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ABSTRACT 

 

     Cancer is a global disease and represents one of the biggest health problems as it has 

one of the highest prevalence rates and the highest cost of educational programs required 

on preventive measures, early detection and access to rehabilitation. Lung cancer is the 

most common causes of cancer mortality in the Gaza Strip. The aim of this thesis is to 

provide a model that is appropriate to predict survival time of lung cancer patients in the 

Gaza strip, and to identify risk factors on lung cancer mortality. 

     Data on 181 patients with lung cancer was collected from the Cancer Registry in Shifa 

hospital - Gaza in the period 2005–2010. The patients had been followed up for a period 

of 6 years and the data involve some variables such as gender, age at diagnosis, residence 

address, smoking status and tumor grade. Exponential proportional hazards and Weibull 

proportional hazards regression were applied as parametric models with Cox regression 

and Akaike Information Criterion (AIC) was used to compare the efficiency of the 

models. Hazard ratio was used to interpret the risk of death to explore factors affecting 

the survival of patients. Multivariable analysis according to parametric and semi - 

parametric models showed that the smoking status and tumor grade of cancer increase the 

risk of death from cancer significantly.  

The study concluded that the probability of death by lung cancer for grade 2 patients is 

more than those at grade 1. For smoking patients, the probability of death is more than 

that of nonsmokers. Based on AIC scores, the Weibull parametric proportional hazard 

model seems more appropriate for our data set, and we propose that the model should be 

used as a statistical model for the survival analysis of patients with lung cancer.  
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 الملخص
 

 نسبة من تمثمو لما الصحية المشاكل أكبر من العالم دول كافة في السرطان أمراض تعتبر

عنيا، ويعتبر سرطان الرئة ىو أحد  الناتجة الوفيات نسبة ارتفاع عالية وكذلك عالج وتكمفة انتشار

طروحة إلى تيدف ىذه األو   السرطان. الناتجة عن أمراض لوفياتمن بين ااألسباب األكثر شيوعًا 

، لسرطان الرئةرة المسببة اطخمتقييم األساليب اإلحصائية المستخدمة في التعرف عمى عوامل ال

  في قطاع غزة. زمن البقاء لمرضى سرطان الرئة تقديرفي اإلحصائية  النماذجواقتراح أفضل 

من المرضى الذين يعانون من سرطان الرئة من مركز رصد  181بيانات عن وقد تم جمع 

ابعة المرضى لمدة تصل الى م، وقد تم مت2010 –م 2002 لمفترةفي مستشفى الشفاء بغزة  وراماأل

العمر عند تشخيص المرض،  الجنس، سنوات، ومن بين المتغيرات التي تم جمع بيانات عنيا: 6

لتفسير خطر الموت الستكشاف  ةطر اخمتم استخدام نسبة الو الورم.  ودرجة ،التدخينحالة العنوان، 

تم استخدام النموذج المعممي ويبل واالسي وقد ، ووفاتيم عوامل المؤثرة عمى بقاء المرضىال

لمحصول عمى   AIC، واستخدم المعيار لممخاطر النسبية مع النموذج الشبو معممي انحدار كوكس

 التدخين ودرجة الورمحالة أن  نتائجووأظيرت التحميل متعدد المتغيرات وقد استخدم  ،أفضل النماذج

 الموت بسرطان الرئة بشكل ممحوظ.تزيد من خطر 

وأن أن احتمال الوفاة لممدخنين أعمى منو لغير المدخنين،  ت نتائج ىذه الدراسةبينوقد 

بناًء و  مصابي الدرجة االولي،من الدرجة الثانية أعمى منو ل احتمال الوفاة لمصابي سرطان الرئة

من حيث بل لمخطر النسبي ىو أفضل النماذج النموذج المعممي ويتبين أن  AICعمى المعيار 

ىذا النموذج  نتائج كما أظيرت ،لتحميل مدة البقاء لممرضى الذين يعانون من سرطان الرئة مالئمتيا

 سرطان الرئة.  الناتجة من مرض ةأن التدخين ودرجة الورم تعطي تنبؤ بشكل كبير لموفا أيضاً 
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Chapter 1 

INTRODUCTION 

1.1 General Background: 

     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, 

survival analysis remains known with different names such as "reliability analysis" in 

engineering, and "event history analysis" in sociology. It is 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 trials is the comparison of survival times of different treatments in some fatal 

diseases. Cancer is one of the fatal diseases and it is the most serious health problems facing 

the developed and developing countries alike and because of the high cost and the number of 

injury associated with them as well as the high number of deaths among the injured. As one of 

the most important causes of death globally, it is worth mentioning that the lung cancer is the 

most deadly type of cancer to people among all other types  of cancer. Projections indicate 

that this trend will continue until 2030. In this study we will use statistical models to predict 

survival time of lung cancer patients in the Gaza Strip. 

1.2 Research Problem: 

Thousands of people suffer or die from cancer diseases each day. Medical doctors still cannot 

make accurate prognosis since the relationship between health conditions and survivability is 

still unknown. When patients consult doctors regarding their survival time, the doctors make 
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predictions based on their previous observations and experiences, and the prognoses from 

different doctors are usually inconsistent. 

The research problem to be discussed and analyzed in this thesis is how to find a model that 

can precisely predict survival time by analyzing patients‟ medical records, which may include 

personal attributes, clinical results of lung cancer patients in the Gaza Strip and can be used to 

predict the survival time of a given lung cancer patient and that can identify the significant 

risk factors associated with this fatal disease given a sample data on survival time as a 

dependent variable and on some possible risk factors associated with it from lung cancer 

patients in the Gaza Strip. 

