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Abstract 

Background:- Stroke is of great medical concern worldwide, being the 6th most 

common cause of adult disability and second leading cause of death. Our data set is for 

391 as a sample of stroke patients from Gaza hospitals during period from 1/1/2000 to 

15/6/2011. 

Objective: The aim of this thesis is to evaluate the statistical methods and 

measurement scales that are used in for identifying risk factors of Ischemic stroke and 

propose better statistical tools to predict ischemic stroke in the Gaza strip. 

Methods:- In this thesis, both the logistic model and the cox model were applied to 

the same data set. First, logistic model was adjusted to the data using the maximum 

likelihood estimation method. The resulting model has been assessed by comparing all 

estimated parameters    to 0, using the likelihood ratio test, and also by comparing each 

parameter to 0, using the Wald test. Then a nonparametric (KM) model to find the 

estimated survival function for the time and analyze the data for single factor over 

different levels has been used. Later we used the Cox Proportional Hazard (PH) model 

to fit the data. Finally, we constructed the preferred model and found the estimated 

survival functions which can be applied to make prediction for specific subjects. 

Results:- Using the dataset, and based on the analysis we conducted in the present 

thesis, we concluded that the probability of being hit by recurrent stroke for women is 

more than men, for smoking patients is more than nonsmokers, for patients who didn't 

take anti-clotting drugs is more than those who take anti-clotting drugs , and patients 

with high blood pressure or diabetes will have a greater chance of recurring stroke 

injury. More specifically, women are 4.42 times more likely to have recurrent stroke 

than men; smoking patients are 1.53 times than non-smoking patients to have the hazard 

to have recurrent stroke. Patients who take anti-clotting drugs are 0.81 times less likely 

than those who did not take any anti-clotting drugs to be hit be recurrent stroke. 

Moreover, there exists some interaction between diabetes and sex. Women patients with 

diabetes tend to have greater chance of recurrent stroke injury.  
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 الملخص باللغة العربية

 شثرر  األكثثر السثادس السثب  تعثد حيث  الطبية، العموم في كبير قمق مصدر الدماغية الجمطة تشكل
 اإلحصثثاةية األسثثالي  تقيثثيم إلثث  األطروحثثة هثث   ترثثد . لموفثثا  الثثثاني والسثثب  البثثالنين عنثثد لإلعاقثثة

 األدوات أفضثثثل واقتثثثرا  الدماغيثثثة، لمجمطثثثة المسثثثببة الةطثثثور  عوامثثثل عمثثث  التعثثثر  فثثثي المسثثثتةدمة
مجموعة البيانات التي سنقوم بتحميمرا لعينة من  .غز  قطاع في بالدماغية بالجمطة لمتنبؤ اإلحصاةية

مثثثريي فثثثي اللتثثثر  الزمنيثثثة الواقعثثثة مثثثا بثثثين  391مرضثثث  السثثثكتة الدماغيثثثة فثثثي قطثثثاع غثثثز  وعثثثددهم 
 .15/6/2010إل   1/1/2000

  نلثثثس مجموعثثثة عمثثثونمثثثو   كثثثوكس االنحثثثدار الموجسثثثتي فثثثي هثثث   األطروحثثثة، تثثثم تطبيثثثق نمثثثو   
 طريقثثة لمبيانثثات باسثثتةدام االنحثثدار الموجسثثتيتثثم تعثثديل نمثثو   ة بدايثث ، عمثث  حثثد سثثوا  البيانثثات

    تم تقييم النمو   الناتج من ةثلل مقارنثة جميثل المعممثات المقثدر ثم   لمتقدير األرجحية العظم 
، الصلر، وأيضا من ةلل مقارنة كل معممة إل  األرجحية، و لك باستةدام اةتبار نسبة إل  الصلر

 تقثثدير لمعثثثور عمثث  )كثثابلن ميثثر  اللمعممثثيالنمثثو   ثثثم اسثثتةدم   .وولثثدو لثثك باسثثتةدام اةتبثثار 
 ت لعامثل واحثد عمث  مةتمث  المسثتويات،وتحميل البيانثا )النجا   باالعتماد عم  الوقت بقا الوظيلة ل

وتقثثدير ضثثل لالمنمثثو   البنثثا  تثثم  وأةيثثرا   عمثث  البيانثثات،النسثثبي كثثوكس نمثثو    تثثم توفيثثق بعثثد  لثثك
 .تنبؤ عن مواضيل محدد لمالبقا  عم  قيد الحيا  التي يمكن تطبيقرا  دوالمعثور عم  المعممات ل
فقثثد  األطروحثثة، فثثي لرثثا المشثثار اإلحصثثاةية األسثثالي  عمثث  وبنثثا  المتاحثثة البيانثثات قاعثثد  باسثثتةدام
 أعمث  لممثدةنين وكث لك لمرجثال منث  أعمث  المتكثرر  الدماغيثة بالجمطة النسا  إصابة احتمال تبين أن

 إصثثثابترم احتمثثثال تبثثثين أن لمثثثتجمط مضثثثاد  عقثثثاقير يتنثثثاولون الثثث ين ولممرضثثث  المثثثدةنين لنيثثثر منثثث 
 المصثثابين المرضثث  أمثثا ،األدويثثة هثث   مثثثل يتعثثاطون ال الثث ين لممرضثث  منثث  أقثثل الدماغيثثة بالجمطثثة
 بالجمطثثة لإلصثثابة غيثثرهم مثثن عرضثثة أكثثثر فثثهنرم الثثدم وضثثنط السثثكر  مثيثثل مثثن مزمنثثة بثثرمراي
 .المتكرر  الدماغية
 الدماغيثثثثة بالجمطثثثثة لإلصثثثثابة الرجثثثثال مثثثثن مثثثثر  4.42   أعمثثثث  النسثثثثا  فثثثثهن تحديثثثثدا ، أكثثثثثر بشثثثثكل
 غيثر عثن المتكثرر  الدماغيثة بالجمطثة لإلصثابة 1.53نسثبة ةطثر بزيثدوا ي ك لك المثدةنون. المتكرر 
 فثر  مثن تقمثل هث   األدويثة فثهن لمتةثثر المضثاد  األدويثة نيتعثاطو  الث ين المرض  بينما. المدةنين
 عوامثثل مثثن مرمثثين عثثاممين بثثين تلاعثثل هنثثاك أن وجثثد هثث ا عمثث  عثثلو . 1..0 نسثثبت  بمثثا اإلصثثابة
 كبثراأل لرصثةال لثديرم السثكر  بمثري المصثابات النسا  أن حي  نوعوال السكر  مري هما الةطر
  .المتكرر  الدماغية بالجمطة لإلصابة
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Chapter 1: Introduction 

1.1 General Introduction 

Survival analysis is a very popular data analysis method which is widely applied in 

many fields, such as medicine, public health, epidemiology and economics. Survival 

analysis techniques proved to be important tools for analyzing the data coming from 

various fields and disciplines. Although, the basic functions of survival analysis are the 

same in all fields, but it is also known with different names such as in engineering 

"reliability analysis", and in sociology "event history analysis". It also known in 

economics as "duration analysis" and in medical research as "survival analysis". 

Survival analysis deals with models, which analyze data of life times. One of the 

common uses of survival analysis in clinical trial is the comparison of survival times of 

different treatments in some fatal diseases. A demographer can use the technique in 

studying the length of working hours for a group of people and for studying the duration 

of marriage. In an open book exam, the examiner can use survival analysis for 

measuring the number of hours of completing the paper. In engineering, one of the uses 

of survival analysis is to study the waiting time of failure of an item. In economics, we 

may study the survival of a new business. 

Survival analysis is characterized by the following properties  

1. In survival analysis, response variable is always time. 

2. The assumption of normality do not hold in survival analysis, as survival data are 

generally skewed. The commonly used distributions in survival analysis are 

exponential, weibull, lognormal, gamma, log-logistic etc. 

3. Concept of censoring, which may affect the hazard function. 

4. Covariates in survival analysis always depend on time     

1.2 Ischemic stroke 

Stroke is defined clinically as "a syndrome of rapidly developing clinical signs of 

focal or global disturbance of cerebral function, with symptoms lasting 24 hours or 

longer or leading to death, with no apparent cause other than of vascular origin."(World 
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Health Organization, 1978). Events lasting less than 24 hours are termed as transient 

ischemic attacks (TIA). 

In other words, ischemic stroke defined as "a sudden interruption in the blood 

supply of the brain. Most strokes are caused by an abrupt blockage of arteries leading to 

the brain and it accounts for 87 percent of all stroke cases. The hemorrhagic stroke 

occurs when a weakened blood vessel ruptures. Two types of weakened blood vessels 

usually cause hemorrhagic stroke: aneurysms and arteriovenous malformations. 

Some facts about stroke 

1. The second leading cause of death. 

2. The 6th most common cause of adult disability 

3. 1 in 6 people will have a stroke in their lifetime. 

4. Every 6 seconds stroke kills someone. 

5. Every other second stroke attacks a person, regardless of age or gender. 

6. 15 million people experience a stroke each year, 6 million of them do not survive. 

7. About 30 million people have had a stroke - most have residual disabilities 

8. In Palestinian region, stroke causes 12% from the mortality. 

1.3 Historical Background 

In a study of Jaigobin (2001), evaluate the author proposed method to stroke 

recurrence, survival and functional outcome for patients with lacunar stroke and to 

determine if there are differences between patients with first and recurrent stroke and 

between patients with and without an embolic source using Kaplan-Meier survival 

curves for all patients with lacunar stroke. Survival curves were compared between 

patients with first and recurrent strokes and between patients with and without known 

potential sources of embolic using the log rank test. Cox regression analysis was used to 

determine if the potential predictor variables retained their importance in the 

simultaneous context of each other. 

Hoot (2005): described a variety of measures that exist to evaluate the success of a 

liver transplant. The measures most common to the field are patient survival and graft 
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survival. Patient survival refers to the amount of time that a patient lives following the 

date of transplantation achieve the following goals: 

1. To determine whether informatics techniques can improve upon Cox regression 

in predicting outcomes following liver transplantation. 

2. To simplify the machine learning model by identifying the key factors necessary 

for robust prediction of outcomes. 

3. To evaluate the practical significance of a refined model in a clinical setting. 

Okal(2010), introduce a univariate investigation of survival estimates using Kaplan-

Meier curves, to estimate the survival curves in a simple way while considering the right 

censoring. Also, compare two survival curves using the log-rank test for the null 

hypothesis of a common survival curves for two groups. Later, display the cox 

proportional hazard regression model (robust model) by focusing on the model from and 

why this is appropriate. The results of using cox model was closely approximate the 

results for the correct parametric model. Finally concludes with a case study for survival 

analysis of breast cancer patients in Gaza Strip during the period 2000-2005. 

Later Embley (2010), determined whether COPD (Chronic Obstructive Pulmonary 

Disease), asthma and bronchiectasis have a bearing on the survival of patients 

hospitalized with their first stroke in Scotland. Kaplan-Meier plots were generated to 

determine if there was a significant difference in survival between patients with or 

without comorbid chronic respiratory conditions. The log rank test was used to confirm 

the statistical significance of any difference. 

1.4 Objective of the study  

The goal of the present study is to evaluate the statistical methods and measurement 

scales that are used in for identifying risk factors of Ischemic stroke and propose better 

statistical tools to predict ischemic stroke in the Gaza strip. 

Under this main objective we will attempt to achieve the following aims: 

1. To determine whether informatics techniques can improve upon Cox regression 

in predicting outcomes injury of recurrent stroke. 
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2. To deduce a logistic regression model to predict recurrent stroke injury using risk 

factors. 

3. Evaluate cox regression model and logistic regression model in predicting 

ischemic stroke for other patients not included in the analyzed of data. 

4. Describe the estimation and graphical presentation of survival curves using the 

Kaplan-Meier method. 

5. Discuss and compare two or more survival curves using the log-rank test. 

1.5 The Data 

The data used in this thesis for the application of the proposed methods is a database 

for patients who suffered from ischemic stroke in the Gaza strip including medical and 

social information in for 391 patients from different areas in the Gaza Strip. The data 

which collected between 1/1/2000 and 15/6/2011. 

We look at the central hospitals where patients are, at Al-Shifa Hospital in Gaza 

City (231 patients), European Gaza Hospital in Khan Younis city (161 patients). 

