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أ

إهــــــداء
وحدها ٌكىٌ نها اإلهداء  ....إنٍها ٌكىٌ انعص وانكبسٌاء  ....إنى فهسطٍٍ أو انتضحٍت وانفداء
إنى زوح انشهداء األكسو يُا جًٍعا
إنى انرٌٍ ٌقبعىٌ فً انسجىٌ  ...أسساَا انبىاسم
إنى انتً وهبتًُ كم انعطف وانحُاٌ  ...أيً انحُىٌ
إنى انري أعاًَُ عهى إكًال انًشىاز  ...أبً انغانً
إنى يسآة طفىنتً وذكسٌاتً  ...أخىاتً وإخىاًَ
إنى انرٌٍ عشت وأعٍش يعهى أجًم أٌايً  ...أصدقائً األعصاء
إنى انرٌٍ ساَدوًَ ووقفىا بجاَبً  ...أقازبً األعصاء
إنى أساترتً انكباز انرٌٍ أضاءوا نً شًعت انًعسفت فًضٍت عهى هدٌهى ويا شنت
يع تقدٌسي واعتسافً بفضههى
إنٍهى جًٍعا اهدي ثًسة جهدي  ،وأسأل اهلل أٌ ٌُفعُا به فً اندٍَا واَخسة .

ABSTRACT
Studying the duration of breastfeeding as a phenomenon experienced by other communities is very
important as it has many effects on many aspects of society. In the light of a available information,
it has been shown the absence of any published work on the factors affecting the breast feeding
duration in Palestine. This will enhance the importance of this study.
This study addresses the factors that have an effect on the breastfeeding duration of the Palestinian
children under the age of five years. This study is based on the Palestinian family survey data in
2006.
Survival analysis has been used through comparing between different survival models using
evaluation criterion (AIC), Log likelihood and Chi-Square test.
The parametric models and the "Cox" semi parametric model that is a well-recognized statistical
technique for exploring the relationship between the duration of breastfeeding and several
explanatory variables. It were also compared to determine which model is more suitable to analyze
the data in question. It was found that the Weibull parametric model, which has the least assessment
values, is the most appropriate one to analyze the study data and determine the factors that were
applied on the infants and the mothers in Palestine and to identify the most appropriate model to
analyze the study data and to identify the most important determinants of moral influence on the
breastfeeding period in Palestine.
The study concluded that the factors such as; Child's weight at birth in grams, Child's age in
months, Reasons of stopping breastfeeding, Mother's age in completed years and Mother's
educational status have a significant effect on the duration of breastfeeding. The findings also
revealed that factors such as; Mother's refugee status, Locality type, Total live births, Relation to
labor force (during the past week), Mother's smoking status have no positive effect on the duration
of breastfeeding.

I

الملخص
تكمن أهمية دراسة فترة الرضاعة الطبيعية كظاهرة من الظواهر التي تتعرض لها سائر المجتمعات سواء كانت متقدمة أو تسير في
طريق التقدم لما لها من آثار على جوانب عديدة في المجتمع حيث أن دراسة فترة الرضاعة الطبيعية لألطفال من الموضوعات
الهامة وفي ضوء المعلومات المتاحة لقد تبين عدم وجود أي من األعمال المنشورة على العوامل التي تؤثر على فترة الرضاعة
الطبيعية في فلسطين وهذا يعزز أهمية هذه الدراسة.

هذه الرسالة تتناول العوامل التي تؤثر على مدة الرضاعة الطبيعية لألطفال الفلسطينيين الذين تقل أعمارهم عن خمس سنوات في
فلسطين والتي تقوم على بيانات مسح األسرة الفلسطيني ،2006ومنهج التحليل المستخدم في هذه الدراسة هو تحليل البقاء الذي
ينطبق على الظاهرة محل الدراسة،وذلك من خالل المقارنة بين نماذج البقاء المختلفة باستخدام معيار التقييم ) ، (AICولوغاريتم
األرجحية واختبار مربع كاي حيث تم مقارنة النماذج المعلمية ونموذج كوكس شبه المعلمي المعروف وهو متعارف عليه كتقنية
طبقت على األطفال الرضع واألمهات في
إحصائية الستكشاف العالقة بين فترة الرضاعة الطبيعية والمتغيرات التفسيرية التي ُ
فلسطين،وأيضاً لتحديد أنسب نموذج لتحليل البيانات محل االهتمام،وقد توصلت الدراسة إلى أن نموذج ويبل المعلمي الحاصل
علىأقل القيم لمعيار التقييم ) (AICأيضاً الختبار مربع كاي باإلضافة إلى لوغاريتم األرجحية،هو النموذج األنسب والمالئم لتحليل
بيانات الدراسة ،وذلك للتعرف على أهم المحددات ذات التأثير المعنوي على فترة الرضاعة الطبيعية في فلسطين ،
وقد توصلت الدراسة إلى أن وزن الطفل عند الميالد ،عمر الطفل ،سبب وقف الرضاعة الطبيعية ،عمر األم ،والمستوى التعليمي
لألم لها تأثير معنوي على فترة الرضاعة الطبيعية ،وأخي اًر العوامل األخرى كحالة اللجوء ،نوع التجمع السكاني ،عدد الوالدات،
العالقة بالقوى العاملة ،حالة التدخين بالنسبة لألم لم تجد الدراسة ألي من هذه العوامل تأثير معنوي على فترة الرضاعة الطبيعية.
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CHAPTER 1
INTRODUCTION TO SURVVAL ANALYSIS
1.1 Background
The definition of survival analysis has been derived from its function, to describe and analyze data
at the definite starting time, in anticipation of happening some exacting event or what is called endpoint. It is called also failure data or reliability analysis. This failure is considered as a significant
category of data, but the definition may has some other implications in various fields: engineering,
for example, the period of time begins from initial use of component until it stop working to act
upon accurately. In medicine, time duration, from the patient had been diagnosed up to the time of
his death. The objective of a survival data analysis may be just to describe a single sample of data to
describe the lifetimes of a single population or to compare the lifetimes of two or more groups of
subjects; for example the two groups may have received different medical treatments and the
lengths of survival time measure how effective the treatments are.
The main two characteristics of data on times until failure are:
(a) The times are non-negative and have skewed distributions with long tails.
(b) A distinctive feature of survival data is that some observations may be censored: often the event
of interest (e.g. death of patient, failure of component, recovery of patient) has not occurred by the
time of recording so that all is known is that the lifetime for that subject is at least some value (and
may well be greater than this value). Such censoring cannot just be ignored since they carry
important information about the effectiveness of the treatment. This introduces a complication in
the statistical description and analysis of the data. (Fieller, 2011)
There are five different types of censoring, namely: right, left, interval, doubly and middle
censoring. (See, Jammalamadaka and Mangalam, 2003;Collett, 2003; Turnbull, 1974).
Many books and research papers have been written on the analysis of survival time data.
Some books that describe the analysis of survival data in details are: (Kleinbaum and Klein,
2005;Collett, 2003;Crowder, et al., 1991;Cox and Oakes, 1984 and Kalbfleisch and Prentice, 1980).

1.2 Breast feeding
Breast milk is a unique nutritional source that cannot adequately be replaced by any other food,
including infant formula. It remains superior to infant formula from the perspective of the overall
health, although pollutants can accumulate in it.
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Infants are fragile and susceptible to disease, partly because their bodies are not fully developed, so
they must be treated with special care and given adequate nourishment. (Lascalzo and Bryan, 2011).
Breastfeeding should continue up to two years or more and nutritionally adequate, safe, and
appropriately-fed complementary foods should be introduced at the age of six months to meet the
evolving needs of the growing infant, so the World Health Organization (WHO) recommends
exclusive breastfeeding during the first six months of life for optimal growth, development and
health. (Kimani-Murage, et al., 2011).
Studies have demonstrated a number of important health and economic benefits to breastfeeding,
can be summarized in the following:


Breast-fed children are more resistant to disease and infection and less likely to contract a
number of diseases later in life, including juvenile diabetes, multiple sclerosis, heart disease,
and cancer before the age of 15.



Mothers who breastfeed are less likely to develop osteoporosis later in life, and are able to lose
weight gained during pregnancy more easily and have a lower risk of breast, uterine and
ovarian cancer.



Breastfeeding is cheaper than buying formula.

1.2.1 Important factors that affect the period of breastfeeding
Breastfeeding is not only feeding the child, but is the exchange of love and strengthening of the
soul. When the child is feeding, he/she can hear the sound of the mother’s heart and this leads to
relaxation and calmness. Breastfed children tend to be healthier and sounder in terms of bodily and
spiritual health and psychologists believe that breastfeeding keeps children happy and content and
even has an effect on their attitude.
Being breastfed is one of the rights of a child and is also counted as the right of a mother, and has
been strongly recommended in the Noble Quran and traditions. Indeed, its benefits are widely
accepted in the world today. Of course, it should be kept in mind that breastfeeding is only
recommended if it does not pose any risk to mother or child.
Benefits to the Child in the First Years of Life:
Breast milk is widely acknowledged as the most complete form of nutrition for infants, with a range
of benefits for infants' health, growth, immunity and development. Breast milk is a unique
combination of nutrients essential to a child's health, and cannot be duplicated by any laboratory
formula. It provides a number of health advantages beginning at birth and continuing throughout a
child's life. In fact, a large number of the health problems today's children face might be decreased,
or even prevented, by breastfeeding the infant exclusively for at least the first six months of life.
2

The longer the mother breastfeeds, the more likely her child will get the health benefits of
breastfeeding (Bhimji and Hudda , 2005).
The American Academy of Pediatrics (AAP, 2012) recommends that mothers breastfeed for at least
the first year of a child's life and continue until they both feel they are ready to stop. In the first six
months, the baby should be nourished exclusively by breast milk. The slow introduction of ironenriched foods may complement the breastfeeding in the second half of the first year. Breast milk
without supplements during the first six months reduces the possibility of food contamination due
to tainted water or malnutrition as a result of over-diluted formula. Therefore, the child should be
nursed without the interference of water, sugar water, juices, or formulas, unless a specific medical
condition indicates otherwise. The AAP asserts that breast milk has the perfect balance of nutrients
for the infant. It is by itself enough sustenance for approximately the first six months of life and
should follow as the child's staple throughout the first year.
Based on section on breastfeeding health professionals recommend that breastfeeding begin within
the first hour of a baby's life and it be allowed as often and as much as the baby wants.
Chung et. al., (2009) are talked that some mothers pump milk so that it can be used later when their
child is being cared for by others and breastfeeding benefits both mother and baby. Infant formula
does not have many of the benefits (AAP, 2012).
It is estimated that about 820,000 deaths of children less than five years old could be prevented
globally per year through more widespread breastfeeding (Victora et. al., 2016). The American
Academy of Pediatrics (2012) pointed that the breastfeeding decreases the risk of respiratory tract
infections and diarrhea and this is true both in developing and developed countries. Other benefits
include lower risks of asthma, food allergies, celiac disease, type 1 diabetes, and leukemia. Also
breastfeeding may improve cognitive development and decrease the risk of obesity in adulthood.
Some mothers may feel considerable pressure to breastfeed, but children who are not breastfed
grow up normally – without significant harm to their future health (Lawrence and Lawrence, 2011).
Both of the American Academy of Pediatrics (2012) and (Victora et. al., 2016) are pointed that
benefits of breastfeeding for the mother include less blood loss following delivery, better uterus
shrinkage, weight loss, and less postpartum depression. It also increases the time before
menstruation and fertility returns, known as lactational amenorrhea. Long term benefits may include
a decreased risk of breast cancer, cardiovascular disease, and rheumatoid arthritis.
Kramer and Kakuma, (2012) reported that breastfeeding is less expensive for the family than infant
formula. Also health organizations, including the World Health Organization (WHO), recommend
feeding for six months only through breastfeeding. This means that no other foods or drinks other
than possibly vitamin D are typically given. After the introduction of foods at six months of age,
continued breastfeeding until at least one to two years of age is then recommended.
3

1.2.2 The case of breastfeeding in Palestine
Regarding the breastfeeding 2014, the survey showed that 96.6% of children aged (0-23) months in
Palestine were breastfed: 95.8% in the West Bank and 97.6% in Gaza Strip. The data showed also
that 38.6% of children in the age (0-5) months were exclusively breastfed: this percentage was
40.6% in the West Bank and 36.4% in Gaza Strip. Breastfeeding at the age of one year is 52.9% in
Palestine: 48.4% in the West Bank and 58.7% in Gaza Strip but breastfeeding at the age of two
years in Palestine reached 11.5% of children; 13.8% in the West Bank and 8.4% in Gaza Strip.
Based on the annual report: Palestinian Children – Issues and Statistics for 2013, it is noted that
breastfeeding rates in Palestine are good as the breastfeeding child average was 13 months. 62.8%
of children started breastfeeding within the first hour of birth. The results indicated that 95.8% of
children were breastfed in 2010: 95.4% in the West Bank and 96.2 in Gaza Strip while 28.8% of
children aged (0-5) months were exclusively breastfed; 59.6% in the West Bank and 27.8% in Gaza
Strip.
Based on a study conducted on the Palestinian family data survey in 2010, (Zaid, 2014) from
Nablus pointed out in her study to the awareness of the importance of breastfeeding for the mother
and the child. The rates of children under 5 years, who were breastfed in Palestine, were high,
particularly in Gaza Strip more than in the West Bank. That is because of women nutrition and milk
adequacy to the child, as well as women work, which deprives the child from breastfeeding.
The study carried out by (Zaid, 2014) showed that the ratio of exclusive breastfeeding in Palestine
in the years 2006 and 2010 remained the same and this indicated the women awareness of
breastfeeding importance. In the West Bank, the ratio rose in 2010 than in 2006, unlike in the Gaza
Strip, which fell as in 2010. The reason for this could be due to giving the child supplementary food
such as water or vitamins because of insufficient breastfeeding.
Health surveys of the years 2006 and 2010, showed that (65%, 62.38%) of the children were
breastfed within the first hour of birth. This is due to the nature of birth, which can delay
breastfeeding especially in the case of caesarean birth, the nature of the mother's milk; some women
do not have enough milk during the first hour of birth to feed the child and the health of the child.
After a continuous research, it has been shown the absence of any published work on the factors
affecting the breast feeding duration in Palestine. This will enhance the importance of this study
which aims at exploring the major social and economic factors that could affect the length of
breastfeeding.