1.3 Study Goals: 

The goals of this study can be summarized as follows: 

1- Describing the estimation and graphical presentation of survival curves using the 

Kaplan-Meier method. 

2- Discussing and comparing two or more survival curves using the log – rank test. 

3- Evaluating Cox regression model and Cox proportional hazard models Parametric 

(Weibull and Exponential) in terms of their abilities to predict lung cancer survival 

time for other lung cancer patients not included in the analyzed set of data.  

4- Assessing risk factors affecting survival time of patients with lung cancer using Cox 

proportional hazard Parametric (Weibull and Exponential) and Cox regression model . 

5- Conducting a comparison between the Cox proportional hazard Parametric (Weibull 

and Exponential) and Cox regression model using patients with lung cancer in the 

Gaza Strip. 
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1.4 The Study Motivation: 

1. Cancer is a global disease and it is the biggest health problem as it represents one of 

the highest prevalence rates and the highest cost  of educational programs required at 

the beginning of the disease on preventive programs and programs of early detection 

and access for rehabilitation programs of medical, psychological and social status of 

patients. 

2. Cancer mortality is considered the second cause of death in the Gaza Strip, reaching 

11.8% of the total deaths, The total number of deaths due to cancer in the previous 

decade (2001 - 2010) is 4,245 cases. The increase in percentage mortality due to 

cancer in the previous decade was 45.6%. Deaths from lung cancer has the highest rate 

of deaths among other types of cancer which is reaching 15.8% of the total cancer 

deaths in 2010. Lung cancer is the leading cause of death among males 22.3% of the 

total cancer deaths. (Ministry of Health, 2010). 

3. One of the most important motivations for the researcher is the possibility to get data 

on lung cancer because he works in the Health Information Center of the Ministry of 

Health. 

1.5 The Importance of the Study: 

The present study is so important because it provides a model that is appropriate to predict 

survival time of lung cancer patients in the Gaza Strip, and it will identify risk factors that 

increase the risk of injury and the risk of deaths from lung cancer. 
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1.6 The Data: 

Data on 181 patients with lung cancer was collected from the Health Information Center 

(Cancer Registry) in Shifa hospital for the period 2005–2010 in the Gaza Strip.  The patients 

had been followed up for a period of 6 years. They include the following variables: Sex, 

Incidence age, tumor grade, status (censoring, death), Smoking status, Residence and survival 

time. We calculated "age at diagnosis" from (Incidence date - Date of birth) and we obtained 

the variable "Age category" from age at diagnosis. Was obtained information on cases of 

death and censoring who lived until the end of the study through a deaths program in the 

Health Information Center. The variable time has been used as dependent variable in this 

analysis. A set of causes including sex, age, smoking status, grade and residence were used as 

independent variables. 

 1.7 Research Methodology: 

In this study we will start with defining the main features of lung cancer data and models. We 

first, introduce survival analysis terminology such as censored data, which is one of the most 

important aspect to study survival analysis. We also discuss the survival function which is 

denoted by     , hazard function and cumulative hazard function conventionally. 

Furthermore, we introduce Kaplan-Meier estimator  ̂    and Cox regression model as semi-

parametric model for survival analysis. We fit Cox proportional hazard model to the data. To 

explore factors affecting the survival times of lung cancer patients in the Gaza Strip, Cox 

regression, Weibull proportional hazard and Exponential proportional hazard models were 

examined. The Akaike Information Criterion (AIC) was used for selecting the best model. In 

all the analyses in this study we used the R statistical software. 
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1.8 Literature Review: 

In this section, we discuss briefly some previous studies that had been conducted to perform 

comparison between the uses of the Cox proportional hazards models and Cox regression 

models. 

Tolosie & Sharma (2014) conducted a study to identify factors that affect the survival of 

patients with tuberculosis who started treatment for tuberculosis. Kaplan Meier plots, logrank 

tests, and Wilcoxon tests were used to assess the survival pattern. Cox proportional hazards 

model for multivariable analysis was discussed. Based on Kaplan Meier survival curves, 

logrank test, and Wilcoxon test, it was found that the patients had statistically significant 

differences in survival experience with respect to age, body weight at initiation of treatment, 

TB patient category, and HIV status. Multivariable Cox hazards regression analysis revealed 

that the covariates age, TB patient category, HIV and age by HIV interaction were significant 

risk factors associated with death status in TB patients. 

A study  of Ghadimi et al. (2012) aimed to assess factors affecting survival of patients with 

oesophageal cancer using parametric analysis with frailty models. Hazard ratio was used to 

interpret the risk of death. To explore factors affecting the survival of patients, log-normal and 

log-logistic models with frailty were examined. The Akaike Information Criterion (AIC) was 

used for selecting the best model. Cox regression was not suitable for this patients group, as 

the proportionality assumption of the Cox model was not satisfied by the data. Multivariate 

analysis according to parametric models showed that family history of cancer might increase 

the risk of death from cancer significantly. Based on AIC scores, the log-logistic model with 

inverse Gaussian frailty seemed more appropriate for the data set. The results suggested that 

gender and family history of cancer were significant predictors of death from cancer. 

The aim of Pourhoseingholi et al. (2011) study was to compare the Cox regression model with 

parametric models in patients with gastric cancer who registered at Taleghani hospital, 
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Tehran, Iran. Gender, age at diagnosis, distant metastasis, extent of wall penetration, tumor 

size, histology type, tumor grade, lymph node metastasis and pathologic stage were selected 

as prognosis, and entered to the models. Lognormal, Exponential, Gompertz, Weibull, 

Loglogistic and Gamma regression were performed as parametric models and AIC was used 

to compare the efficiency of the models. Based on AIC, Log logistic proved to be an efficient 

model. Log logistic analysis indicated that wall penetration and presence of pathologic distant 

metastasis were potential risks for death in full and final model analyses. In the multivariate 

analysis, all the parametric models fit better than Cox with respect to AIC; and the log logistic 

regression was the best model among them. 

