004 for secondary and higher respectively
p-value.

In the same vain, the hazard ratio for age was obtain
relative to 18-30 years is 1.0992 for >18, which implies, that
giving birth between the age > 18 have a shorter survival
time and it is significant to the model at 0.043 p-values.

4. Conclusions

This study shows some factors responsible for infant
mortality in Nigeria the factors found associated with infant
mortality are similar to those studied for other developing
countries. In spite of these known factors, sufficient progress
has not been recorded in infant survival in Nigeria, Future
studies need to provide insights on why progress in infant
survival has been very slow.

Research on inventive ways to deal with all inclusive
inclusion of infant survival mediation is additionally
alluring.




American Journal of Mathematics and Statistics 2018, 8(6): 184-189

REFERENCES

(1]

[10]

David g. Kleinbaum and Mitchel Klein (2005). Survival
Analysis, A Self-Learning Text. Second Edition. Springer
publishers, ISBN-13: 978-0387-23918-7. Library of
Congress Control Number: 2005925181.

Bamgboye EA, Familusi JB. Mortality pattern at a children’s
emergency ward, University College Hospital, Ibadan,
Nigeria. Afr J Med Med Sci. 1990; 19: 127-32.

National Population Commission (Nigeria). Nigeria
Demographic and Health Survey 2013. joshua Odunayo
Akinyemi, Elijah Afolabi Bamgboye and Olu-sola Ayeni,
Trends in Neonatal Mortality in Nigeria and Effects of
Bio-Demographic and maternal.

UNICEF, WHO, World Bank, United Nations. Levels and
Trends in Child Mortality: Report 2014. New York, 10017
USA: United Nations Children’s Fund; 2014. Levels and
Trends in Child Mortality: Report 2014.

Obubu, M. Nwokolo P.C (2016) “Prevalence of Breast
Cancer in Delta State, Nigeria.” World Journal of Probability
and Statistics. Vol. 2, No. 2, Pp 1-9.

Lawn JE, Kinney MV, Black RE, Pitt C, Cousens S, Kerber K,
et al. Newborn survival: a multi-country analysis of a decade
of change. Health Policy Plan. 2012; 27: iii6-28.
doi: 10.1093/heapol/czs053.

Oesterggaard MZ, Inoue M, Yoshida S, Mahanani WR, Gore

FM, Cousens S, et al. Neonatal mortality levels for 193
countries in 2009 with trends since 1990: A systematic
analysis of progress, projections, and priorities. PLoS Med.
2011; 8. doi:10.1371/journal.pmed.1001080.

National Population Commission [Nigeria] Nigeria
Demographic and Health Survey 2013. Calverton MD:
National Population Commission and ORC Macro
International; 2014.

Ahonsi BA. Age variations in the proximate determinants of
child mortality in south-west Nigeria. J Biosoc Sci. 1995; 27:
19-30. doi: 10.1017/S0021932000006970.

Manda SOM. Birth intervals, breastfeeding and determinants
of childhood mortality in Malawi. Soc Sci Med. 1999; 48:
301-12. doi: 10.1016/S0277-9536(98)00359-1.

[11] Titaley CT, Dibley MJ, Agho K, Roberts CL, Hall J.
Determinants of neonatal mortality in Indonesia. BMC Public

Health. 2008; 8. doi:10.1186/1471-2458-1188-1232.

14:269-81. doi: 10.1177/0972063412457509.

BMC Public Health. 2013; 13: 1-14.
doi: 10.1186/1471-2458-13-483.

1984; 10: 25-45. doi: 10.2307/2807954.

doi: 10.1016/j.1jg0.2004.11.012.

International Inc; 1995.

(17]

Sciences. 2017; 5(5): 1-5.
[18]

U.S.A, Vol. 6, No 2, pp. 27-33.

Important Links

[19] www.who.int/mediacentre/factsheet/fs/78/en/Wikipedia,
www.wikipedia.org

[20] http://www.maternalmortalitydata.org/Definitions.html

[21] http://www.unfpa.org/maternal-health

Kamal SMM. Maternal education as a determinant of
neonatal mortality in Bangladesh. J Health Manag. 2012;

Mekonnen Y, Tensou B, Telake DS, Degefie T, Bekele A.
Neonatal mortality in Ethiopia: trends and determinants.

Mosley W, Chen LC. An analytical framework for the study
of child survival in developing countries. Population Dev Rev.

Rutstein S. Effects of preceding birth intervals on neonatal,
infant and under-five years mortality and nutritional status in
developing countries: evidence from the demographic and
health surveys. Int J Gynecol Obstet. 2005; 89: 7-24.

Curtis SL. Assessment of the quality of data used for direct
estimation of infant and child mortality in DHS-II surveys.
Occasional Papers No 3. Calverton, Maryland: Macro

Obubu, M., Okoye Valentine, Omoruyi Frederick, Ngonadi
Lilian Oluebube (2017) “Infant Mortality; a continuing social
problem in Northern Nigeria: Cox Regression Approach.
American Journal of Innovative Research and Applied

Osuji G.A., Obubu, M., Obiora-Ilouno H.O (2016) “Uterine
Fibroid on Women's Fertility and Pregnancy Outcome in
Delta State, Nigeria.” Journal of Natural Sciences Research



	1. Introduction
	2. Materials and Method
	3. Data Presentation
	4. Conclusions