1.3 Literature Review
Bahl, (2016), has used the estimated relative risks and log binomial and Poisson regression with
robust variances in order to show the association between timing of breastfeeding initiation, post4

enrolment neonatal and post neonatal mortality up to 6 months of age, as well as the associations
between breastfeeding pattern and mortality.
The findings show that early initiation of breastfeeding reduces neonatal and early infant mortality
both through increasing rates of exclusive breastfeeding and by additional mechanisms. Both
practices should be promoted by public health programs and should be used in models to estimate
lives saved.
Thakur, et al., (2015), conducted a cross-sectional study in Immunization Clinic of Government
Medical College. Employed survival analysis (Life table) and hazard function in order to determine
the duration of exclusive breastfeeding. The study population consisted of 197 mother infant pairs
attending the Immunization Clinic. The results showed that the delay of weaning practices are a
major concern in the study area which needs attention.
Martins, et al., (2014), assess the determinants of exclusive breastfeeding abandonment by
longitudinal study based on a birth cohort in Southeastern Brazil where 168 new mothers accessing
the public health network were followed. The Edinburgh Postnatal Depression Scale was applied to
identify depressive symptoms after analyzed the exclusive breastfeeding abandonment in the first,
second, and fourth months after childbirth.
The findings showed that Psychosocial and socio-demographic factors were strong predictors of
early exclusive breastfeeding abandonment. Accordingly, it is necessary to identify and provide
early treatment to nursing mothers with depressive symptoms, decreasing the associated morbidity
and promoting greater duration of exclusive breastfeeding.
Motee, et al., (2013), assessed breastfeeding patterns, infant formula feeding pattern among
mothers in Mauritius, and investigated the factors that influence infant nutrition. 500 mothers were
interviewed using a questionnaire which was designed to elicit information on infant feeding
practices. Statistical analyses were done using SPSS and the result was that the factors found to
influence infant feeding practices are type of delivery, parity, alcohol consumption, and occupation,
education, and breast problems.
Akter and Rahman,(2010), employed the life table and Cox’s proportional hazards model for
assessing the duration of breastfeeding and the socio-demographic factors affecting it, based on data
collect from the Bangladesh Demographic and Health Survey (2004).
The results showed that the duration of breastfeeding was positively associated with maternal age,
contraceptive-use, work status, and religion and was negatively associated with age at marriage,
parity, delivery status, region, and mother's education.
Xu, et al. (2007), used survival analysis to calculate the mean of ‘exclusive breastfeeding’ and
explore factors affecting its duration in Xinjiang, PR China.
5

The results highlighted that the average ‘exclusive breastfeeding’ duration in Xinjiang was 1.8
months. ‘Exclusive breastfeeding’ duration was negatively associated with mother’s going to work
and using pacifier. While, it was positively associated with ‘whether the maternal mother breastfed
her children’ and deciding ‘exclusive breastfeeding’ before delivery.
Abada, et al. (2001), analyzed the supplementary food variables among a large representative
sample of women in the Philippines by using the Cox proportional hazards model and examined
modern and traditional factors that may lengthen or shorten the duration of breastfeeding. The
results showed that traditional factors associated with breastfeeding do not play a significant role in
the mother's decision to continue breastfeeding.
Scott, et al. (2001), used multivariate regression analysis to identify determinants of the initiation
and duration of breastfeeding amongst Australian women. Findings suggest that, breastfeeding at
discharge was most strongly associated with perceived paternal support of breastfeeding with an
adjusted odds ratio. Duration of breastfeeding was most strongly associated with the length of time
a mother intended to breastfeed with an adjusted relative risk.
Scott, et al. (1999), used a Cox survival analysis of factors associated with duration of
breastfeeding a positive association was found with mother's education, age and intended duration
of breastfeed.
Riva, et al. (1999), evaluated the factors associated with initiation and duration of breastfeeding in
Italy1601(73%) respondents among 2192 randomly selected mothers were interviewed within one
month of delivery, Mothers who started breastfeeding (85%) were followed-up for 12 month, in this
study Cox multiple regression analysis showed a negative association between duration of
breastfeeding and paciﬁer use, and a positive association with a higher level of maternal education.
The results showed that mothers need support with breastfeeding, particularly those from lower
social backgrounds and with lower levels of education. Early use of the paciﬁer should be
discouraged.
Persson, (1985), studied the factors associated with the mother and the child for studying the
duration of breastfeeding by multivariate approach. Based on data taken from studies of infants in
three distinct areas of Sweden between 1979 and 1981. The education level and the smoking habits
of the mother were shown to be predictors of the prevalence of breastfeeding in children of 3
months of age.
The findings suggest that the education of the mother, her smoking habits, age, were also found to
be significantly associated with breastfeeding patterns.
Huffman and Lamphere, B.B., (1984), reviewed the factors influencing the impact of
breastfeeding on child survival and details issues in the measurement of the nutrient intake, antiinfective properties, and contraceptive effect of breastfeeding, demographers.
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1.4 Statement of Problem
Due to the importance of breastfeeding and because of its positive impact on the health of the child
and the mother. Moreover, the absence of any published work on the factors affecting the breast
feeding duration in Palestine, the researcher will analyze the breastfeeding duration based on the
data from the Survey of the Palestinian Family Health, 2006, to stand on the positive and negative
factors affecting the lengthen or shorten of breastfeeding among Palestinian children.
Survival analysis procedures will be implemented to achieve the main objective of this study,
results of this study will help decision makers and to consider factors that affect the duration of
breastfeeding in their planning and raise a meanness campaigns.

1.5 Objective
This study aims to achieve the following objective:
1. To describe the features of breastfeeding duration in Palestine.
2. To compare the breastfeeding survival time for various socio-economic groups.
3. To assess the association between a set of socio-economic variables and the breastfeeding
duration in Palestine.
4. To investigate the adequacy of the fitted model for the data.
5. To draw up some recommendation for women, physician and decision makers.

1.6 Methodology
To achieve the objectives of the study researcher is going to take the following steps:
1. Review relevant literature on the modeling of survival data and factor that are commonly affect
the duration on breastfeeding.
2. Three files of the Survey of the Palestinian Family Health 2006, contain the relevant data of
children under 5 years, women, and the roster files will be merged to establish a comprehensive
data set includes the considered factors in one sheet.
3. The merged data will be checked to ensure its quality.
4. Children with ages equals to the length of breastfeeding will be considered as right censored,
where the exact time of stopping breast feeding is unknown.
5. The data will be explanatory analyzed to study its features.
6. Survival rate and survival probability will be estimated using the Kaplan-Meier method.
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7. The log-rank test will used to compare between the subgroups of categorical variables.
8. Cox proportional hazard model as a semi parametric model will be used to fit the data.
9. The influential points and possible outlier will be detected and will be treated appropriately.
10. A set of popular statistical software will be used to analyze the survival data of the duration of
breastfeeding in Palestine including, SPSS, S-Plus STATA and R.

1.7 Thesis outline
To clarify the content of this study, it is divided into five chapters.
Chapter one includes background, studies about survival modeling for breast feeding period, aims,
objectives and methodology of the study, the most important factors that affect the duration of
breastfeeding and previous studies.
Chapter two includes censoring mechanisms, survival function, hazard function, estimating of
survival function, and stratified tests.
Chapter three includes modeling hazard function, Cox regression model, estimating parameters of
the proportional hazard model and procedures of variables selection as well as model checking.
Chapter four includes the practical side where data of identifying the breastfeeding determinants
using survival models is explained.
Chapter five shows the important findings and recommendations that have been reached through the
methods of estimating survival models learned from the study.
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CHAPTER 2
PROCEDURES FOR THE ANALYSIS OF SURVIVAL DATA
2.1 Introduction
This chapter aims to review analysis methods that have been used in survival analysis. The survival
time's data contains main and distinctive part, so called censoring, where the censoring mechanisms
are covered in Section 2.3, where the different types of censoring are presented. We shall define the
basic survival function and show how they are interrelated in Section 2.4. The Kaplan-Meier
approach estimates the survival curve in the presence of censored observations also this is what will
be considered in Section 2.5 and also nonparametric and parametric approaches are discussed in the
same Section. The log-rank test is preselected to compare estimates of the hazard functions of the
two groups at each observed event time and to compare the survival distributions of two samples,
this will be reviewed in the last section.

2.2 Time-to-Event Data and Censoring
Time-to-Event Data is that the data that have the time as a principal end point as an event occurs.
Some examples for time-to-event data is time until an electrical component fails, time needed to
recover from illness and then the subjects in these studies may provide a survival time or a
censoring time. If not all the subjects in data will have experienced the event at the end of the
follow-up period, this is called censoring, meaning that the observation period ended without
observing the event of interest. Censoring may occur due to various reasons. Klein and Kleinbaum
(2005) listed three main reasons of censoring:
1- An object does not experience the event before the study ends.
2- An object is lost to follow-up during the study period.
3- An object withdraws from the study because of other failure reasons.
It is not possible in these cases to know if and when the subject would have experienced the event.
As an example, consider a study of a group of patients who suffer from a certain disease. Let 𝑇 be
the time to death after diagnosing the desease. Subjects who are still alive at the end of the study or
who were dropped from the study and the current status is unknown, will be the censored
observations. Consider another example as a study of a group of patients who received treatments
for a certain illness. Let 𝑇 be the time to cure after the treatment. In this case, censored objects are
those who still need treatments at the end of the study.
Thus censoring is usually coded as follows;

1 : if not censord event,
0 : if censored .
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There are different censoring mechanism (Abeysundara and Hemalika, 2010).

2.3 Censoring Mechanism:
There are several mechanisms that can lead to censored data. A survival time is if it began or ended
within some particular interval of time, and thus the total spell length (from entry time until
transition) is not known exactly. We may distinguish the following types of censoring:
2.3.1 Type I censoring:
It refers to studies where all subjects enter the study at the same time and experiment is
terminated at a specific time tc .
Hence;

1 : if T  tc
0 : if tc  T

 

event occured
censored

In type I censoring, if there are no accidental losses, all censored observations equal the length of
the study period (Lee, 2003).
In this type, the total duration of the study are fixed while the number of events (i.e, the number of
individuals who have been exposed to the event) is a random variable. This kind of censoring is
called (fixed censoring), within which the time of stopping the study is determined after a specified
period of time (Fieller, 2011).
Figure 2.1shows the Type I censoring mechanism where the subjects who observed the event of
interest after time tc are the censored data (Abeysundara and Hemalika, 2010 ).

Figure 2.1: Type I censoring
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Up to date, there are five known censoring mechanism of Type I censoring occur in survival data,
which are mainly classified according to the status of objects and time of checking up the
occurrence of the desired event.
1. Right censoring:
It is the most common situation in survival data, and this case is linked to the individuals that the
event did not happen to it. Some individuals stay alive at the end of the study which means that the
residence time of the individuals exceeds a point of the end of the study tc and the individuals are
called at the right censoring.
Right censoring may occur because of:
1. Researcher's decision to end the study before the event occurs.
2. The inability to reach the individuals for any reason.
3. Some individuals did not get its event.
2. Left censoring:
Suppose that we have a single individuals in the study, but the exposure time of the risk is
unknown, for example, cancer patients and AIDS patients. The beginning of the infection time is
unknown but death time is well known because of this disease. This individuals is called left
censoring.
3. Interval censoring:
In this case, the time of occurrence of the event is not exactly known for some individuals, but the
known is the period of time in which the event occurred, and it is said about this individual's
interval censoring (Fieller, 2011).
4. Doubly Censoring:
When some of the data are censored on the left and some on the right, in other words if both left and
right censoring occurs simultaneously, Turnbull (1976) introduced a special type so-called doubly
censored for example analyzed a real sample consists of 65 children from Kenya are tested monthly,
if they had learned certain tasks, double censoring occurred due to late arrivals (those who already
learned the skills before entering the study) and losses ( those who had not acquired the skill by the
end of study time ).
5. Middle Censoring:
Jammalamadaka and Mangalam (2003) introduced the middle censoring' scheme in non-parametric
set up is called a general censoring scheme. If a data point is not observable when it falls inside a
random interval here middle censoring is occur. The middle censoring scheme can be described as
follows:
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Suppose 𝑛 identical items are set in test and the lifetimes of these items are T1 ,, Tn . For the ith
item, there is a random censoring interval Li , Ri , which follows some unknown bivariate
distribution. Ti is observable only if Ti  Li , Ri , otherwise it is not observable.
Iyer, et al. (2008) presented the analysis of middle censored data with exponential lifetime
distribution, and recently, Bennett (2011) explored middle censoring for further parametric models
like the Wei-bull and Gamma families and for parametric models with covariates, recently Abuzaid, et al. (2015) studied the robustness of middle censoring.
2.3.2 Type II censoring:
In this case, the number of individuals that have known event occurs (fixed) in advance, while
the total study period is a random variable which can not be known in advance and the time of the
end of the study is to be determined after certain number of cases occurrence of the event.
Also we refer to the censoring as the type II censoring, when it is possible to terminate the
experiment after r th failure occurs out of n items.
The first n observations will obtain survival times and the rest of the n  r items will obtain failure
time = Tr as explained in Figure (2.2) (Abeysundara and Hemalika, 2010)