Van der Net et al. (2008) assessed the degree and conditions under which Cox proportional 

hazards models have more statistical power than logistic regression models in cross-sectional 

genetic association analyses. The authors applied Cox proportional hazards models and 

logistic regression models, and compared effect estimates (hazard ratios and odds ratios) and 

statistical power. Cox proportional hazards models generally showed lower p-values for 

polymorphisms than logistic regression models. In a simulation study, Cox proportional 

hazards models had higher statistical power in all scenarios. Cox proportional hazards models 

can increase statistical power in cross-sectional genetic association studies, especially in the 

range of effect estimates that are expected for genetic associations in common diseases. 

The objective of a study conducted by Pourhoseingholi et al. (2007) was to compare two 

survival regression methods – Cox regression and parametric models - in patients with gastric 

adenocarcinomas. Gender, age at diagnosis, family history of cancer, tumor size and 

pathologic distant of metastasis were selected as potential prognostic factors and entered into 

the parametric and semi parametric models. Weibull, exponential and lognormal regression 

were performed as parametric models with the AIC and standardized of parameter estimates 

to compare the efficiency of models. The survival results from both Cox and parametric 



7 
 

models showed that patients who were older than 45 years at diagnosis had an increased risk 

for death, followed by greater tumor size and presence of pathologic distant metastasis. In 

multivariate analysis Cox and Exponential models are similar. Although it seems that there 

may not be a single model that is substantially better than others, in univariate analysis the 

data strongly supported the log normal regression among parametric models and it can lead to 

more precise results as an alternative to Cox model. 

So clear through extrapolation of previous studies extract the following: - 

In terms of goals: Most studies have focused on identifying factors that affect the survival of 

patients survive, to get through the best models. 

In terms of the sample: vary the current study, with most of the previous studies in the data 

and the variables included in the analysis. 

In terms of statistical tools: Most previous studies have focused with the current study in the 

use of Kaplan Meier plots, logrank tests, Cox regression and parametric model, and Akaike 

Information Criterion (AIC) was used for selecting the best model. 

In terms of results: Most agreed with the results of previous studies, the current study in that 

all the parametric models fit better than Cox with respect to AIC. 

1.9 Organization of Research: 

In the next chapter (Chapter 2), we discuss Kaplan-Meier survival curves and non-parametric 

test such as the log-rank test. 

In Chapter 3, we start with an introduction of the Cox proportional hazards model which is 

the most popular regression model in survival analysis. Then we discuss the estimation and 

assumptions in the Cox proportional hazards model. Model checking using residuals is also 

described. We will then describe the parametric proportional hazards model and the Cox 
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model. The main objective of the following two chapters is to develop the background of 

survival analysis that we will be applied to our lung cancer patients' dataset. 

In Chapter 4, we apply all methods described in the first three chapters to the dataset and 

discuss the best model that describes our data. Finally, we summarize our results of using the 

parametric proportional hazards models and the Cox model. 

In Chapter 5 we present the conclusion, recommendations. 

1.10 Summary: 

In this chapter, we dealt with a general introduction to the analysis of survival, the research 

problem, the objectives of the study, the motives behind the choice of the study, the 

importance of the study, and discussed the study data and its source, and the data and 

variables that will be analyzed in this study, historical review of similar studies, and finally 

structural study. 

In the next chapter we are going to discuss some theoretical background including general 

introduction on the survival analysis and some of the basic concepts associated with it such as 

censoring, survival function, hazard function and cumulative hazard function, discussed 

nonparametric methods (the Kaplan-Meier method and the log-rank test), we discussed a 

general introduction to parametric and semi-parametric models, and then discussed (CPHM) 

in detail. We also discussed methods to assess the proportional hazards assumptions 

empirically using graphical and computational tests. We then discussed the parametric 

(CPHM) including the exponential proportional hazards and Weibull models. Finally, the 

Akaike Information Criterion (AIC) that can be used to compare the previous models to 

achieve the best fit to data has been explained before introducing the case study and the data 

analysis. Finally, in the last chapter, we give some conclusions and recommendations. 
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Chapter 2 

Survival Analysis and Kaplan-Meier Estimator 

2.1 General Introduction: 

In this chapter, we 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 is a statistical method for data analysis where the outcome variable of 

interest is the time to the occurrence of an event (Klembaum, 1996). Hence, survival analysis 

is also referred to as "time to event analysis", which is applied in a number of applied fields, 

such as medicine, public health, social science, and engineering. In medical science, time to 

event can be time until recurrence in the cancer study, time to death, or time until infection. In 

the social sciences, interest can lie in analyzing time to events such as job changes, marriage, 

birth of children and so forth. The engineering sciences have also contributed to the 

development of survival analysis which is called failure time analysis since the main focus is 

in modeling the lifetimes of machines or electronic components (Lawless, 1982). The 

developments from these diverse fields have for the most part been consolidated into the field 

of survival analysis. Because these methods have been adapted by researchers in different 

fields, they also have several different names: event history analysis (sociology), failure time 

analysis (engineering), duration analysis or transition analysis (economics). These different 

names do not imply any real difference in techniques, although different disciplines may 

emphasize slightly different approaches. Survival analysis is the name that is most widely 

used and recognized (Lee & Wang, 2003). 
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2.2 Models for Survival Data: 

The complexities provided by the presence of censored observations led to the development 

of a new field of statistical methodology. The methodological developments in survival 

analysis were largely achieved in the latter half of the 20th century. Although Bayesian 

methods in survival analysis (Ibrahim et al., 2001) are well developed and are becoming quite 

common for survival data, our application will focus on frequents methods. There have been 

several textbooks written that address survival analysis from a frequentist perspective. These 

include Lawless (1982), Cox and Oakes (1984), Fleming and Harrington (1991), and Klein 

and Moeschberger (1997). 