The 13 variables are age, sex, taking anti-clotting drugs, high blood pressure, high 

cholesterol, history of diabetes, obesity, atrial fibrillation, history of angina, congestive 

heart failure, smoker, poor nutrition and stress. 

1.6 Methodology 

The models which used in this study are based on the theory of survival analysis 

and the odds ratio methods. Survival analysis were applied in biomedical research and 

engineering.  They have been used to study the length of survival after an operation such 

a heart transplant. Since the survival analysis models have long tradition in engineering 

and biomedical research most of the terminology coincides with the one that is used in 

these fields such as: failure time data, hazards, survivor function and etc. 

The usefulness of the survival analysis has been recognized, as well. Survival 

techniques have been applied to study many different events such as organ transplants, 

cancer and other. 
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This section presents the main features of the stroke data and models. First, 

introduced survival analysis terminology such as censored data which is one of the most 

important to study survival analysis. As well, survival function which will denoted 

by      , hazard function and cumulative hazard function conventionally denoted by 

    . Furthermore, we introduce Kaplan-Meier estimator  ̂    and cox regression model 

as semi-parametric model for survival analysis. To discuss odds ratio method, we fit 

logistic regression model to the data. 

1.7 Thesis Structure 

In this thesis we will study the problem of predicting Ischemic stroke in Gaza Strip. 

This thesis is divided into five chapters: 

Chapter one presents an introduction, background, objectives of the study, data 

description, methodology and thesis Structure. In the next chapter, an introduction to 

survival analysis and a definition of common terminology is given, we also will define 

censoring, survival function and introduce Kaplan-Meier Method and Log-Rank Test. 

Chapter 3 introduces the logistic regression and cox regression in detail. Chapter 4 

contains the main results of the thesis and the application of the above methods in the 

data. Advantages and limitations of the proposed models are discussed and show the 

properties of the parameter estimates for reasonable sample sizes. Finally in chapter 5 

we have a conclusion and recommendations. 

Details about the analysis of data used in this thesis, some figures and R code are 

provided in the appendix.  
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Chapter 2: Survival analysis and Kaplan-Meier estimator 

2.1 General Introduction 

In this section we will give a general introduction on the survival analysis and some 

of the concepts associated with it such as censoring, survival function, hazard function 

and cumulative hazard function, and discuss Kaplan-Meier estimator, log-rank test and 

the related mathematical formulas. 

Survival analysis deals with death in biological organisms and failure in mechanical 

systems. Survival analysis attempts to answer questions like: 

 what is the fraction of a population which will survive past a certain time? 

 Of those that survive, at what rate will they die or fail? 

 Can multiple causes of death or failure be taken into account? 

 How do particular circumstances or characteristics increase or decrease the odds 

of survival? 

To answer such questions, it is necessary to define "lifetime". In the case of 

biological survival, death is unambiguous. however for mechanical reliability, failure 

may not be well-defined, since there may well be mechanical systems in which failure is 

partial, a matter of degree, or not otherwise localized in time. Even in biological 

problems, some events (for example, heart attack or other organ failure) may have the 

same ambiguity. The theory outlined below assumes well-defined events at specific 

times; other cases may be better treated by models which explicitly account for 

ambiguous events. 

More generally, survival analysis involves the modeling of time to event data. In 

this context, death or failure is considered as "event" in the survival analysis literature – 

traditionally only a single event occurs for each subject, after which the organism or 

mechanism is dead or broken. Recurring event or repeated event models relax the above 

assumption. Therefore, the study of recurring events is relevant in systems reliability, 

and in many areas of social sciences and medical research (    ). 
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This study is phrased primarily in terms of biological survival, but this is just for 

convenience. An equivalent formulation in terms of mechanical failure can be made by 

replacing every occurrence of death with failure. 

Wienke (2011) showed that survival analysis is one of the core research methods 

used in many fields such as medicine, biology, epidemiology, demography, and 

engineering. Notion survival analysis reflects the origin of the methods in medical and 

demographic studies of mortality. Especially since the end of the 1970s, the empirical 

analysis of event history data has become widespread by the development of the 

proportional hazards model in the seminal paper by Cox (1972) and several extensions 

during the last three decades. 

Allison (1995) illustrated that survival analysis is a class of statistical methods for 

studying the occurrence and timing of events. These methods are most often applied to 

the study of deaths. In fact, they were originally designed for that purpose, which 

explains the name survival analysis. That name is somewhat unfortunate, however, 

because it encourages a highly restricted view of the potential applications of these 

methods. Survival analysis is extremely useful for studying many different kinds of 

events in both the social and natural sciences, including the onset of disease, equipment 

failures, earthquakes, automobile accidents, stock market crashes, revolutions, job 

terminations, births, marriages, divorces, promotions, retirements, and arrests. Because 

these methods have been adapted—and sometimes independently discovered by 

researchers in several different fields, they also go by several different names: event 

history analysis (sociology), reliability analysis (engineering), failure time analysis 

(engineering), duration analysis (economics), and transition analysis (economics). These 

different names don't imply any real difference in techniques, although different 

disciplines may emphasize slightly different approaches. Since survival analysis is the 

name that is most widely used and recognized, it is the name I use here to define 

recurrent stroke for patients in hospitals in the Gaza strip. 

There are certain aspects of survival analysis data, such as censoring and non-

normality, that generate great difficulty when trying to analyze the data using traditional 

statistical models such as multiple linear regression. The non-normality aspect of the 

data violates the normality assumption of most commonly used statistical model such as 

regression or ANOVA, etc. A censored observation is defined as an observation with 
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incomplete information.  There are four different types of censoring possible: right 

truncation, left truncation, right censoring and left censoring and interval censoring. In 

section 2.2 we will give more about censored data and the three kinds of censoring. We 

will focus exclusively on right censoring for a number of reasons.  Most data used in 

analyses have only right censoring.  Furthermore, right censoring is the most easily 

understood among all the four types of censoring and if a researcher can understand the 

concept of right censoring thoroughly it will be easy to understand the other three types.  

When an observation is right censored it means that the information is incomplete 

because the subject did not have an event during the time that the subject was part of the 

study.  The point of survival analysis is to follow subjects over time and observe at 

which point in time they experience the event of interest. It often happens that the study 

does not span enough time in order to observe the event for all the subjects in the study. 

This could be due to a number of reasons. Perhaps subjects drop out of the study for 

reasons unrelated to the study (i.e. patients moving to another area and leaving no 

forwarding address). The common feature of all of these examples is that if the subject 

had been able to stay in the study then it would have been possible to observe the time of 

the event eventually. 

It is important to understand the difference between calendar time and time in the 

study. It is very common for subjects to enter the study continuously throughout the 

length of the study. This situation is reflected in the first graph where we can see the 

staggered entry of four subjects. The subjects in dashed in Figures (2.1) were censored 

and the subjects in dotted experienced an event. It would appear that subject 3 dropped 

out after only a short time (hit by a bus, very tragic) and that subject 4 did not 

experience an event by the time the study ended but if the study had continued longer 

(had more funding) we would have known the time when this subject would have 

experienced an event.  Thus, in calendar time both the entry and the exit time of the 

subjects are staggered and can occur at any time throughout the course of the study.  

Study time as the term would imply, deals only with the length of time that the subjects 

were part of the study.  Thus, every subject start at study time zero and have ending 

points corresponding to the entire length of time that they participated in the study, in 

other words, until they experienced an event or were censored. 

 



9 
 

Figure (2.1a)Censored Data 

 

Figure (2.1b)Censored Data 

 

The other important concept in survival analysis is the hazard rate.  From looking at 

data with discrete time (time measured in large intervals such as months, years or even 

decades) we can get an intuitive idea of the hazard rate.  For discrete time the hazard rate 

is the probability that an individual who is at risk for having an event will experience the 

event at time  . Thus, the hazard rate is really just the unobserved rate at which events 

occur.  If the hazard rate is constant over time and it was equal to 1.5, for example, this 

would mean that one would expect 1.5 events to occur in a time interval that is one unit 

long.  Furthermore, if a person had a hazard rate of 1.2 at time   and a second person had 

a hazard rate of 2.4 at time   then it would be correct to say that the second person's risk 

of an event would be two times greater at time  .  It is important to realize that the 
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hazard rate is an unobserved variable yet it controls both the occurrence and the timing 

of the events.  It is the fundamental dependent variable in survival analysis. 

Another important aspect of the hazard function is to understand how the shape of 

the hazard function will influence the other variables of interest. Figure (2.2) next page 

illustrates a hazard function with a 'bathtub shape'. This graph is depicting the hazard 

function for the survival of organ transplant patients. At time equal to zero they are 

having the transplant and since this is a very dangerous operation they have a very high 

hazard (a great chance of dying). The first 10 days after the operation are also very 

dangerous with a high chance of the patient dying but the danger is less than during the 

actual operation and hence the hazard decreases during this period. If the patient has 

survived up to day 10 then they are in very good shape and have a very little chance of 

dying in the following 6 months. After 6 months the patients begin to experience 

deterioration and the chances of dying increase again and therefore the hazard function 

starts to increase.  After one year almost all patients are dead and hence the very high 

hazard function continues to increase. 

The hazard function may not seem to be an exciting to model but other indicators of 

interest, such as the survival function, are derived from the hazard rate.  Once we have 

modeled the hazard rate we can easily obtain these other functions of interest.  Finally, it 

is important to understand the concept of the hazard function and to understand its 

shape. However, we are generally unable to generate the hazard function instead we 

usually look at the cumulative hazard curve(    ). 

Figure (2.2) An example of a hazard function for heart transplant patients. 
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2.2 Censored Data 

It is important to note that a complete survival time for some subjects might be 

unavailable in the study because of censoring, which is one common feature for survival 

data. Censoring happens when we have some information about the individual survival 

time, but we don't know the exact survival time.  

There are three kinds of censoring defined in survival analysis. Let   be the survival 

time. Right censoring, which is the most common censoring form in survival analysis, 

means that all you know about the time   of one subject is that it is greater than some 

value         . So the complete survival time interval has been cut off at the right side 

of the observed one, or the subject is terminated before the event occurs. A subject is 

said to be left-censored if the exact survival time is less than the observed time      . 

Also sometimes both right censoring and left censoring could have happened to the 

same subject, which is called interval censoring. In interval censoring, all you know 

about   is that it falls within an interval           . 

The notion of censoring is not restricted to the time variable, and it could be applied 

to any variable of interest if you just know part of information about the variable but you 

still want to use this part of the information rather than throwing it away directly, then 

this is a form of censoring. 

An important assumption about censoring that is required for all approaches for 

analyzing survival data is that censoring should be non-informative or independent. That 

is, an individual who is censored at   should be representative of all those subjects with 

the same values of explanatory variables who survive to  . (Cox and Oakes 1984) 

The probability of being censored at time   does not depend on the likelihood for 

failure at time  . If not, we call it informative censoring, which leads to biases in the 

analysis. 

2.3 Survival Analysis 

The statistical analysis of lifetime data (or more accurately, time-to-event, event-

history or duration data) plays an important role in medicine, epidemiology and many 

other fields. It has expanded rapidly in the last three decades, with works having been 
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published in various disciplines in addition to statistics. Survival analysis become an 

important branch of statistics because we are observing something that develops 

dynamically over time. There are two points related to this development. First, survival 

times are usually a mixture of discrete and continuous data that lend themselves to a 

different type of analysis than in the traditional discrete or continuous case. The mixture 

is the result of censoring and has an important effect on data analysis. A censored 

observation contains only partial information about the random variable of interest.  

The Kaplan-Meier estimator (Kaplan and Meier, 1958) of the survival function is a 

major step in the development of suitable models for such kind of data. Most evaluations 

are made conditionally on what is known at the time of the analysis, and this changes 

over time. Usually, as the population under study is changing, we only consider the 

individual risk to get recurrent stroke for those who are still have the first one, but this 

means that many standard statistical approaches cannot be applied. 

Models based on the hazard function have dominated survival analysis since the 

construction of the proportional hazards model by Cox (1972). One reason for making 

this model is so popular is the ease with which technical difficulties such as censoring 

and truncation are handled. This is due to the appealing interpretation of the hazard 

function as a risk that changes over time. Naturally, the concept allows for the entering 

of covariates in order to describe their influence and to model different levels of risk for 

different subgroups. However, in general it is impossible to include all relevant risk 

factors, perhaps because we have no information on individual values, which is often the 

case in demography. Furthermore, we may not know all relevant risk factors or it is 

impossible to measure them without great financial costs, something that is common in 

medical and biological studies. The neglection of covariates leads to (unobserved) 

heterogeneity. That is, the population consists of individuals with different risks. 