Figure 2.2: Type II Censoring

2.3.3 Type III censoring (Random Censoring):
In this type, every individuals has expected time censoring C i and expected survival time Ti assumed
that the time censoring and survival time of two random variables are independent. We note that

i  min( Ci , Ti )

i is a time of survival or censoring time whichever is less, and the cursor variable named di and
tells us that the viewing ended in death or censoring, and this type is a combination of two previous
types (Fieller, 2011).
In real life practice, not all the subjects are enrolled at the same time and thus the follow-up period
can vary from one subject to another. Random censoring allows subjects to enter the experiment at
any time. Right censoring is presented here and left censoring is analogous. They may;
1. Loss to follow up - we do not see them but only know that they are still alive - Censored.
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2. Drop out/died - Uncensored
3. Survive at the end of the experiment – Censored

Figure 2.3: Random censoring

A life time associated with a specific individual in a study is considered to be left censored if it is
less than the censoring time. That is, the event of interest has already occurred before the beginning
of the study. A study may contain right censored data, left censored data or both.
Both means that the random censoring data that is a combination of right censoring and left
censoring(Abeysundara and Hemalika, 2010 ).
2.3.4 Informative and Non-informative censored
In informative censoring, the event and censoring rates are assumed to be the same conditional on
the level of the covariates. Essentially means that within any subgroup of interest, the subjects who
are censored at time t should be representative of all the subjects in that subgroup who remained at
risk at time t with respect to their survival experience. In other words, censoring is independent
provided that it is random within any subgroup of interest. So independent censoring is a less
restrictive form of random censoring (where we would not be taking into account the survival
profile by covariates) (Campigotto and Weller, 2014).
Non-informative censoring is when time to event and time to censoring are independent conditional
on the level of covariates. It is occurs if the distribution of survival times (T ) provides no
information about the distribution of censorship times (C ) , and vice versa. The assumption of noninformative censoring is often justifiable when censoring is independent and/or random;
nevertheless, these assumptions are not equivalent. In non-informative censoring we assume that the
time to censorship distribution is not related to the time-to-event distribution (e.g. if a patient in a
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study received the event, then another patient in the study is selected randomly to leave the study).
(Kleinbaum and Klein, 2011)

2.4 Survivor Function and Hazard Function
This section present the most common function in survival analysis, namely, the survival and
hazard function.
2.4.1 The survival function
Survival function is the probability that the random survival time variable T is greater than or
equal to a specific t . Let F (t ) be the cumulative distribution function of t and the survivor function is
the right tail probability, where T  0 have a pdf f (t ) and cdf F (t ) . (Smith, et al., 2003)
The purpose of survival analysis is to compare and estimate survival experiences of different groups
and it can describe survival experience by the cumulative survival function, then the survival
function takes on the following form:

S (t )   T  t  1  F (t )

(2.1)

t

where, F (t )   (T  t )   f (u ) du
0

Survival function gives the probability of surviving or being event-free beyond time t . Because S t 
is a probability, it is positive and ranges from 0to 1, it is defined as S (0)  1 and as t approaches  ,

S (t ) approaches 0 . Survival curve describes the relationship between the probability of survival and
time as given in Figure (2.4).

Figure 2.4: The probability of survival vs time

They are non-increasing; that is, they head downward as t increases. At time as t   ,

t  , S (t )  S ()  0 ; that is, theoretically, if the study period increased without limit, eventually
nobody would survive, so the survivor curve must eventually fall to zero.
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The time when S (t )  0.5 is termed the life expectancy in the population. Usually in practice, we
don't reach the median survival at exactly one of the failure times. In this case, the estimated median
survival is the smallest time T such that Sˆ (t )  0.5 (Sameer, 2009).
Also, the median survival time could be simply estimated by the sample median of survival times
with every survival time observed exactly in the absence of censoring, while in the presence of
censoring, we need to use the Kaplan–Meier estimate Sˆ (t ) to estimate the median as explained in
Section (2.5.2) (Vittinghoff, et al., 2004).
2.4.2 The hazard function
We often modeling the lifetime through the hazard function h(t ) which measures the 'risk' or
'proneness' to death at time t , given survival up to time 𝑡. It is the probability that an individual dies
at time t , conditional on he having survived to that time. Hazard function represents the
instantaneous death rate for an individual surviving to time t (Fieller, 2011).
The hazard function describes the concept of the risk of an outcome (e.g., death, failureand
hospitalization) in an interval after time 𝑡, conditional on the subject having survived to time 𝑡. It is
the probability that an individual dies somewhere between t and t   , divided by the probability
that the individual survived beyond time 𝑡. It seems that the hazard function be more intuitive to use
in survival analysis than the pdf because it aims to determine the size of the instantaneous risk that
an event will take place at time 𝑡 given that the subject survived to time t (Smith, et al.,2003).
The hazard function species the instantaneous rate of failure at T  t given that the individual
survived up to time t and is defined as

h(t )  lim 
t 0

t  T  t  t T  t  f (t )
f (t )


t
S (t ) 1  F (t )

(2.3)

The hazard function is also referred to as the risk or mortality rate. The hazard is a rate rather than a
probability. It can assume values in 0,   . It is easily verified that ht  specifies the distribution of T
, since

h(t ) 

 dS (t ) / dt
d log( S (t ))

S (t )
dt

(2.4)

The cumulative hazard function is the integral of the hazard function. It can be interpreted as the
probability of failure at time x given survival until time x :



 (t )   ht  dt
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This function is supported for continuous distributions only.
It can be expressed about the cumulative sum of the hazard probability function as:

 (t )   log S (t )
The relationship between survivor function and hazard function can be summarized as follow:
(Gage, 2004),
1. Survivor function, S (t ) defines the probability of surviving longer than time 𝑡.
2. This is what the Kaplan-Meier curves show as presented in Section 2.5.
3. Hazard function is the first derivative of the survivor function over time

h(t )  dS (t ) / dt .
4. Instantaneous risk of event at time 𝑡 (conditional failure rate).
5. Survivor and hazard functions can be converted into each other.

2.5 Estimating of the Survival Function
The estimation of survival function can be obtained either parametrically or non-parametrically.
There are three main assumptions that are necessary to ensure the correct estimate of the survival
probability in presence of censored data.
These assumptions are as follows: (Abeysundara and Hemalika, 2010),
1.

The subjects who are censored have the same survival distribution as those who continue the
observation during the study. That is the censoring process which is independent of the
primary endpoint.

2.

The subjects who first joined the study have a longer observation period and then have more
chances to experience the event than subjects enrolled at the end of recruitment period.

3.

Survival probability is the same for subjects enrolled at the beginning and at the end of
recruitment period. And then for some events such as diagnosing a cancer, it is not possible to
identify the exact date when the event happens.

2.5.1 Parametric approach
To select a basic survival distribution, one of the simplest and efficient tool is graph which has
long been used to display and interpretation of data. When data consists of censored and uncensored
observations, then appropriate graphical technique is ‘Hazard Plotting’ which is a subjective
method based on visual examination in which observations are plotted against cumulative hazard
values. To determine the appropriate probability distribution of the survival data amongst the
available distributions we started with the graphical approach of P-P plot technique for modeling
the hazard rates (Lee, 2003). Subsequently, The Anderson-Darling Test (Stephens, 1974) is
employed to test for distributional adequacy that a sample of data comes from a population with a
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specific distribution (Thoman and Bain,1969). So this test is more sensitive to deviations in the tails
of the distribution and uses the specific distribution being tested, in computing critical values.

 0 : The data follows a specified distribution.
 a : The data do not follow a specified distribution.
Test Statistic:  2     S
where:


S 
i 1

(2i  1)
log F (i )  log (1  F (N 1i ))


(2.5)

where  is the sample size, F is the cumulative distribution function of specified distribution and i
are the ordered data.
For the Weibull distribution cumulative distribution function is


F ( x)  1  e

x
 
 

, for

x0

(2.6)



x
and cumulative hazard function is  ( x)    .
 

For the exponential distribution cumulative distribution function is

F ( x)  1  e

x
 
 

for

x  0 (2.7)

x
and cumulative hazard function is  ( x)    .
 

Compared to the exponential distribution the Weibull has a lot more flexibility, depending on the
value of  . The exponential distribution is widely used, However, it is not very flexible
(Siddiqa,2012).
2.5.2 Nonparametric approach
We know that the survivor function S (t ) gives the probability that a person survives longer than
some specified time t : that is, S (t ) gives the probability that the random variable T exceeds the
specified time t and survivor function in practice is estimated as:
Number of individuals in the sample who survive longer than t
Sˆ (t ) 
Total number of individuals in the sample

(2.8)

We have previously mentioned that the hazard function denoted by h(t ) , also called the
instantaneous failure rate, conditional mortality rate, force of mortality and age specific failure rate.
In practice, the hazard function is estimated as the proportion of patients dying in an interval per
unit time, given that they have survived to the beginning of the interval:
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Number of patients dying perunit time in the int erval
hˆ(t ) 
Number of patients surviving at t

(2.9)

A non-parametric estimation of survival and hazard function are obtained by Kaplan-Meier as
follow. Besides the description of a variety in two or more groups of the estimated survival time
distributions and the plots of the survival rates are simply start of the survival analysis, researchers
require a statistical test to conclude that, these differences are statistically significant or caused by
“chance variation”. As, a short dissimilarity perhaps statistically significant due to the large sample
size and a large dissimilarity possibly will not, in the small sample size. To execute a statistical test
to calculate the amount of differences between two survival curves , so it is expected that uses the
Log-Rank test to compare the difference between the two survival curves. (Siddiqa,2012).
(a) Kaplan-Meier survival curves
Kaplan and Meier (1958) put forth a new, efficient method for estimating patient survival rates,
taking into account the fact that some patients may have died during a research trial while others
will survive beyond the end of the trial. The method is derived based on information from those
who have died and those who have survived to estimate the proportion of patients alive at any point
during the trial is called the Kaplan-Meier estimator (also known as the product limit estimator).
The estimator is plotted over time and the resulting curve, which is a series of horizontal steps of
declining magnitude that, when a large enough sample is taken, approaches the true survival
function for that population, this is called the Kaplan-Meier curve.
In medical research survival curves are almost universally generated by the Kaplan–Meier method
(Costella,2010).
The Kaplan-Meier estimate is the simplest way of computing the survival over time despite all these
difficulties associated with subjects or situations.
An important advantage of the Kaplan–Meier curve is that the method can take into account
some types of censored data, particularly right-censoring, which occurs if a patient withdraws from
a study. On the plot, small vertical tick-marks indicate losses, where a patient's survival time has
been right-censored. When no truncation or censoring occurs, the Kaplan–Meier curve is the
complement of the empirical distribution function.
Let S (t ) be the probability that a member from a given population will have a lifetime exceeding
time, t . For a sample of size N from this population, let the observed times until death of the 
sample members be t1  t2  t3    t N .
Corresponding to each ti is ni , the number "at risk" just prior to time ti , and di , the number of
deaths at time ti .
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The Kaplan–Meier estimator is the nonparametric maximum likelihood estimate of S (t ) , where the
maximum is taken over the set of all piece-wise constant survival curves with breakpoints at the
event times ti . It is a product of the form

n  di
Sˆ (t )   i
ni
ti t

(2.10)

When there is no censoring, ni is the number of survivors just prior to time ti . With censoring, ni is
the number of survivors minus the number of losses (censored cases). It is only those surviving
cases that are still being observed (have not yet been censored) that are "at risk" of an (observed)
death (Collett , 2003).
(b) Non-parametric estimators of the hazard function – the Kaplan-Meier estimator
Let Ti , i  1,, n are independent and identically random variables with distribution function F and
survival function S (t ) . However, we do not know the class of functions from which F or S t  may
come from. Instead, we want to estimate S (t ) non-parametrically, in order to obtain a good idea of
the ‘shape’ of the survival function. Once we have some idea of its shape, we can conjecture the
parametric family which may best fit its shape.
If the survival has not be censored the ‘best’ nonparametric estimator of the cumulative distribution
function F is the empirical likelihood
n

Fˆ n(t )   I (t Ti ) .
i 1

Since Fˆn (t ) is an estimator of the distribution function 𝐹 where I is an indicator function. It is clear
1 n
that an estimator of the survival function S (t ) is Sˆn (t )  1  Fˆn (t )  i1 I (t Ti ) .
n

and the maximum likelihood estimator of the hazard
d
hs  (  ts ) / (  ts 1 ) is hˆs  s
s

where d s are the number of failures at time t s and  s are the number of survivors just before time t s .
In many respects, this is a rather intuitive estimator of the hazard function. For example, if there is
no censoring then it can be shown that maximum likelihood estimator of the hazard is

hˆ 

ds

is d s




number of failures at times
number who survive just before times

which is a very natural estimator.
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(2.11)

2.6 Stratified Tests
In many cases, we need to compare two or more sets of survival data, after taking into account
of additional variables recorded on each individual. As an illustrative example, consider a multicentered clinical trial in which two types of chemical treatment are to be compared in terms of their
effect on the survival times of lung cancer patient. Also information on the survival times of
patients in each treatment group will be available from each center and the resulting data are then
said to be stratified by center.
The individual log-rank or Wilcoxon tests will be informative which based on the data from each
center, but a test that combines information about the treatment difference in each center would
provide a more precise summary of the treatment effect. The similar case would arise in trying to
test for treatment differences when patients are stratified according to variables such as age group,
sex, performance status and other potential risk factors (Collett,2003).
2.6.1 Log-Rank Test
It is the most commonly-used statistical test for comparing the survival distributions of two or
more groups (such as different treatment groups in a clinical trial). In statistics, the log-rank test is a
hypothesis test to compare the survival distributions of two samples. It is a nonparametric test and
appropriate to use when the data are right skewed and censored (technically, the censoring must be
non-informative).
The log-rank test statistic compares estimates of the hazard functions of the two groups at each
observed event time. It is constructed by computing the observed and expected number of events in
one of the groups at each observed event time and then adding these to obtain an overall summary
across all time points where there is an event.
Let j  1,, J be the distinct times of observed events in either group. For each time j , let  1 j and
 2 j be the number of subjects "at risk" (have not yet had an event or been censored) at the start of

period j in the two groups (often treatment vs. control), respectively. Let  j  1 j   2 j . Let 1i
and  2 j be the observed number of events in the groups respectively at time j , and define
 j  1i   2 j .