One of the oldest and most straightforward non-parametric methods for analyzing survival 

data is to compute the life table, which was proposed by Berkson and Gage (1950) for 

studying cancer survival. One important development in non-parametric analysis methods was 

obtained by Kaplan and Meier (Kaplan & Meier, 1958). While non-parametric methods work 

well for homogeneous samples, they do not determine whether certain variables are related to 

the survival times. This need leads to the application of regression methods for analyzing 

survival data. The standard multiple linear regression model is not well suited to survival data 

for several reasons. Firstly, survival times are rarely normally distributed. Secondly, censored 

data result in missing values for the dependent variable (survival time) (Klembaum, 1996). 

The Cox proportional hazards (PH) model is now the most widely used for the analysis of 

survival data in the presence of covariates or prognostic factors. This is the most popular 

model for survival analysis because of its simplicity, and not being based on any assumptions 

about the survival distribution. The model assumes that the underlying hazard rate is a 

function of the independent covariates, but no assumptions are made about the nature or shape 

of the hazard function. In the last years, the theoretical basis for the model has been solidified 

by connecting it to the study of counting processes and martingale theory, which was 



11 
 

discussed in the books of Fleming and Harrington (1991) and of Andersen et al (1993). These 

developments have led to the introduction of several new extensions to the original model. 

However the Cox PH model may not be appropriate in many situations and other 

modifications such as stratified Cox model (Klembaum, 1996) or Cox model with time-

dependent variables (Collett, 2003) can be used for the analysis of survival data. The 

accelerated failure time (AFT) (Collett,2003) model is another alternative method for the 

analysis of survival data. 

2.3 Basic Concepts: 

Before going into details about survival analysis, we discuss the following basic definitions. 

The primary concept in survival analysis is survival time, which is also called failure time. 

Definition 2.3.1: Survival time is a length of time that is measured from time origin 

to the time the event of interest occurred. 

To determine survival time precisely, there are three requirements: A time origin must be 

unambiguously defined, a scale for measuring the passage of time must be agreed upon and 

finally the definition of event (often called failure) must be entirely clear. 

The specific difficulties in survival analysis arise largely from the fact that only some 

individuals have experienced the event and other individuals have not had the event in the end 

of study and thus their actual survival times are unknown. This leads to the concept of 

censoring. 

Definition 2.3.2 Censoring occurred when we have some information about individual 

survival time, but we do not know the survival time exactly. 

There are three types of censoring: 1) right censoring, 2) left censoring, and 3) interval 

censoring. 
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 Right censoring is said to occur if the event occurs after the observed survival time. Let C 

denote the censoring time, that is, the time beyond which the study subject cannot be 

observed. The observed survival time is also referred to as follow up time. It starts at time 0 

and continues until the event   or a censoring time   , whichever comes first. The observed 

data are denoted by      , where   = min       is the follow-up time, and           is an 

indicator for status at the end of follow-up, 

          {
 
 

                               

                                 
 

There are some reasons why right censoring may occur, for example, no event before the 

study ends, loss to follow-up during study period, or withdrawal from the study because of 

some reasons. The last reason may be caused by competing risks. The right censored survival 

time is then less than the actual survival time. 

 Censoring can also occur if we observe the presence of a condition but do not know where it 

began. In this case we call it left censoring, and the actual survival time is less than the 

observed censoring time. 

 If an individual is known to have experienced an event within an interval of time but the 

actual survival time is not known, we say we have interval censoring. The actual occurrence 

time of event is known within an interval of time (Oakes,1977). 

 Right censoring is very common in survival time data, but left censoring is fairly rare. The 

term "censoring" will be used in this thesis to mean in all instances "right censoring". An 

important assumption for methods presented in this thesis for the analysis of censored 

survival data is that the individuals who are censored are at the same risk of subsequent 

failure as those who are still alive and uncensored. i.e., a subject whose survival time is 

censored at time   must be representative of all other individuals who have survived to that 

time. If this is the case, the censoring process is called non-informative. Statistically, if the 

censoring process is independent of the survival time, i.e. (Oakes,1977) 
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Definition 2.3.3: The survival function      is defined as the probability that the survival 

time     is greater or equal to t. 

                

Definition 2.3.4: The hazard function gives the instantaneous failure rate at t given that the 

individual has survived up to time t, i.e., as mentioned in eq (2.2).  

 

Rodriguez (2007) stated that there are three main characteristics to analysis of survival data:  

(1) the dependent variable or response is the waiting time until the occurrence of a well-

defined event, (2) observations are censored, in the sense that for some units the event of 

interest has not occurred at the time the data are analyzed, and (3) there are predictors or 

explanatory variables whose effect on the waiting time we wish to assess or control.  

2.4 The Hazard and Survival Functions; Basic Definitions: 

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

an event. For simplicity we will 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. 

2.4.1 The Survival Function: 

We will assume for now that   is a continuous random variable with probability density 

function               and cumulative distribution function                            

giving the probability that the event has occurred by duration  . 
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It will often be convenient to work with the complement of the        the survival function 

(Bowers, 1997). 