The second important regression model in survival analysis is the accelerated failure 

time model (AFT) (Lawless, 1982). The Cox model and its various generalizations are 

mainly used in medical and bio-statistical fields, while the AFT model is primarily 

applied in reliability theory and industrial experiments. We will not treat the AFT model 

in detail here but recommend a recent paper by Orbe et al.(2002) in which the authors 

compare both the Cox and AFT models and discuss the advantages and limitations of 

each. In particular, they consider a semi-parametric version of the AFT model. 
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2.4 Survival function  

The key to describing human survival, measured by rates of death or disease, is a 

specific function, traditionally denoted by     , called the survival function. A survival 

function produces the probability of surviving beyond a specific point in time (denoted 

 ). In symbols, a formal definition is 

                                               

                                        

Or, equivalently, 

                                                

Because      is a probability, it is always between zero and one for all values 

of                .  

Where   is some time,   is a random variable denoting the time of death, and     

stands for probability. That is, the survival function is the probability that the time of 

death is later than some specified time t. The survival function is also called the survivor 

function or survivorship function in problems of biological survival, and the reliability 

function in mechanical survival problems. In the latter case, the reliability function is 

denoted R(t). 

Usually one assumes S(0) = 1, although it could be less than 1 if there is the 

possibility of immediate death or failure. The survival function must be non-increasing: 

S(u) ≤ S(t) if u ≥ t. This property follows directly from F(t) = 1 - S (t) being the integral 

of a non-negative function. This reflects the notion that survival to a later age is only 

possible if all younger ages are attained. Given this property, the lifetime distribution 

function and event density (F and f below) are well-defined. 

The survival function is usually assumed to approach zero as age increases without 

bound, i.e., S(t) → 0 as t → ∞, although the limit could be greater than zero if eternal 

life is possible. For instance, we could apply survival analysis to a mixture of stable and 

unstable carbon isotopes; unstable isotopes would decay sooner or later, but the stable 

isotopes would last indefinitely. 
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2.5 Lifetime distribution function and event density 

The lifetime distribution function, conventionally denoted by F, is defined as the 

complement of the survival function, 

                    

and the derivative of F, which is the density function of the lifetime distribution, is 

conventionally denoted by f, 

           
 

  
     

The function f  is sometimes called the event density; it is the rate of death or failure 

events per unit time. 

The survival function is often defined in terms of distribution and density functions 

             ∫       
 

 

        

Similarly, a survival event density function can be defined as 

           
 

  
     

 

  
∫       

 

 

 
 

  
               

2.6 Hazard function and cumulative hazard function 

Let T be a non-negative random variable representing the waiting time until the 

occurrence of an event. For simplicity we adopt the terminology of survival analysis, 

referring to the event of interest as `death' and to the waiting time as `survival' time, but 

the techniques to be studied have much wider applicability. They can be used, for 

example, to study age at marriage, the duration of marriage, the intervals between 

successive births to a woman, the duration of stay in a city (or in a job), and the length 

of life. The observant demographer will have noticed that these examples include the 

fields of fertility, mortality and migration. 

The hazard function, conventionally denoted by λ, is defined as the event rate at 

time t conditional on survival until time t or later (that is, T ≥ t), 

http://en.wikipedia.org/wiki/Hazard_function
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                |     
      

    
  

       

    
 

Force of mortality is a synonym of hazard function which is used particularly 

in demography and actuarial science, where it is denoted by μ. The term hazard rate is 

another synonym. 

The hazard function must be non-negative, λ(t) ≥ 0, and its integral over       must 

be infinite, but is not otherwise constrained; it may be increasing or decreasing, non-

monotonic, or discontinuous. An example is the bathtub curve hazard function, which is 

large for small values of t, decreasing to some minimum, and thereafter increasing 

again; this can model the property of some mechanical systems to either fail soon after 

operation, or much later, as the system ages. 

The hazard function can alternatively be represented in terms of the cumulative 

hazard function, conventionally denoted by Λ: 

              

so transposing signs and exponentiating 

                

or differentiating (with the chain rule) 

 

  
      

     

    
      

The name "cumulative hazard function" is derived from the fact that 

     ∫       
 

 

 

Which is the "accumulation" of the hazard over time. 

From the definition of Λ(t), we see that it increases without bound as t tends to 

infinity (assuming that S(t) tends to zero). This implies that λ(t) must not decrease too 

quickly, since, by definition, the cumulative hazard has to diverge. For example, exp(-

http://en.wikipedia.org/wiki/Force_of_mortality
http://en.wikipedia.org/wiki/Demography
http://en.wikipedia.org/wiki/Actuarial_science
http://en.wikipedia.org/wiki/Bathtub_curve
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t) is not the hazard function of any survival distribution, because its integral converges 

to 1. 

2.7 Quantities derived from the survival distribution 

Future lifetime at a given time    is the time remaining until death, given survival to 

age     . Thus, future lifetime is        in the present notation. The expected future 

lifetime is the expected value of future lifetime. The probability of death at or before 

age        , given survival until age    , is just 

         |      
            

       
 

             

     
 

Therefore the probability density of future lifetime by chang (2011) is 

 

  
[
             

     
]  

       

     
 

and the expected future lifetime by chang (2011) is 

 

     
∫           

 

 

 
 

     
∫       

 

  

 

 

where the second expression is obtained using integration by parts. 

For      , that is, at birth, this reduces to the expected lifetime. 

In reliability problems, the expected lifetime is called the mean time to failure, and 

the expected future lifetime is called the mean residual lifetime. 

As the probability of an individual surviving until age t or later is     , by 

definition, the expected number of survivors at age t out of an 

initial population of n newborns is         , assuming the same survival function for 

all individuals. Thus the expected proportion of survivors is     . If the survival of 

different individuals is independent, the number of survivors at age t has a binomial 

http://en.wikipedia.org/wiki/Expected_value
http://en.wikipedia.org/wiki/Integration_by_parts
http://en.wikipedia.org/wiki/Mean_time_to_failure
http://en.wikipedia.org/wiki/Population
http://en.wikipedia.org/wiki/Binomial_distribution
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distribution with parameters n and     , and the variance of the proportion of survivors 

is                  . 

The age at which a specified proportion of survivors remain can be found by solving 

the equation         for some  , where q is the quantile in question. Typically one is 

interested in the median lifetime, for which    0.5 , or other quantiles such as    

      or         . 

One can also make more complex inferences from the survival distribution. In 

mechanical reliability problems, one can bring cost (or, more generally, utility) into 

consideration, and thus solve problems concerning repair or replacement. This leads to 

the study of renewal theory and reliability theory of aging and longevity. 

2.8 Fitting parameters to data 

Survival models can be usefully viewed as ordinary regression models in which the 

response variable is time. However, computing the likelihood function (needed for 

fitting parameters or making other kinds of inferences) is complicated by the censoring. 

The likelihood function for a survival model, in the presence of censored data, is 

formulated as follows. By definition the likelihood function is the conditional 

probability of the data given the parameters of the model. It is customary to assume that 

the data are independent given the parameters. Then the likelihood function is the 

product of the likelihood of each observation. It is convenient to partition the data into 

four categories: uncensored, left censored, right censored, and interval censored. These 

are denoted "   .", "    ", "    ", and "    " in equation (2.1) by chang (2011). 

     ∏        |  

      

 ∏         |  

      

 ∏         |  

      

 ∏           

      

   |            

For an uncensored datum, with    equal to the age at death, we have 

         |          |     

For a left censored datum, such that the age at death is known to be less than   , we 

have 

http://en.wikipedia.org/wiki/Binomial_distribution
http://en.wikipedia.org/wiki/Variance
http://en.wikipedia.org/wiki/Quantile
http://en.wikipedia.org/wiki/Median
http://en.wikipedia.org/wiki/Utility
http://en.wikipedia.org/wiki/Renewal_theory
http://en.wikipedia.org/wiki/Reliability_theory_of_aging_and_longevity
http://en.wikipedia.org/wiki/Likelihood_function
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         |          |              |     

For a right censored datum, such that the age at death is known to be greater than   , 

we have 

         |              |          |     

For an interval censored datum, such that the age at death is known to be less 

than      and greater than      we have 

                   |             |             |     

An important application where interval censored data arises is current status data, 

where the actual occurrence of an event   is only known to the extent that it is known 

that it has not occurred before the observation time and to have occurred before the next. 

2.9 Kaplan-Meier Method and Log-Rank Test 

The Kaplan-Meier method (KM), which is also called Product-limit method, is a 

nonparametric model (Kaplan & Meter, 1958). It is the most widely used model in 

estimating survival functions. When there is no censored data, the KM estimate   ̂    is 

actually the sample proportion of subjects surviving longer than time  . Suppose that we 

have   distinct survival times,                           and that there are    subjects 

in the risk set     , which is the  collection of subjects who have survived at least to time 

              . 

Further let    be the number of subjects who experienced the event at time      , 

then the general formula for the KM method is defined as 

  ̂    ∏    
  

  
 

      

                                       

Sometimes the formula is also expressed as equation (2.3), (Kleinbaum, 2005) 

 ̂    ∏  ̂[      |      ]
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It is also useful to use KM method to estimate survival curves for two or more 

groups, but we need to evaluate whether or not these curves are statistically equivalent. 

The most popular method is log-rank test which was first proposed by Mantel (1966). 

The log-rank test involves obtaining the expected versus observed number of events 

for either one of the groups at each observed event time and then adding to obtain an 

overall summary across all time points where there is an event. Suppose we need to 

compare two survival curves for two groups under one covariate, we have   distinct 

survival times,                          , and let     and     be the number of subjects 

in the risk set       for group 1 and group 2 at time      , so the total subjects in risk set at  

     is             .Then let      and      be the number of observed events at     , so 

the total number of events at       is            . Therefore, the expected events at 

     for each group are 

group1:       
   

  
    

group2:       
   

  
    

and the log-rank statistic is formed using the sum of observed minus expected 

events over all failure times for one of two groups. We can use either one of the groups. 

Then we have the total observed minus expected is 

      ∑ [       ]
 
           

We will find that the value of the sum for two groups is the same except the sign. 

And the log-rank statistic is defined as 

                     
(     )

 

   (     )
   

                               

Under the null hypothesis that no difference between survival curves, the log-rank 

statistic follows the   
  and small p-value indicates significant difference. 
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For covariate with more than 2 groups, the log-rank test still works the same way 

and log-rank statistic follows     
  where   is the number of groups. 

There are several alternative tests like Wilcoxon (Kleinbaum & Klein,2005), 

Tarone-Ware (Tarone & Ware, 1977), Peto (peto, 1972) and Flemington-Harrington 

(Kleinbaum & Klein,2005) which are variations of log-rank test applying different 

weights at the     event time. For example, Wilcoxon uses weight function    , the 

number of subjects in risk set, to place more emphasis on the information at the 

beginning. 

Later, we are going to apply all the previous methods discussed in this chapter and 

provide further discussion of the application of these methods. 
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Chapter 3: Logistic Regression and Cox Regression 

3.1 Introduction 

In this chapter we present an overview of two of the most important regression 

techniques in epidemiology: logistic regression and Cox regression. Logistic regression 

extends odds ratio methods to the regression setting, and Cox regression does the same 

for hazard ratio methods. Linear regression, analysis of variance, repeated measures 

analysis of variance, and other multivariate methods designed for continuous outcome 

(dependent) variables also have a place in the analysis of epidemiologic data. The 

feature of logistic regression and Cox regression which makes them so useful in 

epidemiology is that they are concerned with dichotomous outcomes and can 

accommodate both continuous and categorical predictor (independent) variables. 