Knowing that  j events happened across both groups at time j , under the null hypothesis (of the
two groups having identical survival and hazard functions) 1i has the hyper-geometric distribution

20

with parameters  j , 1 j and  j . This distribution has expected value 1 j 
Vj 

j
j

, and variance

1 j ( 1 j /  j )(1  1 j /  j )(  j   j )
 j 1

The log-rank statistic compares each 1 j to its expectation E1i under the null hypothesis and is
defined as




J
j 1

(1 j  1 j ) 2

 j1V j
J

.

If the two groups have the same survival function, the log-rank statistic is approximately standard
normal. A one-sided level α test will reject the null hypothesis if   z where z is the upper
quantile of the standard normal distribution. If the hazard ratio is  , there are n total subjects, d is
the probability a subject in either group will eventually have an event (so that nd is the expected
number of events at the time of the analysis), and the proportion of subjects randomized to each
1
group is 50%, then the log-rank statistic is approximately normal with mean log  nd and
2

variance 1 (Schoenfeld, 1981).
For a one-sided level α test with power 1   , the sample size required is n 

4( z  z ) 2
, where z
d log 2 

and z  are the quantiles of the standard normal distribution.
The test is sometimes called the Mantel–Cox test. The log-rank test can also be viewed as a timestratified Cochran–Mantel–Haenszel test (CMH test) .
The CMH test is a method of inference for stratified categorical data. In particular, this test can be
used to test for an association between two variables after controlling for another factor. (Further
knowledge, see Shostak and Walker, 2010)

2.7 Common Parametric model for survival data
Let T denote a continuous non-negative random variable representing survival time, with
probability density function (pdf) f (t ) and cumulative distribution function (cdf)

F (t )  Pr T  t.We focus on the survival function S (t )  Pr T  tand the hazard function
h(t )  f (t ) / S (t ) .
Following we review some of the most important distributions popular for fitting the survival data:
(Bakker, 2007) and (Qi, 2009).
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2.7.1 Exponential distribution
The exponential is the simplest parametric duration model and it has constant hazard over time
which is h(t )   .Thus, the survivor function is S (t )    tand the density is f (t )   exp  t . It
can be shown that E (T )  1 /  and Var (t )  1/ 2 . Thus, the coefficient of variation is 1.
Figure (2.5) shows various functions of an Exponential model with   0.02 .

Figure (2.5) : Various Functions of an Exponential Model with 𝝀 = 0.02

2.7.2 Weibull distribution
Weibull is a two-parameter distribution, with the initial parameter  denoting the overall level of
the hazard and the parameter p determining its shape, denoted T ~ W ( , p) .The survivor function
is S (t )  exp(  t p ) and the hazard is h(t )   p ( t p 1 ) here, the parameter 𝑝is sometimes called a
“shape parameter” because it defines the shape of the Weibull distribution also the probability
density function is f (t )   p t p1 exp(  t p ) .
Figure (2.6) shows various Weibull hazards with   0.02 and also Figure (2.7) shows various
Weibull survival functions with   0.02 .

Figure (2.6) : Various Weibull Hazards with λ= 0.02
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Figure (2.7): Various Weibull Survival Functions with 𝝀 = 0.02

2.7.3Gompertzdistribution
The Gompertz is a log-Weibull distribution, the survival and hazard function of the Gompertz
distribution are given by:


S (t )  exp  (1  e t ) and



h(t )   exp ( t ) ,
respectively, for 0  t   and   0 . The parameter  determines the shape of the hazard function.
When   0 , the survival time then have an exponential distribution, i.e., the exponential
distribution is also a special case of the Gompertz distribution. Like the Weibull hazard function,
the Gompertz hazard increases or decreases monotonically. For the Gompertz distribution, log( h(t ))
is linear with t.
Figure (2.8) shows various Gompertz hazards with   0.001 .

Figure (2.8): Various Gompertz Hazards with 𝝀 = 0.001
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2.7.4 Gamma distribution
There are two different gamma models discussed in survival analysis literature. The standard (2parameter) and the generalized (3-parameter) gamma model. The gamma model means the standard
gamma model in this thesis. The probability density function of the standard gamma distribution
with two parameters  , p is defined by:

  pt p1e t 
 ,
f t   
 (  ) 
for 0  t   , and   0 , and   0 and survivor function is S (t )  1   t (t ) .
There is no explicit formula for the hazard either, but this may be computed easily as the ratio of the
density to the survivor function, h(t )  f (t ) / S (t ) .

2.8 Summary
This chapter has reviewed the main features and procedures of survival analysis including,
survival, censoring and hazard function, Kaplan-Meier Curves and some popular parametric
distribution of survival data.
The following chapter discusses the modeling of survival data.

24

CHAPTER 3
MODELING OF SURVIVAL DATA
3.1 Introduction
In this chapter, we will concentrate on the survival analysis using the method of the Cox
proportional hazards model, due to its several advantages. Section 3.2 introduces the modeling of
hazard function and Section 3.3 present the Cox regression model. In Section 3.4 and 3.5,
estimating the proportional hazards model and Section 3.6,estimating the baseline hazard functions
of the proportional hazards model are discussed. And then Section 3.7 reviews variables selection
procedures. Finally, model checking is discussed in the last Section.

3.2 Modeling the Hazard Function
Survival models relate to the time that passes before an event occurs to one or more covariates that
can be associated with that quantity of time. For example, taking a drug may cut one's hazard rate
for a stroke occurring, or changing the material from which a manufactured component is
constructed may double its hazard rate for failure. The hazard function h(t ) is the short-term event
rate for subjects who have not yet experienced the outcome event and it is systematically related to
both the survival and cumulative incidence functions. (Vittinghoff et al., 2004)
In a proportional hazards model (PHM), the unique effect of a unit increases in a covariate is
multiplicative regarding to the hazard rate. Such proportional hazards models are a category of
survival models in statistics. Usually in comparing two or more groups of times-to event. The
nonparametric methods may be used directly if the groups are similar, except for the treatment
under study. Very often, the subjects in the groups have some additional characteristics that may
affect their outcome. For example, subjects may have demographic variables recorded, such as age,
or education; behavioral variables, such as dietary habits, smoking history, physical activity level,
or alcohol consumption; or physiological variables, such as blood pressure, blood glucose levels.
Such variables may be used as covariates (explanatory variables, confounders, risk factors,
independent variables) in explaining the response (dependent) variable. After adjustment for these
potential explanatory variables, the comparison of survival times between groups should be less
biased and more precise than a simple comparison. Through modification for these possible
explanatory variables, the comparison of survival times between groups should be less biased and
more accuracy than a simple comparison. To predict the distribution of the time to some event from
a set of explanatory variables. Here, the interest is in predicting risk factors for the important event.
In this chapter, we will consider in more detail the widely used multiplicative hazards model due to
Cox (1972), often called the proportional hazards model.
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3.3 Cox Regression Model
In survival models, the hazard function for a given individual describes the instant risk of
experiencing an event of interest within an infinitesimal interval of time, given that the individual
has not yet experienced that event. Cox (1972) proposed a semi-parametric model for the hazard
function that allows the addition of explanatory variables, or covariates, but keeps the baseline
hazard as a random, unspecified, nonnegative functional of time. The Cox hazard function for
fixed-time covariates, x is given by:

hi (t ) h (t ) exp (  xi )

(3.1)

Due to the construction of Cox hazard function, the baseline hazard h (t ) is defined as the hazard
function for that individual with zero on all covariates x, because the baseline hazard is not assumed
to be of a parametric form (Cox, 1972).
The Cox proportional hazards regression model is a flexible tool for assessing the relationship of
multiple predictors to a right-censored, time-to-event outcome and has much in common with linear
and logistic models.
For continuous outcomes in the linear model, the linear predictors 1 x1     p x p , which captures
the effects of predictors, is associated directly to the conditional mean of the outcome, y x , where
y x   0  1 x1     p x p

(3.2)

In the logistic model for binary outcomes, the linear predictor is linked to the conditional mean
through the logit transformation:

log

( x)
  0  1 x1     p x p
1  ( x)

(3.3)

In equation(3.3), p( x)  y x is the probability of the outcome event for a observations with
predictor values X  ( x1 ,, x p ) . In proportional hazards regression models, the linear predictor is
linked through the log transformation to the hazard ratio If the hazard ratio obeys the proportional
hazards assumption, and then does not depend on time, we can write
log R( )  log

h(t x)
 11     p  p (3.4)
h0 (t )

In (3.4), h(t x) is defined as the hazard at time 𝑡 for observations with all, that is the hazard at time 𝑡
for an observation with covariate value x , and h0 (t ) is the baseline hazard function and predictors
equal to zero. As it happened with the intercept in linear and logistic regression, this may mean that
the baseline hazard does not apply to any possible observation.
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By solving equation (3.4) for h(t x) we have
h(t x)  h0 (t ) exp( 1 x1     p x p )  h0 (t ) R( x)

(3.5)

Note that exponentiation the linear predictor ensures that HR (x ) cannot be negative, as required.
Moreover, taking the log of both sides of equation (3.5), we obtain
log h(t x)  log h0 (t )  1 x1     p x p

(3.6)

This indicates that the log baseline hazard plays the role of the intercept in other regression models,
and in this case it can change over time. Moreover, equation (3.6) defines a log-linear model, which
means that the log of the hazard is assumed to change linearly with any continuous predictors. Also
note that equation (3.5) defines a multiplicative model, meaning that the predictor effects working
on doubling the baseline hazard. This is like the logistic model, where the linear predictor works
doubly on the baseline odds. On the other hand, equation (3.2) shows that in the linear model the
predictor effects are additive with respect to the intercept  0 . (Vittinghoff, et al., 2004)
The hazard ratio (HR) is defined as the hazard for one individual divided by the hazard for a
different individual, (Klein and Kleinbaum, 2005).
The Hazard Ratio is
R 

hˆ(t ,  )
,(3.7)
hˆ(t , )

where   1  2    p and   1   2     p
In order to interpretation we usually want R  1 i.e. hˆ(t ,  )  hˆ(t , )
Where  group with larger hazard and  is group with smaller hazard.
By The formula for the Cox PHM

h(t , )  h0 (t ) exp (i1 i i )
p

(3.8)

where   ( 1 ,  2 ,,  p ) , we can Simplification of the HR as given below:
p

p
hˆ(t ,  ) hˆ0 (t ) exp (i1 ˆi i )
HR 

 exp( i1 ˆi ( i  i ))
p
hˆ(t , )
hˆ0 (t ) exp (i1 ˆi i )

(3.9)

3.4 Estimating the PHM Parameters
About estimation the parameters of models, there are two methods for estimating the
parameters of models whether parametric or semi parametric, such as the Maximum Likelihood
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Method which is used to estimate parametric models parameters, while the Partial Likelihood
Method is used to estimate Cox model parameters.
Later, we will explain estimation survival parametric models that we presented previously
presumed that the data includes the data of Cox semi-parametric model. (Lee, 2003)
3.4.1 Estimation of Exponential Model parameters
As we show in Section (2.7.1), obviously, the exponential distribution is characterized by one
parameter. We first consider singly censored and then progressively censored data. Suppose that
without loss of generality, the study or experiment begins at time 0 with a total of n subjects.
Survival times are recorded and the data become available when the subjects die one after the other
in such a way that the shortest survival time comes first, the second shortest second, and so on.
Suppose that the investigator has decided to terminate the study after r out of the n subjects have
died and to sacrifice the remaining n  r subjects at that time. Then the survival times for the n
subjects are
t1  t2     tr   tr 1    tn 

where tn  is a censored observation. In this case, n and r are fixed values and all of the n  r censored
observations are equal.
The likelihood function can be calculated as follow:
L

n!
r

(n  r ) !  e

  t i 

( e  t r ) n  r

i 1

and the MLE of 𝜆 is

̂ 

r



r

t  ir 1 ti

i 1 i 

n

Thus we get the required estimator for exponential distribution parameter.
3.4.2 Estimation of Weibull Model parameters
The Weibull distribution has the density and survivorship functions as shown in (2.7.2). Then, let us
consider a typical laboratory experiment in which subjects are entered at the same time and the
experiment is terminated after r of the n subjects have failed (or after a fixed period of time T). In
both of these cases the data collected are singly censored. The ordered survival data are
t1  t2     tr   tr 1    tn 

If the time to failure follows the Weibull distribution with the density function given as:
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S (t )  exp ( t p ) , the MLE of 𝜆 and 𝑝 may be obtained by solving the following two equations
(3.10) and (3.11) simultaneously:

n

r  ˆpˆ  tipˆ  (n  r ) tipˆ   0
 i1

r
r
 r log ˆ  i1 log ti  ˆpˆ
pˆ



(3.10)



t (log ˆ  log ti )  (n  r ) tpˆr  (log ˆ  log t( r ) )  0 (3.11)

r
pˆ
i 1 i

when data are progressively censored, we have
t1  t2    tr , tr1 ,, tn

If the survival distribution is Weibull defined by S (t )  exp(  t p ) , the log-likelihood function is:



l ( , p)  r log p  rp log   i1 ( p  1) log ti  p ip
r



n

i r 1

pti p

The MLE of 𝜆 and 𝑝 may be obtained by solving the two following equations simultaneously:
n
 r

r  ˆpˆ  tipˆ   ti pˆ   0
i r 1
 i1

r
n
 r

r
 r log ˆ   log ti  ˆpˆ  tipˆ (log ˆ  log ti )   ti pˆ (log ˆ  log ti )  0
p
i 1
i r 1
 i1