                              ∫                                                                       
 

 

 

which gives the probability of being alive at duration t, or more generally, the probability that 

the event of interest has not occurred by duration  . The survival function is most useful for 

comparing the survival progress of two or more groups. 

 2.4.2 The Hazard Function: 

An alternative characterization of the distribution of   is given by the hazard function, or 

instantaneous rate of occurrence of the event, defined as 

        
    

                

  
                                                                               

The numerator of this expression is the conditional probability that the event will occur in the 

interval          given that it has not occurred before t, and the denominator is the width of 

the interval (Bowers, 1997). Dividing one by the other we obtain a rate of event occurrence 

per unit of time. Taking the limit as the width of the interval goes down to zero, we obtain an 

instantaneous rate of occurrence. 

The conditional probability in the numerator may be written as the ratio of the joint 

probability that   is in the interval            and       (which is, of course, the same as 

the probability that t is in the interval), to the probability of the condition      . The former 

may be written as        for small   , while the latter is      by definition. Dividing by    

and passing to the limit gives the useful result  (Bowers, 1997). 

     
    

    
                                                                                                                                  

Which some authors give as a definition of the hazard function. In words, the rate of 

occurrence of the event at duration t equals the density of events at    divided by the 
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probability of surviving to that duration without experiencing the event. Note from Equation 

2.1 that       is the derivative of      (Bowers, 1997). This suggests rewriting Equation 2.3 

as 

      
 

    
          

If we now integrate from 0 to t and introduce the boundary condition         (since the 

event is sure not to have occurred by duration 0), we can solve the above expression to obtain 

a formula for the probability of surviving to duration t as a function of the hazard at all 

durations up to  :  (Bowers, 1997) 

        { ∫       
 

 

}                                                                                                       

This expression should be familiar to demographers. The integral in curly brackets in this 

equation is called the cumulative hazard ( or cumulative risk) and is denoted by 

     ∫       
 

 

                                                                                                                       

one may think of      as the sum of the risks might be faced when going from duration   to    

These results show that the survival and hazard functions provide alternative but equivalent 

characterizations of the distribution of    Given the survival function, we can always 

differentiate to obtain the density and then calculate the hazard using Equation 2.3. Given the 

hazard, we can always integrate to obtain the cumulative hazard and then exponentiate to 

obtain the survival function using equation 2.4. The example  below will help fix ideas. 

The simplest possible survival distribution is obtained by assuming a constant risk over time, 

so the hazard is 

       

for all    The corresponding survival function is 
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This distribution is called the exponential distribution with parameter  . The density may be 

obtained by multiplying the survival function by the hazard to obtain 

                  

The mean turns out to be       This distribution plays a central role in survival analysis, 

although it is probably too simple to be useful in applications in its own right. The hazard 

function gives a more useful description of the risk of failure at any time point. 

 

 In survival analysis, it is always a good idea to present numerical or graphical 

summaries of the survival times for the individuals. In general, survival data are 

conveniently summarized through estimates of the survival function and hazard 

function. The estimation of the survival distribution provides estimates of 

descriptive statistics such as the median survival time (Collett, 2003). These 

methods are said to be non-parametric methods since they require no assumptions 

about the distribution of survival time. In order to compare the survival distribution 

of two or more groups, log-rank tests (Mantel, 1966) can be used. 

2.5 Kaplan-Meier Method and Log-Rank Test: 

The life table (Berkson, 1950)  is the earliest statistical method to study human mortality 

rigorously, but its importance has been reduced by the modern methods, like the Kaplan-

Meier (KM) method (Kaplan & Meier, 1958). In clinical studies, individual data is usually 

available on time to death or time to last seen alive. The (KM) estimator for the survival 

curves is usually used to analyze individual data, whereas the life table method applies to 

grouped data. Since the life table method is a grouped data statistic, it is not as precise as the 

(KM) estimate, which uses the individual values. We only describe the (KM) estimate here. 

 

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

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

survival functions. When there is no censored data, the (KM) estimate   ̂    is actually the 
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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 (2.7), (Kleinbaum& Klein, 2005) 

 ̂    ∏  ̂[      |      ]

      

                                                                                           

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 (KM) survival curves can give us an insight about the difference of survival functions in 

two or more groups, but whether this observed difference is statistically significant requires a 

formal statistical test. There are a number of methods that can be used to test equality of the 

survival functions in different groups. One commonly used non-parametric tests for 

comparison of two or more survival distributions is the log-rank test (Mantel, 1966). 

Survival in two or more groups of patients can be compared using a nonparametric test. The 

logrank test (Peto et al, 1977) is the most widely used method of comparing two or more 

survival curves. The method calculates at each event time, for each group, the number of 

events one would expect since the previous event if there were no difference between the 

groups. These values are then summed over all event times to give the total expected number 
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of events in each group, say    for group  . The logrank test compares observed number of 

events, say    for treatment group  , to the expected number by calculating the test statistic. 

   ∑
       

 

  

 

   

 

This value is compared to a    distribution with (g-1) degrees of freedom, where g is the 

number of groups. In this manner, a P-value may be computed to calculate the statistical 

significance of the differences between the complete survival curves. 

If the groups are naturally ordered, a more appropriate test is to consider the possibility that 

there is a trend in survival across them, for example, age groups or stages of cancer. 

Calculating    and    for each group on the basis that survival may increase or decrease 

across the groups results in a more powerful test. For the new    and   , the test statistic for 

trend is compared with the    distribution with one degree of freedom (Collett, 1994). 