There are other regression techniques designed for categorical outcomes which are 

useful in epidemiology. Loglinear analysis provides a method of analyzing 

multidimensional contingency tables (Bishop et al., 1975; Feinberg, 1981). Poisson 

regression, which is closely related to loglinear analysis (Frome 1983; Frome and 

Checkoway, 1985; Breslow and Day, 1987; Seber, 2000). Parametric survival regression 

models, such as those defined using the Weibull and exponential distributions, offer an 

alternative to Cox regression, as described below (Kalbfleisch and Prentice, 1980; 

Lawless, 1982; Cox and Oakes, 1984; Lee, 1992; Collett, 1994; Hosmer and Lemeshow, 

1999). Methods are available for the analysis of longitudinal data in which repeated 

measurements are taken on each individual and where the outcome variable is 

dichotomous (Lindsey, 1993; Diggle et al., 1994). 

3.2 Logistic Regression 

Logistic regression analysis (LRA) extends the techniques of multiple regression 

analysis to research situations in which the outcome variable is categorical. In practice, 

situations involving categorical outcomes are quite common. In the setting of evaluating 

an educational program, for example, predictions may be made for the dichotomous 

outcome of success/failure or improved/not-improved. Similarly, in a medical setting, an 

outcome might be presence/absence of disease. The focus of this chapter is on situations 

in which the outcome variable is dichotomous, although extension of the techniques of 

LRA (Hosmer & Lemeshow, 2000). 
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Thus, logistic regression is a technique for analyzing problems in which there are 

one or more independent variables that determine an outcome. The outcome is measured 

with a dichotomous variable (in which there are only two possible outcomes). In other 

way, logistic regression (sometimes called the logistic model or logit model) is used for 

prediction of the probability of occurrence of an event by fitting data to a logistic 

function. It is a generalized linear model used for binomial outcome. Like other forms of 

regression analysis, it makes use of one or more predictor variables that may be either 

numerical or categorical. For example, the probability that a person has a stroke within a 

specified time period might be predicted from knowledge of the person's age, sex and 

body mass index. Logistic regression is used extensively in the medical and social 

sciences fields, as well as marketing applications such as prediction of a customer's 

propensity to purchase a product or cease a subscription. 

3.2.1 Definition 

The logistic function is real valued function because it can take as an input any 

value from negative infinity to positive infinity, whereas the output is confined to values 

between 0 and 1. The variable   represents the exposure to some set of independent 

variables, while      represents the probability of a particular outcome, given that set of 

explanatory variables. The variable   is a measure of the total contribution of all the 

independent variables used in the model and is known as the logit. An explanation of 

logistic regression begins with an explanation of the logistic function, which, like 

probabilities, always takes on values between zero and one: 

     
  

    
 

 

     
                                 

Figure (3.1).The logistic function, with   on the horizontal axis and      on the vertical 

axis 
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The variable z is usually defined as equation (3.2) 

                                                  

where    is the "intercept" and    ,    ,    , … ,    are the "regression coefficients" 

of    ,    ,     , … ,   respectively. The intercept is the value of   when the values of all 

independent variables are zero (e.g. the value of   in someone with no risk factors). Each 

of the regression coefficients describes the size of the contribution of that risk factor. A 

positive regression coefficient means that the explanatory variable increases the 

probability of the outcome, while a negative regression coefficient means that the 

variable decreases the probability of that outcome; a large regression coefficient means 

that the risk factor strongly influences the probability of that outcome, while a near-zero 

regression coefficient means that that risk factor has little influence on the probability of 

that outcome. 

Logistic regression is a useful way of describing the relationship between one or 

more independent variables (e.g., age, sex, etc.) and a binary response variable, 

expressed as a probability, that has only two values, such as having cancer ("has cancer" 

or "doesn't have cancer") 

3.2.2 Assumptions of regression  

Sample size  

As with most statistical techniques, we need to consider the size and nature of 

sample if we intend to use logistic regression. One of the issues concerns the number of 

cases we have in the sample and the number of predictors (independent variables) we 

wish to include in your model. If we have a small sample with a large number of 

predictors we may have problems with the analysis (including the problem of the 

solution failing to converge). This is particularly a problem when we have categorical 

predictors with limited cases in each category. Always run Descriptive Statistics on each 

of predictors, and consider collapsing or deleting categories if they have limited 

numbers. 

Some studies require that the number of predictors should be 20% of the number of 

cases. If we apply this to our study, we have a sample with 391 cases and 13 predictors. 

So it will be enough to go on using logistic regression. 
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Multicollinearity  

As we know, we should always check for high inter-correlations among your 

predictor (independent) variables. Ideally, your predictor variables will be strongly 

related to dependent variable but not strongly related to each other. Unfortunately, there 

is no formal way in the logistic regression procedure to test for multicollinearity, but we 

can choose to use the procedure to request collinearity diagnostics. Tolerance values that 

are very low (less than .1) indicate that the variable has high correlations with other 

variables in the model (Jeeshim and KUCC; 2002). we may need to reconsider the set of 

variables that we wish to include in the model, and remove one of the highly inter-

correlating variables. 

Outliers 

It is important to check for the presence of outliers, or cases that are not well 

explained by model. In logistic regression terms, a case may be strongly predicted by 

model to be one category but in reality be classified in the other category. These 

outlying cases can be identified by inspecting the residuals, a particularly important step 

if we have problems with the goodness of fit of model. 

3.2.3 Formal mathematical specification 

Logistic regression analyzes binomially distributed data of the form 

                                       

Where the numbers of Bernoulli trials    are known and the probabilities of success 

   are unknown. An example of this distribution is the fraction of seeds (  ) that 

germinate after    are planted. 

The model proposes for each trial i there is a set of explanatory variables that might 

inform the final probability. These explanatory variables can be thought of as being in a 

k-dimensional vector    and the model then takes the form 

    (
  

  
|  ) 
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The logits, natural logs of the odds, of the unknown binomial probabilities are 

modeled as a linear function of the   . 

            (
  

    
)                             

The unknown parameters    are usually estimated by maximum likelihood using a 

method common to all generalized linear models. The maximum likelihood estimates 

can be computed numerically by using iteratively reweighted least squares (Ononugbo, 

2008). 

The interpretation of the    parameter estimates is as the additive effect on the log 

of the odds for a unit change in the     explanatory variable. In the case of a 

dichotomous explanatory variable, for instance gender,    is the estimate of the odds of 

having the outcome for, say, males compared with females. 

The model has an equivalent formulation 

   
 

    (                         )
 

This functional form is commonly called a single-layer perceptron or single-layer 

artificial neural network. A single-layer neural network computes a continuous output 

instead of a step function. The derivative of    with respect to              is 

computed from the general form: 

  
 

        
 

where      is an analytic function in  . An analytic function is a function that is 

locally given by a convergent power series (    ). With this choice, the single-layer 

neural network is identical to the logistic regression model. This function has a 

continuous derivative, which allows it to be used in backpropagation. This function is 

also preferred because its derivative is easily calculated (Ononugbo2008 ,): 
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3.2.4 Model accuracy 

Accuracy is a way to test for errors in models created by step-wise regression is to 

not rely on the model's F-statistic, significance, or multiple-r, but instead assess the 

model against a set of data that was not used to create the model.( Mark & Goldberg, 

2001). The class of techniques is called cross-validation which is a technique for 

assessing how the results of a statistical analysis will generalize to an independent data 

set(    ). 

Accuracy is measured as correctly classified records in the holdout sample (Mayers 

& Forgy, 1963). There are four possible classifications: 

1. prediction of 0 when the holdout sample has a 0 (True Negative/tn) 

2. prediction of 0 when the holdout sample has a 1 (False Negative/fn) 

3. prediction of 1 when the holdout sample has a 0 (False Positive/fp) 

4. prediction of 1 when the holdout sample has a 1 (True Positive/tp) 

These classifications are used to measure Precision and Recall (Kim & Adeli, 2010) 

          
  

     
                           

       
  

     
                                   

The percent of correctly classified observations in the holdout sample is referred to 

the assessed model accuracy. Additional accuracy can be expressed as the model's 

ability to correctly classify 0, or the ability to correctly classify 1 in the holdout dataset 

(    ). 

3.3 Cox Proportional Hazard Model  

The Cox proportional hazard (  ) model is the most popular model in survival 

analysis, which was first introduced by David Cox in his famous paper, ―Regression on 

Models and Life Tables‖ (Cox, 1972). By summarizing earlier work on the life table 

(Kaplan & Meier, 1958), Cox introduced his model postulating a simplified form for the 

http://en.wikipedia.org/wiki/Cross-validation_(statistics)
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relationship between hazard function and the effects of explanatory variables. The model 

can be defined as  

                {   }          {∑     

 

   

}                            

 

where                  is the set of explanatory variables and   

                is a vector of regression parameters and        is regarded as the hazard 

function for individuals with zero on all explanatory variables (Collett, 1994). It is called 

the baseline hazard function of time that is unspecified and nonnegative, thus Cox model 

is referred as semi-parametrical model. This model provides an expression for the 

hazard at time   for an individual defined by the vector of explanatory variables. Thus, 

the survival function can be defined by Rodríguez (2007) as equation (3.7) 

                 {∑     
 
   }                        

The coefficient vector   is estimated using maximum likelihood method which is 

based on the observed order of events rather than joint distribution of events. This 

method is called ―partial likelihood‖ that we will explain later. Therefore the estimated 

hazard function and survival function can be written as  

 ̂       ̂       { ̂  }   ̂       {∑  ̂   
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The key assumption of the Cox regression model is assuming a proportional hazard 

(PH). That is the hazard for one individual is proportional to the hazard for any other 

individual. i.e., the hazard ratio (HR) is a constant which is independent of time. Let 

      
    

        
   and                  be vectors of explanatory variables 

for two individuals, the hazard ratio (HR) is given as 

 ̂  
 ̂      

 ̂     
 



28 
 

    { ̂       } 

    {∑  ̂   
     

 

   

} 

When  ̂  is a constant independent of time, the proportional hazard assumption is 

satisfied. Also proportional hazards regression assumes that the two groups have 

constant relative risk over time. 

3.3.1 Assumptions of the Cox Model 

Though the Cox model is non-parametric to the extent that no assumptions are made 

about form of the baseline hazard, there are still a number of important issues which 

need be assessed before the model results can be safely applied(    ). Proportional 

hazards regression makes several assumptions: 

1. There is a baseline hazard function       common to all individuals in all the 

study groups. 

2. Each study group has a hazard function that is a positive multiple of the 

baseline hazard,        . 

3. Explanatory variables act only on the hazard ratio  . They do not affect the 

baseline hazard. 

4. Independence of observations 

5. Sufficient data for inference 

6. Censoring is independent of the event of interest 

3.3.2 Checking the Assumptions of proportional hazard 

The assessment of the proportional hazard assumption can be achieved by many 

approaches. We mainly have two general ideas to assess the    assumption: 

a. Graphical approaches 

1. Log-log survival plot, this is the most popular graphical technique used in 

survival analysis. The main idea is to construct a transformation of equation 

(3.9) by taking natural log twice ( Kleinbaum & Klein2005  ,). 
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The    assumption is appropriate if plots of log-log survival curve are 

parallel between individuals. Let us consider two different individuals with 

explanatory vector    and   defined previously, we can have the           ̂   by 

substituting    and   for   in the expression above. 

For   , 
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For  , 
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   [     ̂    ] 

And the difference is 

∑  ̂    
  

 

   

    

Which is independent of time. Note that the baseline function has dropped out 

and the difference is the distance between two curves for individuals, which is a 

constant and so they are parallel. 

2. Observed vs. Expected Plots, this method is used to compare the observed 

survival curve which is derived from KM method with the expected survival 

curve constructed by fitting the PH model. If they are ‗close‘ enough, we can 

conclude the PH assumption is satisfied. 
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b. Numerical approaches 

1. Goodness of fit test. Different tests exist for assessing the PH assumption. They 

all use the schoenfeld residuals defiled for every subject who has an event. It‘s 

usually checked by the correlation test between schoenfeld residuals and the 

rank of failure time (Schoenfeld, 1980). If the assumption is satisfied for one 

explanatory variable, the schoenfeld residual for this explanatory variable 

should be independent of survival time and the following null hypothesis is 

true. 

       

A small p-value leads to rejection the null hypothesis and shows departure 

from the PH assumption. 

2. Likelihood Ratio      test. This is the common test for regression coefficients 

which calculates the difference between full model and reduced model. In Cox 

regression analysis, LR test is constructed by introducing time-dependent 

variable in the model in terms of the product between explanatory variable and 

a function of time     . This model is called extended Cox model. The hazard 

function then can be stated as follow. 