3.4.3 Estimation of Gompretz Model parameters
Assume that t1 , t2 ,, tn are the observed survival times from n individuals and the survival times
follow the Gompertz distribution, without loss of generality, and assume that t1 , t2 ,, tn are
uncensored and tr , tr2 ,, tn right-censored. The MLE of  and p can be obtained by solving the
following (3.12) and (3.13) equations using the Newton-Raphson iterative procedure.
n

e  r
r   1  exp( ti )   1  exp( ti )   0
  i1
i r 1




r

 ti 
i 1



(3.12)

n

e  r


1

(

t

1
)
exp(

t
)

1  ( ti  1) exp( ti )   0

i
i
2 
  i1
i r 1






(3.13)

3.4.3 Estimation of Gamma Model parameters
When data are singly censored, the survival times can be ordered as
t1  t2    tr  tr1    tn

wherer persons in the study have exact survival times recorded and n  r others have their lives
terminated after the rth death occurs. In this case, the maximum likelihood procedure becomes
much more complicated.
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r

Let S   ti  / r tr 
i 1

1r

 r

,    ti   / tr  ,    tr  ,
 i1 

The MLE of 𝜆and 𝑝 can be obtained by solving the two equations (3.14) and (3.15) simultaneously:

log  

n ( p) n
 n  J ( p,  )
 log     1
r ( p ) r
 r  J ( p,  )
p

S





1  n  e
  1
  r  J ( p,  )

(3.14)
(3.15)

where,


J ( p,  )   t p1 e  t dt ,
1

J ( p,  ) 




J ( p,  )   t p1 log t e  t dt .
p
1

3.4.4 Partial likelihood estimate for Cox proportional hazards model
Cox proposed in 1975 a partial likelihood method to estimate Cox regression parameters, and is
considered partial likelihood method developed to deduce that the data of the dependent variable
can be expected or predicted by independent variables.
And the partial likelihood as on the following formation:
m

Lp ( )  
i 1

e xi 
x 
e j

(3.16)

jR ti 

where, R ti  is all individuals that have the survival times which is greater than or equal to the
specified time, xi is the values of variable for a single individual that have an order survival time ti .
And the logarithm of partial likelihood function is given as the following form:
m 


Lp (  )    xi   ln
i 1 



e

jR ti 

xi




 

 


(3.17)

And that the estimator of partial likelihood function is obtained by taking differentiation on the right
part of the previous equation with respect to B, and equal the differentiation to zero.

Lp (  )


x 

 jRti   x j e j 

   xi  
0
xj  
e
i 1 
 jRti   

m

m 


   xi    wi j   x j 

i 1 
jR t ii  
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  xi  xwi 
m

i 1

where, wi j (  ) 



e

xj 

e xi 
iR t i  

and xwi 

 w   x

jR t i  

ij

j

3.5 Parametric Proportional Hazards Model
Qi,(2009) introduced that the parametric proportional hazards model is the parametric versions of
the Cox proportional hazards model. It is given with the similar form to the Cox PH models. The
hazard function at time t for the particular patient with a set of p covariates ( x1 , x2 ,, x p ) is given as
follows:
h(t , x)  h0 (t ) exp ( 1 x1   2 x2     p x p )  h0 (t ) exp(  )

The key difference between the two kinds of models is that the baseline hazard function is assumed
to follow a specific distribution when a fully parametric PH model is fitted to the data, whereas the
Cox model has no such constraint. The coefficients are estimated by partial likelihood in Cox model
but maximum likelihood in parametric PH model. Other than this, the two types of models are
equivalent. Hazard ratios have the same interpretation and proportionality of hazards is still
assumed. A number of different parametric PH models may be derived by choosing different hazard
functions. The commonly applied models are exponential, Weibull, or Gompertz models.

3.6 Baseline Survival Function Estimators
Depending on the full likelihood function that the aspect narrates, Breslow (1972)provided an
estimate for hˆ0 (t ) which is obtained by maximizing of h0 (t ) in which the parameters 𝛽are replaced
by the maximum partial likelihood estimators ˆ .
The estimator of the baseline survival function S 0 t  is given by



Sˆ0, (t )   1 
i t i t 





di

exp   j 


jR t i  


(3.18)

Where di is the number of death at time𝑡(𝑖)and R (t(i ) ) is the risk set at time ti .
Kalbfleisch and Prentice, (1973) proposed another estimator under Lehmann alternative model.
This method is based on a nonparametric full likelihood construction that produces the generalized
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MLE for h0 (t ) . If there are no relation , their proposed estimator of baseline survival function is
given by Sˆ0,k p (t )  ̂i ,
t i 



exp  i  

ˆ i  1 
exp   j 
 

 jRi


exp    i  

(3.19)

Otherwise, we have to estimate 𝛼𝑖 numerically(Weng,2007)

3.7 Variables Selection Procedures
The aim of survival analysis is to determine the risk factors and their risk contributions. Many
times, many covariates are collected and to reduce possible modeling bias, a large parametric model
is built. An important task is to efficiently identify a subset of significant variables that depend on
the hazard function. There are a lot of variable selection techniques in linear regression models.
Some of them have been extended to the context of censored survival data analysis, such as the best
subset variable selection and stepwise deletion. Bayesian variable selection methods for censored
survival data were proposed by Faraggi and Simon (1997), based on an idea of Lindley (1968).
(Fan and Li, 2002)
Variable selection is a means to an end and not an end itself. The aim is to construct a model that
predicts well or explains the relationships in the data. In addition, variable selection is vital for
survival analysis. In practice, many covariates are often available as potential risk factors. In the
initial stage of modeling, data analysts usually introduce a large number of predictors. In addition to
that, an automatic variable selections are not guaranteed to be consistent with these goals and use
these methods as a guide only. Subsequently, selecting significant variables plays critical roles in
model building and is very challenging in the presence of a large number of predictors .To improve
model predictability and interpretation, a parsimonious model is always eligible . Let us first review
recent developments of model selection and variable selection for survival data analysis.
To avoid specifying a prior on the baseline hazard function, they use the partial likelihood as the
basis for their proposed Bayesian variable selection procedures rather than the full likelihood.
There are some traditional variable selection criteria, such as Akaike information criterion (AIC),
Akaike, 1974 and Bayesian information criterion (BIC), Schwarz, 1978 can be easily extended to
survival analysis. Volinsky and Raftery (2000) extended the BIC to the Cox model. Also, most
variable selection criteria are closely related to penalize least squares and penalized likelihood.
(Fan, et. al., 2005)

32

Alternative nested models can be compared by examining the change in the value of −2𝑙𝑜𝑔 𝐿̂ on
adding terms into a model or deleting terms from a model. Comparisons between possible models,
which need not necessarily be nested, can also be made on the basis of the statistic
C  2 log Lˆ   q

(3.20)

where q is the number of unknown, 𝛽-parameters in the model and 𝛼 is a predetermined constant.
This statistic is known as "Akaike's information criterion" the smaller the value of this statistic, the
better the model (Collett, 2003).
In statistics, stepwise regression includes regression models in which the choice of predictive
variables is carried out by an automatic procedure. Stepwise methods have the same ideas as best
subset selection but they look at a more restrictive set of models. Between backward and forward
stepwise selection, there's just one fundamental difference, which is whether you're starting with a
model: with no predictors (forward), with all the predictors, (backward). At each step, we're not
looking at every single possible model in the universe that contains k predictors such as in best
subset selection but we're just looking at the models that contain the k minus 1 predictors the we
already chose in the previous step. We're just going to choose the variable that gives the biggest
improvement to the model we just had a moment earlier.

3.8 Model Checking
Many model - checking procedures are based on quantities known as residuals. These are values
that can be calculated for each individual in the study, and have the feature that their behavior is
known at least approximately, when the fitted model is satisfactory. A number of residuals have
been proposed for use in connection with the Cox regression model.
3.8.1 Generalized (Cox-Snell) residuals:
If the model is correct, the estimated cumulative hazard for each individual at the time of their death
or censoring should be like a censored sample from a unit exponential. This quantity is called the
generalized or Cox-Snell residual.
Here is how the generalized residual might be used. Suppose we fit a PH model, then the Cox-Snell
is defined by:
S (t , )  S0 (t )

exp   x 

3.8.2 Martingale residuals
Martingale residuals are defined for the i-th individual as:

ri   i  ˆ (i )
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(3.21)

ri ’s have mean 0, range is between   and 1, approximately uncorrelated (in large samples) and
interpretation is that the residual 𝑟𝑖 can be viewed as the difference between the observed number of
deaths (0 or1) for subject i between time 0 and Ti , and the expected numbers based on the fitted
model.
3.8.3 Deviance residuals
One problem with the martingale residuals is that they tend to be asymmetric. A solution is to use
deviance residuals. For person 𝑖 these are defined as a function of the martingale residuals ri  :
Dˆ i  sign (rˆi )  2rˆi   i log(  i  rˆi ) (3.22)

3.8.4 Schoenfeld residuals
These are defined at each observed failure time as:
ri sj  i j (ti )   j (ti )

It represents the difference between the observed covariate and the average over the risk set at that
time such that calculated for each covariate and not defined for censored failure times, then it is
useful for assessing time trend or lack of proportionality, based on plotting versus event time,
finally sum to zero, have expected value zero, and are uncorrelated (in large samples).
3.8.5 Weighted Schoenfeld residuals
These are actually used more often than the previous unweighted version, because they are more
like the typical OLS residuals (i.e., symmetric around 0).
They are defined as:
ri wj  n V ri sj

where V is the estimated variance of ˆ . The weighted residuals can be used in the same way as the
unweighted ones to assess time trends and lack of proportionality. (Collett, 2003).

3.9 Summary
This chapter reviewed the modeling of survival data with much concentration on the proportional
hazard model with the estimation of its parameters and the selection of variable as well as the model
checking.
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CHAPTER4
DATAANALYSIS
4.1 Introduction:
This chapter presents the description of the infant data from "The Survey of the Palestinian Family
Health 2006" and apply a set of survival analysis procedures which presented in the previous two
chapters.
4.2 Description of the data:
This section describes the source of data, sampling design, response rate, merging and cleaning
data, types and description of variables including survival time, status and independent variables.
4.2.1 Source of data:
The data of this study have been obtained from the Palestinian Central Bureau of Statistics (PCBS) The Survey of the Palestinian Family Health 2006. The survey data have been provided to
researcher for scientific research through a direct communication with the officials of the PCBS
according to a special agreement with Al-Azhar University - Gaza.
For the purpose of the application of the survival analysis methods in a practical situation in the
Palestinian Territories, we have got a rich database for The Survey of the Palestinian Family Health
2006 from the PCBS.
The survey sample was a random cluster sample of two stages: Stage one included selecting 325
enumerated areas (The enumerated areas are geographic areas of almost similar size with median
number of households is 150). Stage two included a systematic sample of 40 households of each
enumerated area in stage one. Data were collected in the period extended from November 1, 2006 to
January 20, 2007. A closed-questionnaire being used it contains prior options and specific answers
such as yes and no , such type of questionnaire suffers from some drawbacks where opinions are
imposed on the respondent and the limitation to express all opinions, views . While it is easy to be
analyzed.
The questionnaire included three main sections as follows:
a- Household: included demographic and educational characteristics, disability, chronic
diseases and smoking.
b- Ever-married women below 55 years: included general characteristics of qualified
women, marriage, fertility, family planning, fertility trends, mother care, chronic diseases
related to reproduction, and knowledge of sexually transmitted diseases.
c- Children below 5 years: This section included child’s health and survival, malnutrition,
early education, and the rights of the child.
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Table (4.1) presents the sample distribution and sample rate. The survey sample size totaled 13,238
households including 8,781 in the West Bank and 4,457 households in Gaza Strip. Number of
children below 5years old in the sample totaled 10,318 including 5,895 from the West Bank and
4,423 from Gaza Strip. The total response rate was 99.2% distributed as 99.8% in the West Bank
and 99.6% in the Gaza Strip.
Table (4.1): Sample distribution and sample rate
Sample and Response rate

Palestinian Territory

West Bank

Gaza Strip

Survey sample size (Household)

13,238

8,781

4,457

Children below 5 in the sample (Child)

10,318

5,895

4,423

Number of interviewed children

10,230

5,824

4,406

Response rate

99.2%

98.8%

99.6%

4.2.2 Data Merging and cleaning
The three sections of the survey were keyed in separated SPSS files, where the Roster file has
73505 cases with 75 variables, Children under 5 years file has 10256 children and 188 variables and
women file has 10650 women with 296 variables.
Researcher has merged them to establish a comprehensive data set includes the considered factors
in one sheet. The merged data have been checked to ensure its quality as discussed later in this
chapter.
Thus, we have a dataset contains 12 socio-economic variables for infants data with 9936 cases. As
mentioned in Chapter 2 these variables are used to be affecting the breastfeeding period and we
have chosen them to investigate the significance of their effect on the duration of breastfeeding in
the Palestinian context.
Children with ages equals to the length of breastfeeding have been considered as right censored,
where the exact time of stopping breast feeding is unknown.
The merged data were explanatory analyzed to be cleaned from obvious errors. There were some
errors during the refilling the age of children where their ages found to be more than five years,
furthermore, there are missing values and some of outliers detected via univariate explanatory
methods. Thus, the valid data for analysis are saved and placed it in a file containing the 7041 cases.
4.2.3 Description of variables:
From the variables contained in the original questionnaire, the researcher has selected a set of
12variables that most relevant to the purpose of this study as described in the followings:
a- The dependent variable:
The duration of child's breastfeeding has been considered as the dependent variable and defined as
the period between the date of the beginning of breastfeeding and the end of stop breastfeeding
before the end of the study.
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b- The independent variables:
There are 11 independent variables that expected to have impact on the length of breastfeeding
duration are listed and their values are explained in Table (4.2).
Table (4.2): Description of the dependent Variables
Variables Description
Child's age in months

Codes/values
Number ranged between (1 – 60)