When only two groups are compared, the logrank test is testing the null hypothesis that the 

ratio of the hazard rates in the two groups is equal to 1. The hazard ratio (HR) is a measure of 

the relative survival experience in the two groups and may be estimated by 

   
     

     
 

 Where       is the estimated relative (excess) hazard in group i. A confidence interval (CI) 

for the HR can be calculated (Collett, 1994). The HR has a similar interpretation of the 

strength of effect as a risk ratio. An HR of 1 indicates no difference in survival. In practice, it 

is better to estimate HRs using a regression modeling technique, such as Cox regression, as 

described in the next chapter. 

 Other nonparametric tests may be used to compare groups in terms of survival (Collett, 

1994). The logrank test is so widely used that the reason for any other method should be 

stated in the protocol of the study. Alternatives include methods to compare median survival 

times, but comparing confidence intervals for each group is not recommended (Altman & 
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Bland, 2003). The logrank method is considered more robust (Hosmer & Lemeshow, 1999), 

but the lack of an accompanying effect size to compliment the P-value it provides is a 

limitation. 

2.6 Summary: 

The field of survival analysis has experienced tremendous growth during the latter half of the 

20th century. The methodological developments of survival analysis that have had the most 

profound impact are the Kaplan-Meier method for estimating the survival function, the log-

rank test for comparing the equality of two or more survival distributions.  In this chapter, we 

gave a general introduction on the survival analysis and some of the basic concepts associated 

with it such as censoring, survival function, hazard function and cumulative hazard function, 

and discussed nonparametric methods (the Kaplan-Meier method and the log-rank test).  
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Chapter 3 

Parametric and semi-parametric models 

3.1 Introduction: 

This chapter introduces parametric and semi-parametric models for survival data 

analysis. Characterizing different survival distributions that correspond to different subgroups 

within a heterogeneous population is the objective of many studies. A descriptive summary of 

such a comparison could consist of parametric or semi parametric methods. There are two 

major regression models used for right censored data: Cox regression model as a semi 

parametric method (Cox, 1972), and accelerated failure time model or linear model 

representation in log time as a parametric model. Many of the standard parametric models 

such as Weibull, Exponential and Lognormal are accelerated failure time models.  Although 

the Cox regression model is the most favorable employed technique in survival analysis, 

parametric models (Lawless, 1998) lead to a number of benefits. Researchers in medical 

sciences often tend to prefer semi parametric models instead of the parametric due to its less 

assumptions. However; some studies recommended that under certain circumstances, 

parametric models estimate the parameters more efficiently than the Cox model ( Efron, 1977 

and Oakes, 1977). In the parametric model, we often use the maximum likelihood procedure 

to estimate the unknown parameters, which has well-known interpretation to researchers. In 

addition, accelerated failure time can be used as a relative risk with similar interpretation in 

the Cox regression model. 

Many studies have been conducted to assess the impact of clinical and demographic 

characteristics of those patients who survived Lung cancer. Most of these studies used the 

Cox proportional hazard model to find the relation between survival time and covariates 

(Fernandez et al., 2002, Borie et al., 2004, Orsenigo et al., 2007 and Zeraati et al., 2005).  
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Cox, (1972) proposed a semi-parametric model for the hazard function that allows the 

addition of explanatory variables, or covariates, but keeps the baseline hazard as an arbitrary, 

unspecified, nonnegative function of time.  Its baseline hazard is defined as the hazard 

function for that individual with zero on all covariates. Because the baseline hazard is not 

assumed to be of a parametric form, Cox‟s model is referred to as a semi-parametric model 

for the hazard function (Lee, 2003) and several methods are available for estimating the 

baseline hazard function (Kleinbaum & Klein, 2005). Cox‟s model has become the mostly 

used procedure for modelling the relationship of covariates to a survival or other censored 

outcomes (Therneau & Grambsch, 2000). 

The Cox‟s model however, has some restrictions. One of the restrictions on using the model 

with time-fixed covariates is its proportional hazards assumption; it means that the hazard 

ratio between two sets of covariates is constant over time. This is due to the common baseline 

hazard function canceling out in the ratio of the two hazards. The Cox model is semi 

parametric, in that the baseline hazard takes on no particular form. In contrast to Cox, a link to 

parametric survival models comes through alternative functions for the baseline hazard. In 

this case we can allow the baseline hazard to take a parametric form such as Weibull, 

Gompertz, Exponential, and Lognormal etc. These parametric baseline hazards then assume 

parametric survivorship, such as a smooth downward slope of the survival plot. Although the 

parametric models might be somewhat more efficient, they have more assumptions. 

Nevertheless, if the assumptions are met, the analysis will be more powerful. 

3.2 Cox Regression Model: 

The most common approach to model covariate effects on survival is the Cox regression 

model, which takes into account the effect of censored observations (Cox, 1972). Although 

the model is based on the assumption of proportional hazards, no particular form of 
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probability distribution is assumed for the survival times. The model is therefore referred to as 

a semi-parametric model. 

Let            be the values of p covariates           . According to the Cox regression 

model, the hazard function is given as follows: 

               (∑   
 
     )   

Where   =                is a       vector of regression parameters and        is the 

baseline hazard function at that time, which is the hazard function for an individual for whom 

all the variables included in the model are zero (Collett, 1994). Coefficient vectors of the 

covariates are estimated using a maximum likelihood (ML) procedure. (ML) estimates are 

obtained by maximizing a (partial) likelihood function (L) (Collett, 1994). 