               {∑     

 

   

           } 

where       is the function of time for     predictor. We can also check the    

assumption for several explanatory variables simultaneously by testing the following 

null hypothesis 

                        

And the test statistic can be expressed as follows (Rencher & Christense ,2012) 

       
        

     
   

  

Under null hypothesis the likelihood ratio statistic follows   
  distribution. 
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3.3.3 The Cox Likelihood 

In general, to construct the likelihood function  , we need to know the distribution of 

the outcome variable and then combine the distribution for each subject in the sample 

under certain conditions to make the joint distribution for the whole sample. However, 

we have discussed that the distribution of the outcome variable time   is not specified in 

the Cox model, therefore construct the likelihood function   as we usually did in the 

parametric model. Instead, we construct   in Cox model based on the observed order of 

events rather than the distribution of events. This is called "partial" likelihood (cox, 

1972). Let                              be the ordered event times and     be the vector 

of covariates for subject whose failure time is     , and    be the risk set at     . Based on 

the hazard function, ( Kleinbaum & Klein2005  ,) the partial likelihood function is 

defined as equation (3.11) 
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It is important to note that the numerator of the likelihood is related to the 

information for subjects who experienced the event at time      , and the denominator is 

about the information for all subjects who are in risk set    . The unspecified baseline 

hazard function         will be cancelled out in calculation. We can maximize      

with respect to   just as we do in usual likelihood function maximization. Also, it is 

convenient to maximize the logarithm of       

        ∑ {(    
   )     ∑    (    

   )
    

}

 

   

 

By setting the partial derivative of         to zero, we have the score equations 

     

   
     where                        

Most programs use Newton's Method to solve this system. One thing need to be 

mentioned is that the equation of      or         is not valid for tied event times, which 

means more than one individuals experience the event at the same time. If ties are 
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present, some modifications need to made upon      or        . Alternative partial 

likelihoods have been provided like Breslow(1974), Efron(1977), and Cox(1972).  
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Chapter 4: Case Study 

4.1 Data and variables description 

As most other medical studies, data are difficult to get. For the purpose of the 

application of the methods in practical situation in the Gaza Strip we get a rich database 

for 391 patients who suffered from Ischemic stroke. Thus we have a database including 

medical and social information on 13 variables for 391 patients from different areas in 

the Gaza Strip. 

The data come from the central hospitals where patients are from Al-Shifa Hospital in 

Gaza City (231 patients) and the European Gaza Hospital in Khan Younis city (161 

patients). The results of such studies have to be published without disclosing the identity 

of the patient. 

The information available relied primarily on the medical records of patients in the 

hospitals mentioned above, which contain medical information to the patient such as the 

patient's condition upon his arrival and the initial diagnosis of the situation and diseases 

suffered by the patient such as high blood pressure, diabetes, heart disease, as well as 

surgical procedures performed for the patient previously. Also we have information of 

drugs for anti-clotting used by the patient such as aspirin, heparin and warfarin, and the 

patient's blood tests, cholesterol level and CT scan's report. Also we can find record of 

the nursing, doctor visits and drug doses allocated in addition to basic information such 

as name, age, sex and residential area as well as contact number. 

Other sources, we adopted to collect the data that is different from the medical records, 

is the information transmitted from patient's families. It has improved on the information 

in the database significantly. Where special information was provided about smoking, 

nutrition, lack of physical activity, obesity, coffee, stress and the previous history of the 

patient's health. However, such data may be not as important as the information 

provided by the medical records. 

 Adherence to the medication (as anti-clotting drugs) is not known; prescribed 

drug may not necessarily be taken before the stroke. 

 The diagnosis code is not always provided for each case and sometimes not 

very informative. In most cases hospitals provided the first two digits of the 
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ICD-10 code. So maybe some cases are not recurrent stroke, because the 

patient entered to the hospital more than once for other reasons. 

4.2 Data preparation: coding of responses 

In order to make sense of the results of logistic regression it is important to set up the 

coding of responses to each of the variables carefully. The dichotomous response 

variable has been coded as 0 and 1. The value 0 has been assigned to the response 

variable to indicate a lack or absence of the characteristic of interest. Thus 0 has been 

used to code the answer No to the question ‗Do you have a problem with diabetes?‘. The 

value 1 is used to indicate a Yes answer to the same question. A similar approach has 

been used when coding the independent variables. We coded the answer Yes as 1, for 

the categorical variables relating to high blood pressure, history of diabetes, anti-clotting 

drugs, obesity, atrial fibrillation, history of angina, congestive heart failure, smoke, poor 

nutrition and stress. 

Continuous independent variables like age, were recoded in category as "1" means "less 

than 50 years old", "2" means "between 50 and 70 years old" and "3" means "more than 

70 years old", further we use this variable as it to be sure about results. For the codes of 

other independent variables see (Table 4.1). 

  



35 
 

(Table 4.1) Variables description 

Name Type Range Description 

    

Gender Binary 1=Male 

0=Female 

Gender 

Dateofbirth Date  Date of birth 

Age Numerical  Age in years 

AgeCA Nominal 1=<50 

2=50-70 

3=>70 

Age category 

Censor Binary 0=first 

1=recurrent 

Recurrent Stroke 

Interydate Date  INTERY DATE 

Days Nominal  Days between the first stroke and 

the recurrent stroke 

Anticlot Numerical  Taking anti-clotting drugs 

HBP Binary 0=No 

1=Yes 

High Blood pressure 

HC Numerical  High Cholesterol 

D Binary 0=No 

1=Yes 

History of diabetes 

O Binary 0=No 

1=Yes 

Obesity 

AF Binary 0=No 

1=Yes 

Atrial fibrillation 

HA Binary 0=No 

1=Yes 

History of angina 

CHF Binary 0=No 

1=Yes 

Congestive heart failure 

SM Binary 0=No 

1=Yes 

Smoker 

PN Binary 0=No 

1=Yes 

Poor Nutrition 

ST Binary 0=No 

1=Yes 

Stress 
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4.3 Data summary 

(Table 4.2) presents descriptive information of variables in the ischemic stroke data 

from hospitals in the Gaza strip. 

(Table 4.2) Descriptive Statistics 

Variable Name N 

Mean 

SD Minimum Maximum 
Statistic Std. Error 

Age       

 Full sample 391 64.64 0.72 14.16 29.00 99.00 

 First Stroke 290 63.06 0.86 14.63 29.00 99.00 

 Recurrent Stroke 101 69.17 1.16 11.63 38.00 93.00 

Sex       

 Full sample 391 0.46 0.03 0.50 0.00 1.00 

 First Stroke 290 0.48 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.40 0.05 0.49 0.00 1.00 

Days       

 Full sample 391 71.95 9.45 186.90 0.00 1002.00 

 First Stroke 290 0.00 0.00 0.00 0.00 0.00 

 Recurrent Stroke 101 278.53 27.81 279.50 3.00 1002.00 

Taking anti-clotting drugs       

 Full sample 391 0.51 0.03 0.50 0.00 1.00 

 First Stroke 290 0.51 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.51 0.05 0.50 0.00 1.00 

High Blood pressure       

 Full sample 390 0.37 0.02 0.48 0.00 1.00 

 First Stroke 289 0.40 0.03 0.49 0.00 1.00 

 Recurrent Stroke 101 0.31 0.05 0.46 0.00 1.00 

High Cholesterol       

 Full sample 391 0.51 0.03 0.50 0.00 1.00 

 First Stroke 290 0.52 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.47 0.05 0.50 0.00 1.00 

History of diabetes       

 Full sample 391 0.53 0.03 0.50 0.00 1.00 

 First Stroke 290 0.49 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.66 0.05 0.47 0.00 1.00 

Obesity       

 Full sample 391 0.69 0.02 0.46 0.00 1.00 

 First Stroke 290 0.69 0.03 0.46 0.00 1.00 

 Recurrent Stroke 101 0.70 0.05 0.46 0.00 1.00 

Atrial fibrillation       

 Full sample 391 0.57 0.03 0.50 0.00 1.00 

 First Stroke 290 0.53 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.67 0.05 0.47 0.00 1.00 
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Variable Name N Mean 

SD Minimum Maximum 
  

Statistic Std. Error 

History of angina       

 Full sample 390 0.87 0.02 0.33 0.00 1.00 

 First Stroke 289 0.88 0.02 0.32 0.00 1.00 

 Recurrent Stroke 101 0.85 0.04 0.36 0.00 1.00 

Congestive heart failure       

 Full sample 390 0.51 0.03 0.50 0.00 1.00 

 First Stroke 289 0.54 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.43 0.05 0.50 0.00 1.00 

Smoker       

 Full sample 390 0.44 0.03 0.50 0.00 1.00 

 First Stroke 289 0.46 0.03 0.50 0.00 1.00 

 Recurrent Stroke 101 0.36 0.05 0.48 0.00 1.00 

Poor Nutrition       

 Full sample 390 0.65 0.02 0.48 0.00 1.00 

 First Stroke 289 0.70 0.03 0.46 0.00 1.00 

 Recurrent Stroke 101 0.50 0.05 0.50 0.00 1.00 

Stress       

 Full sample 391 0.68 0.02 0.47 0.00 1.00 

 First Stroke 290 0.64 0.03 0.48 0.00 1.00 

 Recurrent Stroke 101 0.79 0.04 0.41 0.00 1.00 

Figure A1 in Appendix A shows the histogram of patients age and Figure A2 shows the 

normal Q-Q plot of days to have recurrent stroke, and it seems to be normal. 

4.4 Methods of data analysis 

The data were labeled and recoded using the R 2.15.0 statistical software package and 

using R commander. To convert time into years, the original time variable was divided 

by 365. The data were declared to be a survival- time data with recurrence as censor 

event with 1 if it recurrence and 0 if not, from "survival" package, we use the 

"Surv" to Create a survival object, "survfit" for Kaplan-Meier estimates and 

"survdiff" for The log-rank test. Also to fit logistic model we use "glm" and to fit 

cox proportional hazard model we use "coxph". The focus will be on the Kaplan-Meier 

estimates for recurrent stroke. The graphs were plotted using Kaplan-Meier for recurrent 

stroke as censor versus time. 
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4.5 Fitting logistic regression to the data 

To demonstrate the use of logistic regression we used the data that has been obtained 

from a survey conducted on a sample of ischemic stroke in Gaza strip to identify the 

prevalence of recurrent stroke and its impact. In the survey, we are interested on whether 

the patients have recurrent stroke (yes/no). This variable has been used as the dependent 

variable in this analysis. The set of predictors (independent variables) includes sex, age, 

high blood pressure, high cholesterol, history of diabetes, anti-clotting drugs, obesity, 

atrial fibrillation, history of angina, congestive heart failure, smoke, poor nutrition and 

stress. 

Each of the variables was subjected to recoding of their original scores to ensure their 

suitability for this analysis. The categorical variables were recoded from their original 

coding so that 0=no and 1=yes. 

The first question of interest is fitting the logistic regression to the data is to find factors 

that predict patients who report that they had a recurrent stroke. We used the following 

variables in the model. 

 A categorical (dichotomous) dependent variable (problem with sleep: 

No/Yes, coded 0/1); and 

 Some continuous and categorical predictor (independent) variables. The 

dichotomous variables are coded as 0 and 1 (these variables include sex, high 

blood pressure, high cholesterol, history of diabetes, anti-clotting drugs, 

obesity, atrial fibrillation, history of angina, congestive heart failure, smoke, 

poor nutrition and stress). Other continuous variables with high values 

indicate more of the characteristic of interest (e.g. age) are also included and 

recoded. 

The goal of logistic regression is to predict an outcome correctly using the most 

parsimonious model. A parsimonious model includes only explanatory variables that are 

powerful in predicting the response variable. Three common methods for finding models 

that contain only variables that are powerful in predicting the response variable are 

forward selection, backward selection, and stepwise selection. In a common version of 

forward selection, variables enter the model one by one, where the variable added at 
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each step is the variable that leads to the largest R-square improvement. In backward 

selection, all of the variables are in an initial model and then the variables are removed 

from the model one by one to see the improvement in a certain criteria, such as Akaike's 

Information Criterion (McQuarrie & Tsai,1998). In stepwise selection, variables can 

both enter and exit the model. None of these three methods necessarily identifies the 

―best model.‖ Because the selection methods work by fitting an automated model to the 

current data set, they might not examine the combination of variables that produces the 

best mathematical criteria and they raise the danger of overfitting the model. However, 

some criteria help protect against the danger of overfitting that emerges from the 

stepwise procedure. The criterion used in this study is the stepwise selection. 