Status

0 = censored
1 = event
Number ranged between (500 – 9998)
1 = Reached an appropriate age
2 = Breast milk is not enough for child growth
3 = The child was sick
4 = Refused the breast
5 = The mother was sick
6 = Did not have enough milk
7 = Became pregnant
8 = Wants to have another child
9 = Wants to use contraceptive pills
10 = Wants to work/return to work
11 = Bottle feeding is better
12 =Other
1 = Registered refugee
2 = Non-registered refugee
3 = Non-refugee
1 = Urban
2 = Rural
3 = Refugee camp
Number ranged between (0 – 18)
Number ranged between (17 – 54)
1 = Illiterate
2 = Acquainted (can read and write)
3 = Elementary
4 = Preparatory
5 = Secondary
6 = Intermediate level diploma
7 = Bachelor degree (Bsc)
8 = Higher diploma
9 = Master degree
10 = PhD
11 = Don't know
1 = Employed from 1-14 hours
2 = Employed for 15 hours or over
3 = Absence from work
4 =Unemployed, has ever worked
5 = Unemployed, has never worked
6 = Student
7 = Household keeper
8 = Disable (unable to work)
9 = Does not work and does not seek job
10 = Does not work and does not seek job because
he/she lost hope
11 = Other
1 = Yes, smoker
2 = Ex-smoker
3 = never smoked

Child's weight at birth in grams
Reasons of stopping breastfeeding

Mother's refugee status
Locality type
Total live births
Mother's age in completed years
Mother's educational status

Relation to labor force
(During the past week)

Mother's smoking status
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Status was derived based on the number of months the child have breastfeed and child age in
months. If the duration of breastfeeding equal the age of child, then the status equals 0 (censored)
and if breastfeed less than the age of child, then status equals 1 (event).
4.3 Statistical analysis and results:
A set of popular statistical software packages are used to analyze the survival data of the duration of
breastfeeding in Palestine, including, SPSS, STATA, S Plus and R.
4.3.1 Descriptive analysis of the data:
Firstly, we provide some descriptive statistics to understand the features and the distributions of the
variables and the baseline characteristics for infant’s data from The Survey of the Palestinian
Family Health, 2006.
Table (4.3) demonstrates the percentage of the status of survival time, There are 98 (1.4%)
censored data where the actual length of breastfeeding duration is unknown, while there are 6943
(98.6%)events with known breastfeeding duration.
Table (4.3) : Distribution of status variable
Status

Frequency

Percent

Event

6943

98.6%

Censored

98

1.4%

Total

7041

100.0%

Table (4.4) gives the reasons of mother for stopping breastfeeding at certain age. The main reason
of stopping breastfeeding is reaching a child to an appropriate age for weaning (42.6%), the second
reason is that the mother pregnancy of (24.7%) followed by the child refused the breast (7.9%).
There also some minor reasons for stopping breastfeeding, such as breast milk is not enough for
child growth, the mother was sick, did not have enough milk, wants to have another child, the child
was sick, the mother prefers bottle feeding, the mother wants to work, and finally, the use of
contraceptive pills that had very little effect on stopping breastfeeding.
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Table (4.4) : Reasons of mother for stopping breastfeeding
Reasons

Frequency

Percent

Reached an appropriate age

2991

42.6%

Became pregnant

1744

24.7%

Refused the breast

557

7.9%

Breast milk is not enough for child

544

7.7%

The mother was sick

316

4.5%

Did not have enough milk

304

4.3%

Wants to have another child

158

2.2%

The child was sick

103

1.5%

Bottle feeding is better

99

1.4%

Wants to work/return to work

59

0.8%

Wants to use contraceptive pills

18

0.3%

Other

148

2.1%

Total

7041

100.0%

Women's refugee status were divided into three categories where most of the mothers are nonrefugees (53.8%), and 44.8% are refugees, while only (1.4%)of mothers are unregistered refugee, as
given in Table (4.5).These percentages show a high agreement with the distribution of Palestinian
saccording to the refugee status in 2014, where 41.2% are refugees (PCBS, 2015). Also according
to the refugee status in 2015, where 41.6% are refugees (PCBS, 2016).
Table (4.5) : Distribution of mothers' Refugee status
Refugee status level

Frequency

Percent

Non-refugee

3785

53.8%

Registered refugee

3154

44.8%

102

1.4%

7041

100.0%

Non-registered refugee
Total

The distribution of locality type in Table (4.6) shows that more than half of mothers are from the
urban localities (52.9%) and mothers living in rural localities are (28.8%), while those from refugee
camps were (18.3%).
Table (4.6): Distribution of mothers' locality type
Locality type
Urban
Rural
Refugee camp
Total
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Frequency

Percent

3726

52.9%

2029

28.8%

1286

18.3%

7041

100.0%

Table (4.7) presents the educational status of the mother, it is obvious that the highest educational
level of mothers is preparatory school with 36.4%, followed by Secondary with 21.2% and then
elementary with 20.9%, the rest of the educational levels were presented by small percentages and
varying rates as there are almost non-existent levels. Such as Higher diploma, Master degree and
PhD.
Table (4.7): Mother's educational status
Mother's educational level

Frequency

Percent

PhD

1

0.0%

Master degree

10

0.1%

Higher diploma

14

0.2%

Bachelor degree (Bsc)

518

7.4%

Intermediate level diploma

409

5.8%

Secondary

1490

21.2%

Preparatory

2566

36.4%

Elementary

1469

20.9%

Acquainted (can read and write)

427

6.1%

Illiterate

137

1.9%

7041

100.0%

Total

Table (4.8) illustrates the mother's relation to labor force (during the preceding week of interview),
the majority of mothers were household keeper with(86%) of the sample. There are 8.8% of the
sample were employed, while other categories are not represented in the sample.
Table (4.8) : Relation to labor force (during the past week)
Relation to labor force

Frequency

Percent

Household keeper

6057

86.0%

Employed for 15 hours or over

533

7.6%

Unemployed, has ever worked

138

2.0%

Student

93

1.3%

Unemployed, has never worked

89

1.3%

Employed from 1-14 hours

81

1.2%

Absence from work

37

0.5%

Disable (unable to work)

8

0.1%

3

0.0%

2

0.0%

7041

100.0%

Does not work and does not seek job because she lost
hope
Does not work and does not seek job
Total
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According to our knowledge of the dangers of smoking on the health of the smoker as the smoking
is the most important and dangerous factor that can affect the health of women, especially nursing
mothers, results in Table 4.9show that the majority of women does not smoke or never smoked
(98.1%) while only 1.9% of women in the sample are smokers or ex-smoker.
Table (4.9) : Mother's smoking status
Smoke

Frequency

Percent

Does not smoke and never smoked

6908

98.1%

Yes, smoke

114

1.6%

Ex-smoker

19

0.3%

7041

100.0%

Total

The mother's age variable is a quantitative variable and has been dealing with it by a categorical
manner as given in Table (4.10) such that the majority of mothers were aged between (28-37) years
(45.4%), mothers whom aged between (17 - 27) years are ( 36.6%) and mothers whom aged more
than 37 years are (17.9%) of the sample.
Table (4.10) : Mother age(years)
Mother age (years)

Frequency

Percent

17- 27

2580

36.6%

28- 37

3198

45.4%

More than 37

1263

17.9%

Total

7041

100.0%

Table (4.11) presents the summary statistics for the quantitative variables. The mean of children age
is 36.20 months with standard deviation13.48months, the mean of total live births is 4.85timeswith
standard deviation 2.654 times and the mean of mother's age is 30.97 years and standard deviation
is 7.13 years.
Table(4.11) : Descriptive Statistics of quantitative variables, (n=7041)
Variable

Range

Median

Mean

Std. Dev

Child's age (month)

59

37

36.20

13.48

Total live births (time)

18

4

4.85

2.654

Mother's age (year)

37

30

30.97

7.13

4.3.2 Survival characteristics for infants:
Total number of infants enrolled in this study is 7041, and the number of children who are
breastfeed for a period less than their age is 6943 children and they are called events, while the
number of children who are breast-feed for a period equal to their age is 98 and they are called right
censored.
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Figure (4.1): Histogram of survival time of children, (n= 7041)

Figure (4.1) present the histogram of survival time a symmetric unimodel distribution is recognized.
This shape recommend a Weibull distribution to fit the data as proved in subsection (4.3.4).
Table (4.12) presents the central tendency measures of survival time for infants. The results show
that the measures for events and all data are much closed to each other, this may be referred to the
small percentage of censoring (1.4%). The mean survival time is 13.265 months, and the median
survival time is 14 months. Furthermore, it is expected that if the censored time has the same value
as an uncensored time, then the uncensored should precede the censored.
Table (4.12) : Central tendency measures for survival time
Statistic
N (%)
Mean (S.E)
95% C.I.
Q1(S.E)
95% C.I.
Median (S.E)
95% C.I.
Q3(S.E)
95% C.I.

Records

Event

Censored

7041

6943(98.6%)

98 (1.4%)

13.344 (0.074)

13.265 (0.073)

-

(13.200 – 13.489)

(13.122 – 13.409)

18 (0.076)

18 (0.075)

(17.85 - 18.15)

(17.85 - 18.15)

14 (0.074)

14 (0.073)

(13.855 – 14.145)

(13.856 – 14.144)

9 (0.136)

9 (0.135)

(8.73 - 9.27)

(8.74 - 9.26)

-

Figure (4.2) presents the survival plots of the duration of breast-feeding, where the horizontal axis
represents the period that the duration of breastfeeding will continue. The vertical axis represents
the rate of the duration of breastfeeding that have started and are still ongoing. As anticipated, the
function starts at one and drops monotonically to zero. It is important to note that the function does
not take into consideration calendar dates. It is not important when the duration of breastfeeding has
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started but rather how long it has lasted. This trend reflect the behavior of stop breast feeding in the
Palestinian territories, where the probability of stooping breastfeeding start rapidly increased after
12 months.

)a)

)b)

Figure (4.2): Survival plots of duration of breast-feeding, (a)without censoring, (b) with censoring

Figure (4.3) : Cumulative hazard function of censored breast-feeding

Figure (4.3) shows the cumulative hazard rate, which is generally high after the 12 months and
rapidly increasing until the 24 months and it jumps after that. This trend reflect the behavior of stop
breast feeding in the Palestinian territories, where the probability of stooping breast feeding start
increasing after 12 months and it is increased significantly after 24 months.
4.3.3Comparing the groups of survival curves :
Kaplan Meier is used to compare groups on their survival times graphically.
In Table (4.13) the estimated median of duration of breast-feeding for mothers who does not smoke
and never smoked is more than the median survival time for smoking group by about two months.
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The p-value of the Log rank test as given in Table (4.13) is 0.65 which is larger than 0.05, thus, we
conclude that there is no significant evidence of a difference between survival times for different
smoking groups at 0.05 level of significance.
Table (4.13):Log Rank test for survival time according to smoking status
Log Rank (Mantel-Cox)
Smoking Status

Mean ( S.E. )

Yes, smoke

12.63 (0.64)

12.01(0.30)

Ex-smoker

12.37(1.57)

12.01(1.26)

Does not smoke

13.36(0.07)

14.00(0.08)

Overall

13.34(0.07)

14.00(0.07)

Chi-Square

df

Sig.

0.86

2

0.65

1.00

Kaplan-Meier survival estimates

0.00

0.25

0.50

0.75

Mother's smoking status

Median (S.E.)

0

10

20

30

Duration of breastfeeding
Yes, smoke
Does not smoke and never smoked

Ex-smoker

Figure(4.4):Kaplan-Meier survivor function for survival time according to mothers' smoking status.

Using the KM survival curves of duration of breast-feeding, we compared survivor functions for the
mothers according to their smoking status groups by graphing these functions on the same axis. The
survivor function for the nonsmokers group lies above that of the smokers group. This dual graph
indicates that nonsmokers had higher probability of survival than the smokers and Ex-smoker
group. Furthermore, Kaplan Meier curves in Figure (4.4) are overlapped which reflect that there is
no significant difference between the duration breastfeeding according to the smoking status.
Table (4.14) presents the estimated median of duration of breastfeeding for the groups of relation to
labor force. The group of mothers “Does not work and does not seek job” has the smallest median
survival time, and it is less than the group of “mothers Absence from work” by five months, the
group of “Unemployed, has ever worked” by six months and other groups is less than them by eight
months.
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As the p-value of Log-rank test is 0.02 which is smaller than 0.05 thus, we conclude that there is
significant evidence of a difference between survival times for relation to labor force groups at 0.05
level of significance.
Table (4.14):Log rank test for survival time according to relation to labor force
Log Rank (Mantel-Cox)

Relation to labor force (during the past week)

Mean(S.E.)

Median(S.E.)

Employed from 1-14 hours

13.70 (0.68)

14.00 (0.69)

Employed for 15 hours or over

13.42 (0.27)

14.00 (0.41)

Absence from work

10.60 (1.03)

11.00 (0.93)

Unemployed, has ever worked

11.73 (0.52)

12.00 (0.28)

Unemployed, has never worked

13.21 (0.68)

14.00 (0.74)

Student

12.72 (0.62)

14.00 (0.72)

Household keeper

13.40 (0.08)

14.00 (0.08)

Disable (unable to work)

12.31(1.68)

14.00 (4.11)

Does not work and does not seek job

9.00 (3.00)

6.00 ( - )

14.33 (0.33)

14.00 ( - )

13.34 (0.07)

14.00 (0.07)

Does not work and does not seek job because
he/she lost hope
Over all

Chi-Square

df

Sig.

19.51

9

0.02

0.00 0.25 0.50 0.75 1.00

Kaplan-Meier survival estimates

0

10

20

30

Duration of breastfeeding
Employed for 15 hours or over
Unemployed, has ever worked
Student
Disable (unable to work)

Employed from 1-14 hours
Absence from work

Unemployed, has never worked
Household keeper
Does not work and does not seek job
Does not work and does not seek job because ha/she lost hope

Figure(4.5):Kaplan-Meier survivor function for survival time according to mothers' relation to labor force.