3.2.1 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 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-parametric 

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 given by 

Rodríguez (2007) by equation (3.2) 
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                 {∑     
 
   }                                                                                

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”.  Therefore the estimated hazard function and survival function can be 

written as  

 ̂       ̂       { ̂  }   ̂       {∑  ̂   

 

   

}                                       

 ̂      [ ̂    ]
   {∑  ̂   

 
   }

                                                                            

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 

  ̂  
 ̂      

 ̂     
 

    { ̂       } 

    {∑  ̂    
     

 

   

} 

Where   ̂ a constant independent of time, the proportional hazard assumption is is satisfied.  

3.2. 2. Assessment of the Proportional Hazards Assumptions: 

A key assumption of the Cox regression model is proportional hazards. The proportional 

hazards assumption means that the hazard ratio is constant over time, or that the hazard for an 

individual is proportional to the hazard for any other individual (Therneau & Grambsch, 

2000). 
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The a advantage of the Cox approach is that this vagueness creates no problems for 

estimation. Even though the baseline hazard is not specified, we can still get a good estimate 

for regression coefficients  , hazard ratio, and adjusted hazard curves. The measure of effect 

is called hazard ratio. To plain the hazard ratio of two individuals with different covariates   
  

and      

     Let       
    

      
    and                be the covariates of two individuals.  

The hazard ratio is given as follows: 

 

   *(∑  ̂

 

   

   
     )+  

An assessment of the proportional hazards assumption can be done by many numerical or 

graphical approaches. None of these approaches are known to be better than the others in 

finding out whether the hazards are proportional or not. Interpreting graphical plots can be 

arbitrary. The conclusions are highly dependent on the subjectivity of the researcher. Some of 

these graphical approaches are log-minus-log survival plots of survival functions, a plot of 

survival curves based on the Cox regression model and Kaplan-Meier estimates for each 

group, a plot of cumulative baseline hazards in different groups  (Andersen et al., 1982), a 

plot of difference of the log cumulative baseline hazard versus time, a smoothed plot of the 

ratio of log-cumulative hazard rates versus time, a smoothed plot of scaled Schoenfeld 

residuals versus time and a plot of the estimated cumulative hazard versus the number Of 

failures (Arjas, 1988).  

There are various numerical approaches in finding non-proportionality, such as a test 

including a time dependent covariate in the model (Cox, 1972), a test based on the Schoenfeld 

partial residuals (Schoenfeld, 1982) which is a measure of the difference between the 

observed and expected value of the covariate at each time  (Therneau & Grambsch, 2000), a 

test based on a comparison of different generalized rank estimators of the hazard ratio (Gill & 
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Schumacher, 1987), and a test based on a semi-parametric generalization of the Cox 

regression model (Persson, 2000) and (Schemper, 1992).  

3.2.2.1 Graphical approaches: 

a. 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 (3.4) by taking 

natural log twice (Kleinbaum  & Klein ,  2005) to get equation ( 3.5 ). 

  [    ̂     ]    [    {∑  ̂   

 

   

}      ̂    ] 

   [    {∑  ̂   

 

   

}]    [     ̂    ] 

 ∑  ̂   

 

   

   [     ̂    ]                                            

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   , 

  [    ̂      ]  ∑  ̂   
 

 

   

   [     ̂    ] 

For  , 

  [    ̂     ]  ∑  ̂   

 

   

   [     ̂    ] 

The difference is 
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∑  ̂    
  

 

   

    

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. 

b. 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 that 

the (PH) assumption is satisfied. 

3.2.2.2 Numerical approaches: 

a. Schoenfeld residuals check: Different tests exist for assessing the PH assumption. 

They all use the schoenfeld residuals defiled for every subject who has an event. It is 

usually checked by the correlation test between schoenfeld residuals and the rank of 

failure time (Schoenfeld, 1982). 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 the rejection  of the null hypothesis and shows departure from the 

(PH) assumption. The Schoenfeld residuals were originally called partial residuals because 

the Schoenfeld residuals for      individual on the      explanatory variable    is an estimate of 

the    component of the first derivative of the logarithm of the partial likelihood function with 

respect to       From equation (3.2), the logarithm of the partial likelihood function is given by 

        

   
 ∑   {       } 
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Where     is the value of the       explanatory variable               for the       individual 

and 

 

    
∑                     

∑                  
 

 

     The Schoenfeld residual for        individual on     is given by         {       }   The 

Schoenfeld residuals sum to zero. 

b. 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 the      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 

       
        

     
   

  

Under null hypothesis the likelihood ratio statistic follows   
  distribution. 
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c.  Cox-Snell residuals and deviance residuals check: The Cox-Snell residual is given 

by Cox and Snell (1968). The Cox-Snell residual for the     individual with observed 

survival time    is defined as  

       ( ̂   )     
̂          

̂               ̂                                                   

 

Where     
̂      is an estimate of the baseline cumulative hazard function at time   ; which as 

derived by ( Kalbfleisch and Prentice 1973). 

This residuals are motivated by the following result: Let   have continuous survival 

distribution      with the cumulative hazard                 . Thus,         

             Let          be the transformation of   based on the cumulative hazard 

function. Then the survival function for   is 

       (Y   =   (H (t)    

                          (T   
            

       

      (     (  
     ))                                                                    

Thus, regardless of the distribution of   , the new variable          has an exponential 

distribution with unit mean. If the model was well fitted, the value      ̂      would have 

similar properties to those of   (  ). So                ̂     will have a unit exponential 

distribution with           Let          denote the survival function of Cox-Snell residual 

      . Then 

        ∫         

 

 

 ∫                   

 

 

 

and  
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Therefore, we use a plot of        versus      to check the fit of the model. This gives a 

straight line with unit slope and zero intercept if the fitted model is correct. Note that the Cox-

Snell residuals will not be symmetrically distributed about zero and cannot be negative. 