We start fitting logistic regression to the data without any of the independent 

variables which will use next in the model (the result in Table 4.3). This is the null 

model and will serve a baseline later for comparing the model with predictor variables 

included. In (Table 4.3) the overall percentage of correctly classified cases is 74.2 per 

cent. That's mean, in this case the program classified (guessed) that all cases would not 

have a problem with recurrent stroke (only because there was a higher percentage of 

patients don't have recurrent stroke). When set of predictor variables is entered, we will 

be able to improve the accuracy of these predictions. 

(Table 4.3) Classification Table of the null model 

Observed 

Predicted 

Recurrent stroke 

Percentage Correct No Yes 

Recurrent stroke No 290 0 100.0 

Yes 101 0 .0 

Overall Percentage   74.2 
 

Table 4.4 support the model as being worthwhile. This test "Hosmer and Lemeshow 

Test" is the most reliable test of model fit. For the Hosmer-Lemeshow Goodness of Fit 

Test poor fit is indicated by a significance value less than .05, so to support the model 

we actually want a value greater than .05. Here the chi-square value for the Hosmer-

Lemeshow Test is 8.651 with a significance level of .373 and this value is larger than 

.05, therefore indicating support for the model. 
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(Table 4.4)Hosmer and Lemeshow Test 

Step Chi-square df Sig. 

1 8.651 8 .373 

The (Table 4.5) headed Model Summary gives another information about the 

usefulness of the model. The Cox & Snell R Square and the Nagelkerke R Square values 

provide an indication of the amount of variation in the dependent variable explained by 

the model (from a minimum value of 0 to a maximum of approximately 1). These are 

described as pseudo R square statistics, rather than the true R square values that will be 

seen provided in the multiple regression output. Here the two values are .158 and .231, 

suggesting that between 15.8 per cent and 23.1 per cent of the variability is explained by 

this set of variables.  

(Table 4.5)Model Summary 

Step -2 Log likelihood Cox & Snell R Square Nagelkerke R Square 

1 379.700a .158 .231 

The next table provides with an indication of how well the model is able to predict 

the correct category (recurrent stroke/ no recurrent stroke) for each case. We can 

compare this with the Classification table shown in (Table 4.3), to see how much 

improvement there is when the predictor variables are included in the model. The model 

correctly classified 87.0 per cent of cases overall (sometimes referred to as the 

percentage accuracy in classification: PAC), an improvement over the 74.2 per cent in 

the null model. 

(Table 4.6)Classification Table 

 Observed 

Predicted 

Recurrent stroke 

Percentage Correct No Yes 

Recurrent stroke No 301 9 92.2 

Yes 42 39 24.8 

Overall Percentage   87.0 

 

The results displayed in previous table can also be used to calculate the additional 

statistics that often see reported in the medical literature. The sensitivity of the model is 

the percentage of the group that has the characteristic of interest (e.g. recurrent stroke) 

that has been accurately identified by the model (the true positives). 
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The Variables in the equation table (Table 4.7) gives information about the 

contribution or importance of each of predictor variables. The test that is used here is 

known as the Wald test. Scan down the column labeled Sig. looking for values less than 

.05. These are the variables that contribute significantly to the predictive ability of the 

model. In this case we have eight significant variables (age.ca p=.011, anti.clot p=.036, 

HBP p=.002, HC p=.001, D p=.000, AF p=.026, SM p=.001, ST p=0.13). In this case 

the major factors influencing whether a patient reports having a recurrent stroke are: age, 

taking anti-clotting drugs, high Blood pressure, high Cholesterol, diabetes, atrial 

fibrillation, smoker and stress. Gender, obesity, history of angina, congestive heart 

failure and poor nutrition did not contribute significantly to the model. 

The B values provided in the second column are equivalent to the B values obtained 

in a multiple regression analysis. These are the values that would use in an equation to 

calculate the probability of a case falling into a specific category. It should check 

whether B values are positive or negative. This will tell us about the direction of the 

relationship (which factors increase the likelihood of a yes answer and which factors 

decrease it). If we have coded all dependent and independent categorical variables 

correctly (with 0=no, or lack of the characteristic; 1=yes, or the presence of the 

characteristic), negative B values indicate that an increase in the independent variable 

score will result in a decreased probability of the case recording a score of 1 in the 

dependent variable (indicating the presence of recurrent stroke in this case). In this case 

the variable censors if the patient takes anti-clotting drugs showed a negative B value (-

1.080). This indicates that if the patients take anti-clotting drugs the less likely it is that 

they will report having a recurrent stroke. For the other significant categorical variables 

(age, high blood pressure, high cholesterol, diabetes, atrial fibrillation, smoker and 

stress), the B values are positive. This suggests that patient's age when increase, having 

high blood pressure, suffering diabetes or atrial fibrillation, having high cholesterol, 

smoker patient or stress person are more likely to have a recurrent stroke. 

The other useful piece of information in (Table 4.7) is provided in the Exp(B) 

column. These values are the odds ratios (OR) for each of your independent variables. 

According to (Tabachnick and Fidell ;2001), the odds ratio is the increase (or decrease if 

the ratio is less than one) in odds of being in one outcome category when the value of 

the predictor increases by one unit. In this case, the odds of a patient who have recurrent 
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stroke, is 1.037 times higher for a patient who suffer from diabetes than a patient who 

does not suffer from diabetes, all other factors being equal. 

Taking anti-clotting drugs is also a significant predictor, according to the Sig. value 

(p=.036). The odds ratio for this variable, however, is .083, a value less than 1. This 

indicates that the more taking anti-clotting drugs, the less likely he/she to have recurrent 

stroke. For every extra anti-clotting drugs, the odds of him/her to have a recurrent stroke 

problem decreases by a factor of .083, all other factors being equal. 

(Table 4.7) Variables in the Equation 

 

B S.E. Wald Df Sig. Exp(B) 

95% C.I.for EXP(B) 

 Lower Upper 

Age.ca .540 .213 6.390 1 .011 1.715 1.129 2.607 

SEX .866 .818 1.120 1 .290 2.376 .478 3.804 

Anti.clot -1.080 .757 7.096 1 .036 .083 .054 1.494 

HBP 0.133 .787 9.216 1 .002 1.075 .009 2.536 

HC 2.672 .825 10.478 1 .001 1.069 .014 4.349 

D 3.300 .845 15.245 1 .000 1.037 .007 3.193 

O -.365 .309 1.397 1 .237 .694 .378 1.272 

AF 2.592 .797 8.223 1 .026 1.053 .054 2.205 

HA .395 .400 .975 1 .324 1.484 .678 3.252 

CHF -.136 .378 .130 1 .719 .873 .416 1.831 

SM .881 .272 10.299 1 .001 2.414 1.417 14.114 

PN 1.039 .829 1.572 1 .210 2.827 .557 14.348 

ST .769 .309 6.179 1 .013 2.464 .253 3.850 

Constant .234 1.166 .040 1 .841 1.264   

Note here that we have a continuous variable as our predictor; therefore we report 

the increase (or decrease if less than 1) of the odds for each unit increase in the predictor 

variable. For categorical predictor variables we are comparing the odds for the two 

categories. For categorical variables with more than two categories, each category is 

compared with the reference group. 

The confidence that we have being an accurate representation of the true value (from 

the entire population) is dependent to a large extent on the size of our sample. Small 

samples will result in very wide confidence intervals around the estimated odds ratio. 

Much smaller intervals will occur if we have large samples. In this case the confidence 

interval for our variable smoke (SM OR=2.414) ranges from 1.417 to 14.114. So, 

although we quote the calculated OR as 2.414, we can be 95 per cent confident that the 
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actual value of OR in the population lies somewhere between 1.417 and 14.114, quite a 

wild range of values. The confidence interval in this case does not contain the value of 1, 

therefore this result is statistically significant at p<.05. If the confidence interval had 

contained the value of 1 the odds ratio would not be statistically significant -we could 

not rule out the possibility that the true odds ratio was 1, indicating equal probability of 

the two responses (yes/no). 

(Table 4.8) Casewise List 

Case 
Selected 
Statusa 

Observed 

Predicted 
Predicted 

Group 

Temporary Variable 

Censor Resid ZResid 

6 S yes** .137 No .863 2.513 

28 S yes ** .121 No .879 2.700 

31 S yes ** .075 No .925 3.510 

43 S yes ** .129 No .871 2.594 

117 S no ** .906 Yes -.906- -3.111- 

125 S No ** .839 Yes -.839- -2.283- 

391 S yes ** .126 No .874 2.638 

The Table 4.8 labeled Casewise List, gives information about cases in the sample for 

whom the model does not fit well. Cases with ZResid values above 2 are shown in the 

table (in this case showing case numbers 6, 28, 31, 43, 117, 125, 391). Cases with values 

above 2.5 (or less than –2.5) should be examined more closely, as these are clear outliers 

(given that 99 per cent of cases will have values between –2.5 and +2.5). You can see 

from the other information in the casewise list that one of the cases (117) was predicted 

to be in the Yes (have a recurrent stroke) category, but in reality (in the Observed 

column) was found with a No. 

The remainder of the outliers were all predicted no, but instead yes. For all these 

cases (and certainly for ZResid values over 2.5), it would be a good idea to check the 

information entered and to find out more about them. May be finding that there are 

certain groups of cases for which the model does not work well (e.g. patients with other 

diseases). May be need to consider removing cases with very large ZResid values from 

the data file and repeating the analysis. 
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4.6 Kaplan-Meier estimator  

The survival function for recurrence stroke estimated by the Kaplan-Meier product 

limit estimator, can be seen in Figure (4.1).On the horizontal axes is given the 

probability that the Recurrent stroke will continue in the next short period. The vertical 

axes report the rate of the recurrent stroke that have started and are still ongoing. As 

anticipated, the function starts at one and drops monotonically to zero. It is also 

important to note that the function does not take into consideration calendar dates. It is 

not important when the Stroke has started but rather how long it has lasted. Moreover, if 

one wants to look at the changes in probability of exiting Recurrent Stroke conditional 

on the length of the spell, then one needs to look at the slope of the survival function. 

Figure (4.1) Kaplan-Meier Survival Function for Recurrent stroke 

 

The median survival time is the smallest survival time for which the survival 

function is less than or equal to 0.5, which in this case is 184 days. The mean survival 

time is estimated as the area under the survival curve based upon the entire range of 

data, and in this case is equal to 278.5 days. The higher value of the mean compared to 

the median indicates that the distribution of the Recurrent Stroke has positive 
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asymmetry, with a long right tail. This implies that there are some patients that have 

Recurrent Stroke significantly higher than the mean. 

 (Table 4.9) Mean and Median for Survival Time 

records n.max n.start Events rmean se(rmean) median 0.95LCL 0.95UCL 
391.0 391.0 391.0 101.0 278.5 27.7 184.0 110.0 300.0 

 

Figure (4.2) Kaplan-Meier Survival Function for Recurrent stroke for Sex 

 

In order to evaluate the effect of gender on the probability of Recurrent Stroke, the 

survival functions for the different gender groups are plotted. Figure (4.2) plots the 

survival estimates for gender groups which is "Male (1)" and "Female (0)". The plot 

suggests that the probability of Recurrent Stroke for female patients is higher than for 

the male patients. The median duration for female patients to infect recurrent stroke is 

20.78% higher than for male patients. Moreover, in the median term there is an 

opportunity for women to be infected recurrent stroke, about 600 days from the first 

stroke. Then men will have the same probability in next 6 months, they will have the 

opportunity to be infected recurrent stroke as women. But again females will have high 

probability to be infected recurrent stroke. 
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Figure (4.3) Kaplan-Meier Survival Function for Recurrent stroke for Age 

 

The survival functions for the three levels of age are reported in Figure(4.3). 

However, the number of observed patients who their age less than 50 years is very 

small. Thus, the survival function of patients who their age less than 50 years should be 

looked with reservation.  It  is  found  that  those  less than 50 years  have  the  highest  

probability  of  recurrent stroke but it stopped after 756 days. The survival function for 

the patients who their age between 50 and 70 years suggests that they have higher 

probability of recurrent stroke compare to patients whose their age more than 70. 