Figure (4.5) shows that the survivor function for mothers “Does not work and does not seek job
because she lost hope” group lies above that of other groups which is become stopped breast
feeding nearly after 15 months. This indicate that the group “Does not work and does not seek job
because she lost hope” tends to shorter the period of breast-feeding.
This dual graph indicates that the group “Does not work and does not seek job because she lost
hope” had higher probability of survival than the other groups (median, 14 months and mean, 14.33
months).
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Due to the big number of groups, Kaplan Meier curves in Figure (4.5) seem to be overlapped,
although a focus on the curves show that there is a significant difference between the duration
breastfeeding according to labor force groups, especially between “Does not work and does not
seek job because she lost hope” and other groups.
The estimated median of duration of breast-feeding for “Non-registered” mothers is less than the
median survival time for other status of refugee groups by two months. The p-value in Table (4.15)
is 0.999 which is larger than 0.05, thus, we conclude that there is no significant evidence of a
difference between survival times for refugee status at 0.05 level of significance.
Table(4.15)Means and Medians for Survival Time for refugee status
Log Rank (Mantel-Cox)
Refugee status

Mean(S.E.)

Median(S.E.)

Registered refugee

13.46 (0.11)

14.00 (0.16)

Non-registered

13.01 (0.68)

12.00 (0.93)

Non-refugee

13.25 (0.11)

14.00 (0.10)

Overall

13.34 (0.074)

14.00 (0.074)

df

Sig.

0.001

2

0.999

0.25

0.50

0.75

1.00

Kaplan-Meier survival estimates

0.00

Mother's refugee status

Chi-Square

0

10

20

30

Duration of breastfeeding
Registered refugee

Non-registered refugee

Non-refugee

Figure(4.6):Kaplan-Meier survivor function for survival time according to mothers' refugee status.

The comparison of KM survival curves for the mothers according to their refugee status groups
show that, in the first 15 months, the survivor function for the group registered mothers refugee lies
above that of the Non-registered refugee group and Non-refugee mothers group, then it is become
close to each other groups.
This dual graph indicates that the three groups of refugee status nearly had the same probability of
survival (13.46 months, 13.01 months and 13.25 months, respectively)
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Furthermore, Kaplan Meier curves in Figure (4.6) are overlapped which reflect that there is no
significant difference between the duration breastfeeding according to the refugee status.
Table (4.16) gives that the estimated median of duration of breast-feeding for mothers group who is
(17-27) years have the smallest median survival time according to other mother's age groups. It is
less by two months than mother's group who is (28-37) years and by one month than mother's group
who is (more than 37) years.
The p-value (sig)in table(4.16) is 0.00 which is less than 0.05, thus, we conclude that there is a
significant evidence of a difference between survival times for age mother groups at 0.05 level of
significance.
Table(4.16)Means and Medians for Survival Time for age(mother)
Log Rank (Mantel-Cox)
Mother age (years)

Mean(S.E.)

Median(S.E.)

17-27

12.22 (0.11)

12.00 (0.12)

28-37

13.68 (0.11)

14.00 (0.14)

more than 37

14.77 (0.19)

15.00 (0.18)

Overall

13.34 (0.07)

14.00 (0.07)

Chi-Square

df

Sig.

233.17

2

0.00

The above results are illustrated in Fig (4.7)

0.50
0.00

0.25

Mother age

0.75

1.00

Kaplan-Meier survival estimates

0

10

20

30

Duration of breastfeeding
(17-27) years

( 28-37) years

more than 37 years

Figure(4.7): Kaplan-Meier survivor function for survival time according to mothers' age.

The survivor function for the mother's group who is (more than 37) years lies above that of the
mother's group who is (17-27) years and mother's group who is (28-37) years, Since the duration of
breastfeeding is approaching to an end gradually nearly simultaneously between the three groups,
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but the (17-27) years group have the a smallest period of breast-feeding, where it was the first
groups closer to the end, Curves in Table (4.16) indicate that the mother's group who is (more than
37) years have higher probability of survival than other mother's groups.
Furthermore, Kaplan Meier curves in Figure (4.7) do not overlapped which reflect that there is a
significant difference between the duration breastfeeding according to the mother's age status.
Table (4.17) presents the estimated median of duration of breastfeeding for Mothers educational
status groups. Mothers, who have Higher diploma, have the smallest median survival time and
illiterate mothers have the largest median survival time compared to other educational status of
mothers.
The p-value of Log-Rank test is 0.00 which is smaller than 0.05 thus, we conclude that there is
significant evidence of a difference between survival times for Mothers educational status groups at
0.05 level of significance.
Table(4.17)Means and Medians for Survival Time for Mother's educational status
Log Rank (Mantel-Cox)
Educational status

Mean(S.E.)

Illiterate

14.57 (0.53)

15.00 (0.46)

Acquainted (can read and write)

13.31 (0.34)

14.00 (0.34)

Elementary

13.37 (0.17)

14.00 (0.17)

Preparatory

13.52 (0.12)

14.00 (0.18)

Secondary

13.35 (0.16)

14.00 (0.18)

Intermediate level diploma

13.37 (0.30)

14.00 (0.28)

Bachelor degree (BSc)

12.20 (0.25)

12.00 (0.24)

Higher diploma

9.57 (1.38)

6.00 (1.34)

Master degree

12.20 (1.87)

12.00 (3.16)

PhD

13.00 (0.00)

13.00( - )

Over all

13.34 (0.07)

14.00 (0.07)

Chi-Square

df

Sig.

42.12

9

0.00

0.25

0.50

0.75

1.00

Kaplan-Meier survival estimates

0.00

Mother's educational status

Median(S.E.)

0

10

20

30

Duration of breastfeeding
Illiterate

hr14Moth = Acquainted (can read and write)

Elementary

Preparatory

Secondary

Intermediate level diploma

Bachelors degree (Bsc)

Higher diploma

Masters degree

PhD

Figure(4.8): Kaplan-Meier survivor function for survival time according to Mother's educational status
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Figure (4.8) shows that the survivor function of the illiterate's mothers group lies above that of the
other groups but not significantly. The survivor function of the illiterate's mothers group become
like the other groups of mothers but according to their educational status (basic, elementary,
secondary, intermediate level or diploma) as the period of breastfeeding for their children have a
very close, or identical to the other groups of mothers.
This dual graph indicates that illiterate mothers group had higher probability of survival than the
other groups (median, 15 months and mean, 14.57 months)
Although the Kaplan Meier curves in Figure (4.8) seems to be overlapped, but there is a significant
difference between the duration breastfeeding according to Mother's educational status especially
between “higher diploma” and “PhD”.
The estimated median of duration of breastfeeding according to the reasons of stopping
breastfeeding, in Table (4.18) show that the group “The children refused the breast” have the
smallest median survival time and the group “The child was sick” and “The child did not have
enough milk” also have a small median survival time but these groups are more than the group “The
child Refused the breast” by one month.
The p-value of Log-Rank test is 0.00 which is smaller than 0.05 thus, we conclude that there is
significant evidence of a difference between survival times for Reasons of stopping breastfeeding
groups at 0.05 level of significance.
Table(4.18)Means and Medians for Survival Time for reasons of stopping breastfeeding
Log Rank (Mantel-Cox)
Reasons of stopping breastfeeding

Mean(S.E.)

Median(S.E.)

Reached an appropriate age

17.13 (0.09)

17.00 (0.11)

10.00 (0.25)

10.00 (0.36)

8.54 (0.64)

7.00 (1.01)

7.40(0.21)

6.00(0.24)

The mother was sick

11.05 (0.32)

12.00 (0.35)

Did not have enough milk

8.25 (7.00)

7.00 (0.57)

Became pregnant

11.74 (0.11)

12.00 (0.14)

Wants to have another child

13.72 (0.31)

14.00 (0.46)

Wants to use contraceptive pills

11.22 (1.00)

11.00 (1.41)

Wants to work/return to work

8.34 (0.61)

8.00 (0.82)

Bottle feeding is better

12.40 (0.45)

12.00 (0.47)

Other

10.94 (0.47)

12.00 (0.55)

Over all

13.34 (0.07)

14.00 (0.07)

Breast milk is not enough for child
growth
The child was sick
Refused the breast
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Chi-Square

df

Sig.

2413.49

11

0.00

0.00 0.25

0.50
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Other

Figure(4.9): Kaplan-Meier survivor function for survival time according to reasons of stopping breastfeeding

Figure (4.9) show that the survivor function for the group “Child reached an appropriate age” lies
above that of the other groups. This dual graph indicates that the group where the “Child reached an
appropriate age” has higher probability of survival than the other groups.
Furthermore, Kaplan Meier curves in Figure (4.9) seems to be overlapped, but there is a significant
difference between the duration breastfeeding according to reasons of stopping breastfeeding
groups.
4.3.4 Parametric Survival Models
It is worth to fit a parametric survival model of duration of breastfeeding data. Histogram in Figure
(4.1) and the survival function in Figure (4.2) suggest the Weibull distribution to fit the data. For
confirmation a set of four popular parametric survival models namely Exponential, Weibull, logistic
and log normal distributions are considered. The values of log likelihood, AIC, Chi-squared test
associated with its p-values and the number of Newton-Raphson Iterations are given in Table
(4.19).
Results in Table (4.19) show that the Weibull distribution has the smallest value of Chi square test
and it has the smallest AIC values which indicates that it is fits the survival data very well.
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Table (4.19): Fitting parametric survival models
Exponential
distribution

Weibull
distribution

Logistic
distribution

Log Normal
distribution

Log likelihood

-24995.3

-22689.2

-22732.6

-24025.1

AIC

49992.6

45382.4

45469.2

48054.2

Chi-squared test

2577.63

1951.93

2998.86

2635.43

4

7

4

4

Statistic

Number of Newton-Raphson
Iterations

For further investigation the log(-log(S(t)) are plotted versus the log(t) as given in Figure
(4.10),where S(t) is the estimated survival function. It is obvious that there is a linear relationship
between the log(-log(S(t)) and log(t) which suggest an acceptable fitting of Weibull distribution

-1
-3

-2

log( - log(S))

0

1

2

(2.7.2) with parameters estimates ˆ  2.707 and pˆ  0.447 .

0

1

2

3

log(t)

Fig (4. 10): Scatter plot of log(-log(S(t)) versus the log(t)

4.4 Estimation of Cox Regression Model
4.4.1: Estimate parameters model
Cox model assumes the risk function for the period of breastfeeding which associated with the
impact of 11 excluding the status variables that are listed in Table 4.2on a survival time which takes
the following formula:
ℎ(𝑇) = ℎ0 (𝑇)𝑒𝑥𝑝(𝛽ʹ𝑥)
where, ℎ(𝑇)represents the risk function for the model, ℎ0 (𝑇)is the basic risk function for a period of
breastfeeding when the values of covariates is 𝑥 = 0 .
Table (4.20) displays the results of estimating the Cox regression model:
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Table (4.20) : Results of estimate Cox regression model

Variables
Child's weight at
birth in grams
Child's age in
months
Reasons of stopping
breastfeeding

B

SE

Wald

df

Sig.

Exp(B)

0.001

0.001

11.731

1

0.001

1.000

-0.012

0.001

135.779

1

0.000

0.988

0.100

0.004

706.780

1

0.000

1.105

0.861

2

0.650

Mother's refugee
status
Mother's refugee
status(1)
Mother's refugee
status(2)

0.021

0.028

0.581

1

0.446

1.021

- 0.045

0.102

0.195

1

0.658

0.956

2.968

2

0.227

Locality type
Locality type(1)

0.010

0.036

0.078

1

0.780

1.010

Locality type(2)

- 0.039

0.040

0.921

1

0.337

0.962

Total live births

-0.004

0.007

0.317

1

0.573

0.996

-0.015

0.003

31.693

1

0.000

0.985

0.028

0.010

7.213

1

0.007

1.029

- 0.005

0.009

0.316

1

0.574

.995

1.630

2

0.443

Mother's age in
completed years
Mother's educational
status
Relation to labor
force (during the
past week)
Mother's smoking
status
Mother's smoking
status(1)

0.121

0.096

1.600

1

0.206

1.129

0.042

0.230

0.033

1

0.856

1.043

Mother's smoking
status(2)

The Wald's test values are the test of significance of model's parameter. There are five significant
values, and by comparing values of Wald's test with the value of 𝑥 2 one degree of freedom,and
significant level (0.05), we note that the value of Wald's statistic for the variables “Child's weight at
birth in grams, Child's age in months, Reasons of stopping breastfeeding, Mother's age in completed
years and Mother's educational status” are significant at 0.05 level of significance. These variables
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have a significant differences between survival times as discussed in section 4.3.3. Therefore, we
consider these variables as significant and influential at survival time of breastfeeding.
As the values of the significant parameters are alternated between positive, negative and zero. These
values can be interpreted as follows: A positive sign means that the hazard (risk of stopping
breastfeeding) is higher, and thus the prognosis is worse for children with higher values of that
variable. Thus, from Table (4.20), "Mother's educational status" is associated with poorer survival,
whereas being "Reasons of stopping breastfeeding" is associated with better survival.
4.4.2 :Estimating the aggregate function of the basic risk of the Cox model.
Depending on the following equation
𝑝

𝑙𝑛[ℎ(𝑇)] = 𝑙𝑛[ℎ0 (𝑇)] + ∑ 𝛽𝑖 𝑥𝑖
𝑖=1

the values of the basic risk rate was estimated, where we obtain the following results as given in
Table (4.21):
Table (4.21) :Estimating the aggregate function of the basic risk of the Cox model
At mean of covariates

Time

Baseline Cum

(month)