Moreover, the probability of recurrent stroke is high for those between 50 and 70 years 

and continues in the short term about 480 days, but not for the medium term. 

In the medium term, the patients who their age more than 70 years have high 

probability in less than a year go on more. Again it flipped high to the patients who their 

age between 50 and 70 years, in about 2 years from the first attack. That's mean 

Occurrence of recurrent stroke can be in any time. This is in contrast to the set 

expectations that each higher level of age should be translated into higher probability of 

recurrent stroke. 



47 
 

Figure (4.4) Kaplan-Meier Survival Function for Recurrent stroke for HBP 

 

Figure(4.4), which displayed the Kaplan-Meier survival functions estimates for the 

patients whose have high blood pressure or not, have one very important characteristic 

in common. That is, the probability of recurrent stroke for patients with high blood 

pressure higher than those patients without high blood pressure. The median duration for 

patients with high blood pressure to infect recurrent stroke is 13% higher than for those 

patients without high blood pressure. After 800 days or around the probability flip to be 

high for the patients without high blood pressure. 
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Figure(4.5) Kaplan-Meier Survival Function for Recurrent stroke for Diabetes 

 

Here in Figure(4.5), the probability of the patients who suffer from diabetes is higher 

than Patients who don't suffer from diabetes in cases where recurrent stroke in less time 

than 384 days (around 1 years). After one year the probability will be the same in two 

groups of patients and increase for patients who don't suffer from diabetes. So this 

suggests that the diabetes become effective if it exists the first year from the first attack. 

Figure(4.6) Kaplan-Meier Survival Function for Recurrent stroke for Taking anti-

clotting drugs 
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Furthermore, Figure (4.6) compares the survival function estimates of taking anti-

clotting drugs. From the figure can be concluded that the patients who take anti-clotting 

drugs have the same probability to have recurrent stroke in the first six months or around 

but after this, the probability will differ and as the figure shown as expected, the patients 

who don't take anti will have the highest probability for a long term at variance the 

patients who take anti-clotting drugs, whose will be safe in the remaining time. 

Figure(4.7) Kaplan-Meier Survival Function for Recurrent stroke for High Cholesterol  

 

In addition, are plotted the survival functions for the different high cholesterol 

groups. The survival function estimates can be seen in Figure (4.7). The differences in 

the probability of recurrent stroke between the patients with high cholesterol and the 

others without high cholesterol may do appear to be significant. Unusually, the slopes of 

the curves for who with high cholesterol are less than patients without high cholesterol. 

That's clearly appears the different for coinciding almost all the time of the observation 

period about 590 days (around 1.6 years). The difference in the slope of the curves will 

reverse in the period from 600 to 1000 days (1.6 to 2.7 years), where there is a slightly 

higher probability of recurrent stroke for patients with high cholesterol. 
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Figures which is given in the appendix, displayed the Kaplan-Meier survival 

functions estimates for groups of other variables, and in the next points we will give a 

summary in the following: 

1. In figure A3, the probability of the patients whose have excessive obesity is the 

highest from the patients who don't have excessive obesity .And that's go on for 

the long term. 

2. In figure A4, Kaplan-Meier survival functions estimates for Atrial Fibrillation 

and we get that the patients who suffer from Atrial Fibrillation have higher 

probability than the patients who don't suffer from Atrial Fibrillation, but that 

maybe not significantly in cases where recurrent stroke after 650 days. This 

suggests that the Atrial Fibrillation become effective if it exists at time of 

increasing the period from the first attack. 

3. In figure A5, can be concluded that the curve oscillates between patients who 

don't have a History of Angina and patients who don't have it. First, who have a 

history of angina will have the highest probability for a short term around 1 year. 

Then reflected into the patients who don't have history of angina in the long term 

between 400 days and 1000 days except for some points in curves. 

4. In figure A6, the patients who suffer from congestive heart failure will have the 

highest probability for the others who don't have the congestive heart failure. The 

median duration for patients who suffer from congestive heart failure to infect 

recurrent stroke is 18.5% higher than for patients who suffer from congestive 

heart failure. 

5. In figure A7, it's clearly the smokers have the highest probability from the 

nonsmoking patients, that's in all the time. For the nonsmoking patients, the risk 

will be just for 795 days (around 2.2 years) not like the smokers whose will 

always have the risk. 

6. In figure A8, plot the survival function estimates for Poor Nutrition, the 

probability is higher when the patients have poor nutrition than the patients 

whose don't suffer from the poor nutrition. The descriptive estimates suggest that 

the median period of recurrent stroke will be higher by 10.1% from the patients 

whose have poor nutrition to the patients whose don't suffer from the poor 

nutrition. 
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7. Last  in figure A9, the probability is differ in the patients with stress to others 

without stress in the first 432 days but after that the patients with stress will have 

high probability to have recurrent stroke. 

Finally the Kaplan-Meier results are validated by running the log-rank test. The null 

hypothesis of the test states that there are no significant differences between survival 

curves for different levels of the same covariate. Now look at the log-rank test on 

equality check of survival curves between levels of covariates. R provides three statistics 

to test the equality: Log-rank, Wilcoxon test and Tarone–Ware test.  In general, the log-

rank test puts emphasis on larger values of time whereas the (generalised) Wilcoxon test 

puts emphasis on smaller values of time and the Tarone–Ware test puts emphasis on 

intermediate values of time. For details on the definition of the log-rank test for interval 

censored data refer to Peto and Peto (1972) and Finkelstien (1986).From the output of R, 

we can find log-rank test of equality across strata for the predictor sex, high blood 

pressure, history of diabetes, anti-clotting drugs, atrial fibrillation, smoke and stress has 

p-values of 0.013, 0.015, 0.031, 0.036, 0.001, 0.977, 0.028 and 0.032 respectively, then 

we can conclude that the survival curves are significantly different between stratum for 

sex, age, high blood pressure, high cholesterol, history of diabetes, anti-clotting drugs, 

atrial fibrillation, smoke and stress. 

For the continuous covariates like age and high cholesterol, we can fit the Cox 

regression model with single variable each time and consider the significance of the 

variable. Table (4.10) shows that the covariates age and high cholesterol are significant 

and associated with the time to recurrent stroke. 
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(Table 4.10) Log-rank Test, Wilcoxon test and Tarone-ware Estimates 

Variable Log-rank Wilcoxon Tarone–Ware 

Sex 
        

       
 

        

       
 

          

       
 

Age 
         

        
 

         

       
 

        

       
 

High Blood Pressure 
          

       
 

        

       
 

         

       
 

High Cholesterol 
        

       
 

        

       
 

       

       
 

History Of Diabetes 
         

       
 

        

       
 

         

       
 

Anti-Clotting Drugs 
        

       
 

         

       
 

         

       
 

Obesity 
         

       
 

        

       
 

         

       
 

Atrial Fibrillation 
         

       
 

         

       
 

         

       
 

History Of Angina 
          

       
 

          

       
 

         

       
 

Congestive Heart Failure 
         

       
 

         

       
 

         

       
 

Smoke 
        

       
 

         

       
 

         

       
 

Poor Nutrition 
         

       
 

        

       
 

         

       
 

Stress 
         

       
 

         

       
 

         

       
 

4.7 Cox regression model  

Last section, we worked on the variable one by one and had a general idea about the 

model. Furthermore, we are interested in constructing the best model by finding the 

most important factors from all possible candidate variables. As the traditional 
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regression analysis, we need to select the most important variables to explain the 

outcome based on some information criteria.  

The semi-parametric Cox proportional hazards model (PH) is the most commonly 

used model in hazard regression. Exact partial likelihood method is usually used for this 

model under the assumptions of no tied data. However, our data have not tied 

observations. Breslow and Efron have provided expressions that are easier to compute 

than the exact partial likelihood to deal with tied observations. Setting method as 

Breslow or as Efron in a built-in function coxph in R yields the appropriate analysis. 

(Table 4.11) Estimated coefficients for variables 

 Covariate  ̂ Chi-sq p-value 

Sex 0.327 4.372 0.037* 
Age 0.131 3.661 0.000** 
High Blood Pressure 0.081 4.524 0.000** 
High Cholesterol 0.032 0.091 0.079 
Diabetes -0.022 2.783 0.000** 
Anti-Clotting Drugs -0.203 3.658 0.000** 
Obesity 0.195 0.079 0.061 
Atrial Fibrillation 0.088 0.592 0.380 
History Of Angina -0.068 -0.022 0.395 
Congestive Heart 
Failure 

0.149 0.447 0.546 

Smoke 0.224 4.319 0.017* 
Poor Nutrition 0.064 -0.385 0.553 
Stress -0.014 0.745 0.251 

 

When fitting the Cox regression build model with single variable each time and 

consider the significance of the variable. Looking in Table ( 4-11) we can see that it is 

possible that age, sex, taking anti-clotting drugs, high Blood pressure, diabetes and 

smoke might affect recurrent stroke. In this context we now will use the effective 

variables to model, and luckily the Cox regression model just happens to provide us with 

valid information if the data obey certain rules. 

Now we will consider possible interactions between covariates that should be 

considered. For this small set of covariates, we can list all possible interactions of order 

2. There are (
 
 
)     possible order 2 interactions. In the model, we evaluate the 

interactions between two variables by considering a variable which is the product of the 
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two. Then we fit the Cox model containing original covariates as well as the product 

term. Finally, we use the Wald statistic or likelihood ratio statistic to test the significance 

of regression estimate for the product term. From the Table (4-12), all the interactions of 

order 2 are not significant except sex*diabetes under 0.05 significance level. Therefore, 

we will set up our final model with six covariates and one possible interaction term 

sex*diabetes. 

(Table 4.12) Estimated coefficients for interaction variables 

Covariate  ̂ Chi-sq p-value 

SEX*Diabetes                                 -0.0325 4.372 0.0257 * 

4.8 Fit of Cox Proportional Model 

From the analysis above we can finalize our model, but first we will see if the 

interaction is useful in the model or not. 

(Table 4.13)Estimated coefficients for variables 

Covariate 
Model with interaction Model without interaction 

 ̂ HR Se  ̂   ̂ HR Se  ̂  

Age 0.1719 1.1875 0.1947 0.1796 1.19679 0.18239 

Sex 1.4852 4.4157 0.8446 0.9964 2.70839 0.53858 

Anti-Clotting Drugs -0.20056 0.8142 0.2091 -0.1952 0.82264 0.20805 

High Blood Pressure 0.1153 1.1222 0.2409 0.1227 1.13052 0.23917 

Diabetes 0.5325 1.7033 0.6726 0.0580 1.05974 0.22436 

Smoke -0.6377 1.5285 0.5578 -0.7034 1.49490 0.54915 

Sex*Diabete -0.3349 2.7154 0.4440    

Likelihood ratio test=  692.557  on 7 df,   p=0.00032 688.355 on 6 df,   p=0.00176 
 

 We include the covariates and one interaction term in our model. The fit of model is 

showed in Table (4-13) as well as the model without interaction term for comparison. 

We have notes about the results in Table (4-14). First, when look at the hazard ratio in 

the interaction model. We can see that, for example, the hazard ratio for covariate 

diabetes is 1.7033, which means patients who suffering from diabetes (1=yes) has 

1.7033 times the hazard for have recurrent stroke as the other patients without. Also, 

when looking at hazard ratio of anti-clotting drugs in the model without interaction, we 

can see that patients who taking  anti-clotting drugs have 0.82264 times the hazard ratio 

to have recurrent stroke as the other patients who didn't taking anti-clotting drugs.  
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From the two models, the interaction model fits better. So we can consider a Cox 

regression model that looks like 

                                                                      

                   

            (                                                                       ) 
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Chapter 5: CONCLUSION and the Recommendations 

5.1 Conclusion 

In this thesis, both the logistic model and the cox model were applied to the same 

data set. We applied the Cox regression model on the time to recurrent stroke data and 

want to find the significant covariates which might influence the outcome variable  , the 

time to attack recurrent stroke. First, logistic model was adjusted to the data using the 

maximum likelihood estimation method. The resulting model has been assessed by 

comparing all estimated parameters    with 0, using both the likelihood ratio test, and 

the Wald test (Hosmer and Lemeshow, 1989). The parameters which are not 

significantly different from 0 at the 5% level were eliminated. Finally, the goodness of 

fit of the final model was assessed using the    test of Hosmer and Lesmeshow (1989) 

which compares the number of the predicted infected cases to the number of the 

observed cases. Then we use nonparametric Kaplan-Meier (KM) model to estimate the 

survival function of the time and analyze the data for single factor over different levels. 

Later we used the Cox Proportional Hazard (PH) model to fit the data. Finally we 

constructed the model which is preferred and estimated the survival functions which 

could be applied to make prediction for recurrent stroke. 

Using our dataset, and based on the analysis conducted in the present thesis, we have 

found that women more than men, smoking patients  more than nonsmoking, patients 

who didn't take anti-clotting drugs more than those who take anti-clotting drugs , and 

patients with high blood pressure or diabetes will have a greater chance of recurring 

stroke injury. More specifically, women are 4.42 times more likely to have recurrent 

stroke than men; smoking patients are 1.53 times than non-smoking patients to have the 

hazard to have recurrent stroke. Patients who take anti-clotting drugs are 0.81 times less 

likely than those who did not take any anti-clotting drugs to be hit by recurrent stroke. 

Moreover, there exists some interaction between diabetes and sex. Women patients with 

diabetes tend to have greater chance of recurring stroke injury. 

5.2 The Recommendations 

1. We recommend to apply of Kaplan-Meier Estimation of survivorship function 

(KM),  ̂    and estimated mean survival time for all stroke patients with 

confidence interval for  ̂   . 
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2. We recommend the examination of the relationship between (KM) and time for 

all stroke patients and the assessment of the relationship between hazard ratio 

and time for all stroke patients using the statistics program R. 

3. Almost invariably, we can use logistic regression models to predict recurrent 

stroke injury by using risk factors. Also, we recommend using the log-rank test 

for the comparison of two survival distributions for all stroke patients. 

4. We recommend using the cox proportional hazard model (CPHM), for analyzing 

survival data. Using the most important variables as predictors of survival time 

 , where   denotes days until going of remission "hitting by recurrent stroke", 

for all stroke patients in Gaza Strip. 

5. We recommend the reactivation of the medical records department in the hospitals 

of the Gaza Strip to enriches the patients data of stroke and other diseases including 

its different diagnostic sources in order to define the problem and its reasons, and to 

be used in other medical research. 
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Appendix A: Figures 

Figure A 1. Histogram of patients age 

 

Figure A 2. The Normal Q-Q Plot Of Days To Have Recurrent Stroke 
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Figure A 3. Kaplan-Meier Survival Function for Recurrent stroke for Obesity 

 

Figure A 4. Kaplan-Meier Survival Function for Recurrent stroke for Atrial 

Fibrillation 
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Figure A 5. Kaplan-Meier Survival Function for Recurrent stroke for History of 

Angina 

 

Figure A 6. Kaplan-Meier Survival Function for Recurrent stroke for Congestive 

Heart Failure 
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Figure A 7. Kaplan-Meier Survival Function for Recurrent stroke for Smoker 

 

Figure A 8. Kaplan-Meier Survival Function for Recurrent stroke for Poor 

Nutrition 

 

Figure A 9. Kaplan-Meier Survival Function for Recurrent stroke for Stress 
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Appendix B: R code 
library(survival)  
stroke=read.table("e://data.txt",header=T) 
attach(stroke) 
 
## Logistic regression model ## 
 
glm1=glm(formula = Censor ~ SEX + ageca + HBP + HC + O + D + AF + CHF 
+ ST + SM + PN + anticlot, family = binomial(logit),data = stroke) 
summary(glm1) 
 
##Kaplan-Meier Estimator## 
 
my.surv=Surv(Days,Censor) 
my.surv 
my.fit = survfit(Surv(Days, Censor) ~ 1, data=stroke) 
summary(my.fit)$surv # outputs the Kaplan-Meier estimate at each t_i 
summary(my.fit)$time # {t_i} 
summary(my.fit)$n.risk # {Y_i} 
summary(my.fit)$n.event # {d_i} 
summary(my.fit)$std.err # standard error of the K-M estimate at {t_i} 
summary(my.fit)$lower # lower pointwise estimates (alternatively, 
$upper) 
plot(my.fit, main="Kaplan-Meier estimate with 95% confidence 
bounds",col.axis = "blue",ylab = "survival function",xlab = "Survival 
Time in Days",) 
plot(my.fit, xlim=c(100, 600), xlab="time", ylab="Estimated survival 
Function", main="Reproducing Confidence Bands for Recurrent Stroke") 
lines(my.cb$time, my.cb$lower, lty=3, type="s") 
lines(my.cb$time, my.cb$upper, lty=3, type="s") 
legend(locator(1), legend=c("K-M survival estimate", "pointwise 
intervals","confidence bands"), lty=1:3) 
my.fit1 <- summary(my.fit) 
 
#####output kaplan-Meier estimator with Sex ###### 
 
fitsex=(survfit(Surv(Days, Censor == 1) ~ SEX, data = stroke)) 
print(fitsex,print.rmean=T) 
plot(fitsex, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Male", "Female"),col = c("blue","red"), 
lty = c(1, 2), title = "SEX", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ SEX, data = stroke,rho=(0))# log-
rank test# log-rank test 
survdiff(Surv(Days, Censor == 1) ~ SEX, data = stroke,rho=(1))# 
Wilcoxon test# Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ SEX, data = stroke,rho=(0.5))# 
Tarone–Ware test# Tarone–Ware test 
 
#####output kaplan-Meier estimator with AGE ###### 
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fitage=(survfit(Surv(Days, Censor == 1) ~ ageca, data = stroke)) 
print(fitage,print.rmean=T) 
plot(fitage, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("black","blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Less than 50 Years", "50-70 Years", "More 
than 70"),col = c("black","blue","red"), lty = c(1, 2, 3), title = 
"AGE", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ ageca, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ ageca, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ ageca, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with anticlot ##### 
 
fitanclot=(survfit(Surv(Days, Censor == 1) ~ anticlot, data = stroke)) 
print(fitanclot,print.rmean=T) 
plot(fitanclot, fun = "log",mark.time = FALSE, ylab = "Probability", 
xlab = "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "Taking anti-clotting drugs", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ anticlot, data = stroke,rho=(0))# 
log-rank test 
survdiff(Surv(Days, Censor == 1) ~ anticlot, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ anticlot, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with HIGH BLOOD PRESSURE ##### 
 
fithbp=(survfit(Surv(Days, Censor == 1) ~ HBP, data = stroke)) 
print(fithbp,print.rmean=T) 
plot(fithbp, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(500, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "HIGH BLOOD PRESSURE", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ HBP, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ HBP, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ HBP, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with HIGH CHOLESTEROL ##### 
 
fithc=(survfit(Surv(Days, Censor == 1) ~ HC, data = stroke)) 
print(fithc,print.rmean=T) 
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plot(fithc, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "HIGH CHOLESTEROL", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ HC, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ HC, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ HC, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with DIABETES ##### 
 
fitd=(survfit(Surv(Days, Censor == 1) ~ D, data = stroke)) 
print(fitd,print.rmean=T) 
plot(fitd, fun = "log",mark.time = FALSE, ylab = "Probability", xlab = 
"Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "DIABETES", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ D, data = stroke,rho=(0))# log-rank 
test 
survdiff(Surv(Days, Censor == 1) ~ D, data = stroke,rho=(1))# Wilcoxon 
test 
survdiff(Surv(Days, Censor == 1) ~ D, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with OBESITY ##### 
 
fito=(survfit(Surv(Days, Censor == 1) ~ O, data = stroke)) 
print(fito,print.rmean=T) 
plot(fito, fun = "log",mark.time = FALSE, ylab = "Probability", xlab = 
"Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "OBESITY", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ O, data = stroke,rho=(0))# log-rank 
test 
survdiff(Surv(Days, Censor == 1) ~ O, data = stroke,rho=(1))# Wilcoxon 
test 
survdiff(Surv(Days, Censor == 1) ~ O, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with ATRIAL FIBRILLATION ##### 
 
fitaf=(survfit(Surv(Days, Censor == 1) ~ AF, data = stroke)) 
print(fitaf,print.rmean=T) 
plot(fitaf, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
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legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "ATRIAL FIBRILLATION", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ AF, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ AF, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ AF, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
 
#####output kaplan-Meier estimator with HISTORY OF ANGINA##### 
 
fitha=(survfit(Surv(Days, Censor == 1) ~ HA, data = stroke)) 
print(fitha,print.rmean=T) 
plot(fitha, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "HISTORY OF ANGINA", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ HA, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ HA, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ HA, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with CONGESTIVE HEART FAILURE##### 
 
fitchf=(survfit(Surv(Days, Censor == 1) ~ CHF, data = stroke)) 
print(fitchf,print.rmean=T) 
plot(fitchf, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(400, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "CONGESTIVE HEART FAILURE", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ CHF, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ CHF, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ CHF, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with SMOKER##### 
 
fitsm=(survfit(Surv(Days, Censor == 1) ~ SM, data = stroke)) 
print(fitsm,print.rmean=T) 
plot(fitsm, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "SMOKER", bty = "n") 
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survdiff(Surv(Days, Censor == 1) ~ SM, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ SM, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ SM, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with POOR NUTRITION##### 
 
fitpn=(survfit(Surv(Days, Censor == 1) ~ PN, data = stroke)) 
print(fitpn,print.rmean=T) 
plot(fitpn, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "POOR NUTRITION", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ PN, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ PN, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ PN, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with LACK OF PHYSICAL ACTIVITY##### 
 
fitlpa=(survfit(Surv(Days, Censor == 1) ~ LPA, data = stroke)) 
print(fitlpa,print.rmean=T) 
plot(fitlpa, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(800, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "LACK OF PHYSICAL ACTIVITY", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ LPA, data = stroke,rho=(0))# log-
rank test 
survdiff(Surv(Days, Censor == 1) ~ LPA, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ LPA, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
#####output kaplan-Meier estimator with STRESS##### 
 
fitst=(survfit(Surv(Days, Censor == 1) ~ ST, data = stroke)) 
print(fitst,print.rmean=T) 
plot(fitst, fun = "log",mark.time = FALSE, ylab = "Probability", xlab 
= "Survival Time in Days", col = c("blue","red"), lty = 1:2:3, 
legend.text = c("Less than 50 Years", "50-70 Years", "More than 70")) 
legend(600, 0.7, legend = c("Yes", "No"),col = c("blue","red"), lty = 
c(1, 2), title = "STRESS", bty = "n") 
 
survdiff(Surv(Days, Censor == 1) ~ ST, data = stroke,rho=(0))# log-
rank test 
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survdiff(Surv(Days, Censor == 1) ~ ST, data = stroke,rho=(1))# 
Wilcoxon test 
survdiff(Surv(Days, Censor == 1) ~ ST, data = stroke,rho=(0.5))# 
Tarone–Ware test 
 
 
### cox regression Model### 
 
cmsex <- coxph(Surv(Days,Censor) ~ SEX, method="breslow", 
data=Dataset) 
cmsex$coef 
 
cmage <- coxph(Surv(Days,Censor) ~ ageca, method="breslow", 
data=Dataset) 
cmage$coef 
 
cmanticclot <- coxph(Surv(Days,Censor) ~ anticlot, method="breslow", 
data=Dataset) 
cmanticlot$coef 
 
cmhbp <- coxph(Surv(Days,Censor) ~ HBP, method="breslow", 
data=Dataset) 
cmhbp$coef 
 
cmhc <- coxph(Surv(Days,Censor) ~ HC, method="breslow", data=Dataset) 
cmhc$coef 
 
cmd1 <- coxph(Surv(Days,Censor) ~ D, method="breslow", data=Dataset) 
cmd1$coef 
 
cmaf <- coxph(Surv(Days,Censor) ~ AF, method="breslow", data=Dataset) 
cmaf$coef 
 
cmsm <- coxph(Surv(Days,Censor) ~ SM, method="breslow", data=Dataset) 
cmsm$coef 
 
cmst <- coxph(Surv(Days,Censor) ~ ST, method="breslow", data=Dataset) 
cmst$coef 
 
CoxModel <- coxph(Surv(Days,Censor) ~ Age+SEX+D+anticlot+HBP+SM+SEX*D, 
method="breslow", data=stroke) 
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