Hazard

Survival

SE

Cum Hazard

1

0.044

0.976

0.002

0.024

2

0.080

0.958

0.002

0.043

3

0.118

0.938

0.003

0.064

4

0.175

0.909

0.003

0.095

5

0.215

0.890

0.004

0.117

6

0.298

0.850

0.004

0.162

7

0.364

0.820

0.004

0.198

8

0.442

0.786

0.005

0.241

9

0.561

0.737

0.005

0.305

10

0.649

0.703

0.005

0.353

11

0.697

0.684

0.005

0.379

12

1.118

0.544

0.006

0.608

13

1.212

0.517

0.006

0.660

14

1.555

0.429

0.006

0.846

15

2.236

0.327

0.005

1.119

16

2.057

0.280

0.005

1.274

17

2.526

0.253

0.005

1.374

18

3.681

0.135

0.004

2.003

19

4.057

0.110

0.003

2.207

20

4.765

0.075

0.003

2.593
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21

4.885

0.070

0.003

2.658

22

5.098

0.062

0.003

2.774

23

5.196

0.059

0.003

2.827

24

8.921

0.008

0.001

4.854

25

9.317

0.006

0.001

5.069

26

10.133

0.004

0.0004

5.513

27

10.579

0.003

0.0004

5.756

28

10.949

0.003

0.0004

5.957

29

11.230

0.002

0.0003

6.110

30

16.586

0.0001

0.00003

9.024

Results in Table (4.21) show that the probability of survival up to 12 months reached (0.544) with
cumulative hazard up to (0.608). However, at 24 months the probability of survival decreases
exponentially which reached (0.008) with a steady increase in the cumulative hazard reaching
(4.854) and by up to 100% of the seriousness of the period (12) months this means that the risk of
stopping breastfeeding doubled between the time period (12-24) months, where the cumulative
hazard of up to one-third and by (5.069) at the period of time after (24) months. This risk refers to
reduced duration of breastfeeding and worsening the decline to stop breastfeeding after the passage
of (24) months.
4.5 Selecting Variables in Model:
After estimating model's parameters we should identify any of these variables which must be stay in
the model and any of them are not significant, which must be removed from the model and this test
is done by backward method which is depending on Wald statistic. Table (4.22) gives the results of
backward approach.
Based on the values of Wald's test we may conclude the followings:


In the first step the variables (Child's weight at birth in grams, Child's age in months,

Reasons of stopping breastfeeding, Mother's age in completed years, Mother's educational status)
be nominated to enter into the model and the rest of variable (Relation to labor force (during the
past week)) was not significance, where it has less impact at the survival time of breast-feeding and
nominate for deletion.


In the second step after removing the variable (Relation to labor force (during the past
week)) we see again the variables (Child's weight at birth in grams, Child's age in months,
Reasons of stopping breastfeeding, Mother's age in completed years, Mother's educational
status) are influencing variables at the survival time of breast-feeding and variable (Total
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live births) has less effect on the survival time of breast-feeding and is nominated for
deletion.

Table (4.22) : Results of backward test for the variables influencing on the survival time
B

SE

Wald

d.f

Sig.

Exp(B)

Child's weight at birth in grams

0.000

0.000

11.651

1

0.001

1.000

Child's age in months

-0.012

0.001

136.747

1

0.000

0.988

0.100

0.004

706.413

1

0.000

1.105

Mother's refugee status

-0.018

0.013

1.911

1

0.167

0.982

Locality type

-0.015

0.016

0.875

1

0.350

0.985

Total live births

-0.003

0.007

0.206

1

0.650

0.997

Mother's age in completed years

-0.015

0.003

32.089

1

0.000

0.985

Mother's educational status

0.030

0.010

8.188

1

0.004

1.030

-0.004

0.008

0.194

1

0.660

0.996

-0.062

0.047

1.732

1

0.188

0.940

Child's weight at birth in grams

-0.000

0.000

11.579

1

0.001

1.000

Child's age in months

-0.012

0.001

136.691

1

0.000

0.988

Reasons of stopping

0.100

0.004

706.844

1

0.000

1.105

Mother's refugee status

-0.017

0.013

1.844

1

0.174

0.983

Locality type

-0.015

0.016

0.834

1

0.361

0.985

Total live births

-0.004

0.007

0.236

1

0.627

0.997

Mother's age in completed years

-0.015

0.003

32.062

1

0.000

0.985

Mother's educational status

0.031

0.010

9.835

1

0.002

1.032

Mother's smoking status

-0.063

0.047

1.786

1

0.181

0.939

Child's weight at birth in grams

-0.000

0.000

11.876

1

0.001

1.000

Child's age in months

-0.012

0.001

137.492

1

0.000

0.988

Reasons of stopping

0.100

0.004

706.586

1

0.000

1.105

Mother's refugee status

-0.017

0.013

1.807

1

0.179

0.983

Locality type

-0.015

0.016

0.813

1

0.376

0.985

Mother's age in completed years

-0.016

0.002

74.925

1

0.000

0.984

Mother's educational status

0.033

0.009

11.960

1

0.001

1.033

Mother's smoking status

-0.064

0.047

1.850

1

0.174

0.938

Child's weight at birth in grams

-0.000

0.000

11.929

1

0.001

1.000

Child's age in months

-0.012

0.001

137.222

1

0.000

0.988

Reasons of stopping

0. 100

0.004

706.008

1

0.000

1.105

-0.014

0.012

1.275

1

0.259

0.986

Reasons of stopping
breastfeeding

Step 1

Relation to labor force (during
the past week)
Mother's smoking status

breastfeeding
Step 2

breastfeeding
Step 3

Step 4

breastfeeding
Mother's refugee status
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Step 5

Step 6

B

SE

Wald

d.f

Sig.

Exp(B)

Mother's age in completed years

-0.016

0.002

74.903

1

0.000

0.984

Mother's educational status

0.033

0.009

11.821

1

0.000

1.033

Mother's smoking status

-0.064

0.047

1.868

1

0.172

0.938

Child's weight at birth in grams

-0.000

0.000

11.719

1

0.001

1.000

Child's age in months

-0.012

0.001

137.408

1

0.000

0.988

Reasons of stopping

0.099

0.004

704.840

1

0.000

1.105

Mother's age in completed years

-0.016

0.002

73.834

1

0.000

0.984

Mother's educational status

0.034

0.009

12.767

1

0.000

1.034

Mother's smoking status

-0.062

0.047

1.739

1

0.187

0.940

Child's weight at birth in grams

-0.000

0.000

11.647

1

0.001

1.000

Child's age in months

-0.012

0.001

137.252

1

0.000

0.988

Reasons of stopping

0.099

0.004

704.161

1

0.000

1.104

Mother's age in completed years

-0.016

0.002

73.693

1

0.000

0.984

Mother's educational status

0.034

0.009

13.074

1

0.000

1.035

breastfeeding

breastfeeding



In the third step after removing the variable (Total live births) we see the variables

(Child's weight at birth in grams, Child's age in months, Reasons of stopping breastfeeding,
Mother's age in completed years, Mother's educational status) are influencing variables at the
survival time of breast-feeding and variable (Locality type) has less effect on the survival time of
breast-feeding and is nominated for deletion.


In the fourth step after removing the variable (Locality type) we see the

variables (Child's weight at birth in grams, Child's age in months, Reasons of

stopping

breastfeeding, Mother's age in completed years, Mother's educational status) are influencing
variables at the survival time of breast-feeding and variable (Mother's refugee status) has less effect
on the survival time of breast-feeding and is nominated for deletion.


In the fifth step after removing the variable (Mother's refugee status) we see the variables

(Child's weight at birth in grams, Child's age in months, Reasons of stopping breastfeeding,
Mother's age in completed years, Mother's educational status) are influencing variables at the
survival time of breast-feeding and variable (Mother's smoking status) has less effect on the
survival time of breast-feeding and is nominated for deletion.


In the sixth step after removing the variable (Mother's smoking status) we see the

variables (Child's weight at birth in grams, Child's age in months, Reasons of stopping
breastfeeding, Mother's age in completed years, Mother's educational status) have effect on the
survival time of breast-feeding and the rest of the variables is not significance that they are have no
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effect on the survival time of breast-feeding so the variables (Child's weight at birth in grams,
Child's age in months, Reasons of stopping breastfeeding, Mother's age in completed years,
Mother's educational status) will remain in the model and the rest of variables will be removed from
the model, and therefore the reduced model have the form as follows:


h(h / x1 , x2 , x3 ,..., x10 )
h0 (t )

  0.000007x1  0.012x2  0.099x3  0.016x7  0.034x8  
where, x1 is Child's weight at birth in grams, x2 is Child's age in months, x3 is Reasons of stopping
breastfeeding, x7 is Mother's age in completed years and x8 is Mother's educational status.

Table (4.23) :Test of proportional-hazards assumption

chi2
41.69

global test

df
5

P-value
0.000

From the results of the table (4.22) we have the best model and also Table (4.23) confirms to us the
quality of this model since the P-value (0.000) which is significant.
4.6 Scaled Residual Plot:
The plots of the scaled residuals and the smooth curves are shown in Figure (4.11) below support
the assumptions of (PH) for each of the five covariates. That is, the data in each plot in the figure is
distributed randomly, smoothly and approximately horizontally through origin or slope
approximately equal to zero. This indicates that none of the five covariates had interaction with log
of time; and the plots support the (PH) assumption.
Test of PH Assumption
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0

.01

Mother's educational status
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.02
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0

10
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Duration of breastfeeding

Duration of breastfeeding
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1.5
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0

10

20

30

Duration of breastfeeding

Fig (4.11) : Scaled residual plot
Table (4.24) : Results of backward test for the variables influencing on the survival time after removing outliers
B

SE

Wald

d.f

Sig.

Exp(B)

-0.001

0.001

7.326

1

0.007

1.000

Child's age in months

0.009

0.001

49.311

1

0.000

0.991

Reasons of stopping

0.214

0.008

795.926

1

0.000

1.239

-0.014

0.002

34.902

1

0.000

0.986

0.039

0.012

10.611

1

0.001

1.040

Child's weight at birth in
grams

Step 6

breastfeeding
Mother's age in completed
years
Mother's educational status

The outliers has been processed by deletion and our results in table (4.24) illustrate that there is no
significant effect by outliers on the value of parameters in the best model as the model's parameter
values before delete the outliers and after deletion nearly equal also in addition to the p-value.
Hence the existence of outliers in the form data does not affect significantly on achieved
distribution hypothesis, in other words, the detected outliers are not influential points.
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Fig (4.12) : Scaled residual plot after removing outliers

4.7 Summary
This chapter has analyzed the data from the Palestinian Central Bureau of Statistics (PCBS)- The
Survey of the Palestinian Family Health 2006, by using descriptive analysis and survival statistical
methods in order to understand the characters of data and to obtain the best parametric model and
determine the most significant variables associated to the length of breast feeding duration.
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CHAPTER 5
CONCLUSION AND RECOMMENDATIONS
5.1 Conclusion
Survival analysis can be used to analyze data on the length of time it takes for a specific event to
occur. A characteristic of “time to event” (duration of breastfeeding) data is that we did not know the
actual time to event (duration of breastfeeding) for every person (child) in our data set. We however,
know this only for some individuals. This study was seeking to:
(1) Describe the pattern (distribution) of event times of the groups under study; this was done using
(K-M).
(2) To compare patterns of time to event across groups which was done using Log-rank Test and to
explore the influences of possibly several factors on “time to event” (duration of breastfeeding) which
was achieved by Cox regression and parametric proportional hazard models.
Evaluation was also carried out on the models to establish which model is the most appropriate for
the data. The (KM) method was used to estimate the survival time of breastfeeding for the children.
The purpose of this study was to assess the duration of breastfeeding among women in Palestine
and to identify determinants associated with duration of breastfeeding. Data for the study were
drawn from the Survey of the Palestinian Family Health 2006. The study included mothers of
10,230 children below 5 years old including 5,895 from the West Bank and 4,423 from Gaza Strip.
The Kaplan-Meier and stratified Cox’s hazard model were employed for the analysis of
breastfeeding related data.
The Kaplan-Meier survival estimate showed that the probability of mothers who continue to
breastfeeding was not high (42.6%) for the mother reached an appropriate age of the total reasons
for stopping breastfeeding of mothers in the Palestinian society. Proportion of nursing mothers
Non-refugee reached nearly half of the total mother's refugee status 53.8%. Lactating women in the
Palestinian Urban accounted 52.9% .In the Rural 28.8%, while the ratio is very low compared with
them in the Palestinian Refugee camp of up to 18.3%.
In terms of educational status of the mother proportion of mothers who continued breastfeeding and
have preparatory it was 36.4% of the total sample taken for mothers where it was the highest
percentage compared to other educational status for the mother. The Kaplan-Meier estimate showed
that mothers who continue breastfeeding was high 86% of mothers were household keeper and then
declined to 7.6% of mothers were employed for 15 hours or over and diminished the ratio of rest of
mothers in this status out that fade.
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The Kaplan-Meier estimate showed that mothers who continue breastfeeding and does not smoke
and never smoked was too high 98%, where the percentage dropped for women Yes, smoke and
women Ex-smoker.
For Mother age (years) and its relationship to the duration of breast-feeding the proportion of
mothers whom aged between (17 - 27) years are ( 36.6%) and the percentage increased in the
mothers were aged between (28-37) years to reach 45.4% and decreased to reach 17.9% mothers
whom aged more than 37 years of the sample.
The mean and median duration of breastfeeding in Palestine were 13.27 and 14.00 months
respectively. The stratified

analysis revealed that Child's weight at birth in grams, Child's age in

months, Reasons of stopping breastfeeding, Mother's age in completed years, and Mother's
educational status were significant determinants of duration of breastfeeding in Palestine.

5.2 Recommendations
According the researcher generated experience follow recommendation are given:
1. Survey data need to be cleaned and better prepared before allowing it to public.
2. The breastfeeding-promotion programs in Palestine should give special attention to:
a- Mothers those who live in urban areas.
b- Mothers with all categories and stages of educational especially higher education.
c- Mothers whom aged between (17-27).

Those who have higher parity, those who have a less period of Breastfeeding. Which these mothers
tend to breastfeed their child for a relatively shorter period of time.
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