     The deviance residual (Therneau et al., 1990) is defined by 

    sign (                          
                                               

where the function         is the sign function which takes the value 1 if     is positive and   

-1 if     is negative;             is the martingale residuals (Barlow et al., 1988) for the  

    individual; and      for uncensored observation,      for censored observation. 

     The martingale residuals take values between negative infinity and unity. They have a 

skewed distribution with mean zero (Anderson et al., 1982). The deviance residuals are a 

normalized transform of the martingale residuals (Therneau et al., 1990). They also have a 

mean of zero but are approximately symmetrically distributed about zero when the fitted 

model is appropriate. Deviance residual can also be used like residuals from linear regression. 

The plot of the deviance residuals against the covariates can be obtained. Any unusual 

patterns may suggest features of the data that have not been adequately fitted for the model. 

Very large or very small values suggest that the observation may be an outlier in need of 

special attention. In a fitted Cox PH model, the hazard of death for the     individual at any 

time depends on the value of    (      which is called the risk score. A plot of the deviance 

residuals versus the risk score is a helpful diagnostic to assess a given individual on the 

model. Potential outliers will have deviance residuals whose absolute values are very large. 

This plot will give the information about the characteristic of observations that are not well 

fitted by the model. 
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d.  Diagnostics for influential observations : Observations that have an undue effect on 

model-based inference are said to be influential. In the assessment of model adequacy, 

it is important to determine whether there are any influential observations. The most 

direct measure of influence is     ̂          ̂  where     ̂is the     parameter, where 

               in a fitted Cox PH model and        ̂is obtained by fitting the model 

after omitting observation  . In this way, we have the       Cox models, one with the 

complete data and n with each observation eliminated. This procedure involves a 

significant amount of computation if the sample size is large. We would like to use an 

alternative approximate value that does not involve an iterative refitting of the model. 

To check the influence of observations on a parameter estimate, Cain and Lange 

(1984) showed that an approximation to     ̂         ̂ is the     component of the vector 

 ́  
    ̂), 

Where    
 is the      vector of score residuals for the       observation (Collett, 2003), 

which are modifications of Schoenfeld residuals and are defined for all the observations, and 

    ̂) is the variance-covariance matrix of the vector of parameter estimates in the fitted 

(CPHM). The      element of this vector is called delta-beta statistic for the      explanatory 

variable, i.e.,    ̂ 
  ̂

 
  ̂

    
 which tells us how much each coefficient will change by 

removal of a single observation. Therefore, we can check whether there are influential 

observations for any particular explanatory variable. 

  



31 
 

3.2.3  The Cox Likelihood: 

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

outcome variable and 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  we 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  & 

Klein ,  2005) the partial likelihood function is defined as  

     ∏
   (    

   )

∑    (    
   )    

                                                                        

 

   

 

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                                         
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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 present, some modifications 

need to made upon      or        . Alternative partial likelihoods have been provided like 

Breslow et al. (1987), Efron(1977), and Cox(1972). 

3.3 Parametric Approach and Models: 

 Parametric PH models are a class of models similar in concept and interpretation to the Cox 

(PH) model. The key difference between the two is that the hazard is assumed to follow a 

specific statistical distribution when a fully parametric PH model is fitted to the data, whereas 

the Cox model enforces no such constraint. Other than this, the two model types are 

equivalent. Hazard ratios have the same interpretation, whether derived from a Cox or a fully 

parametric regression model, and the proportionality of hazards is still assumed. 

In parametric models, methods of estimation and inference based on the likelihood are easy 

and straightforward, but based on the stronger assumptions as compared to semi-parametric 

and assumptions-free nonparametric models. A detailed description of the parametric methods 

of Survival analysis was discussed by Lawless (1982).The commonly used standard 

distributions in most cases are not suitable to survival data. Exponential, Weibull, Gamma, 

Log-logistic are the most familiar survival distributions. Out of these, the simplest and most 

commonly used distribution is the exponential distribution. Epstein (1958) and Davis (1952) 

gave the examples, which fit the exponential distribution. Similarly, Byar (1974) and Zelen 

(1966) also applied the distribution. 

The (CPHM) is the most common way of analyzing prognostic factors in clinical data. This is 

probably due to the fact that this model allows us to estimate and make inference about the 

parameters without assuming any distribution for the survival time. However, when the 
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proportional hazards assumption is not tenable, these models will not be suitable. In this 

section, we will introduce parametric model, in which specific probability distribution is 

assumed for the survival times. We will introduce the parametric proportional hazards (PH) 

model.  

3.3.1 Parametric proportional hazards model: 

The parametric proportional hazards model is the parametric versions of the (CPHM). It is 

given with the similar form to the (CPHM). The hazard function at time   for the particular 

patient with a set of   covariates              is given as follows: 

 

   |           (                )          (              

 

The key difference between the two kinds of models is that the baseline hazard function is 

assumed to follow a specific distribution when a fully parametric PH model is fitted to the 

data, whereas the Cox model has no such constraint. The coefficients are estimated by partial 

likelihood in Cox model while the maximum likelihood in parametric (PH) model is used. 

Apart from this, the two types of models are equivalent. Hazard ratios  still have the same 

interpretation and proportionality of hazards is still assumed. A number of different 

parametric (PH) models may be derived by choosing different hazard functions. The 

commonly applied models are exponential, Weibull, and Gompertz models. 

3.3.1.1 Exponential (PH) model: 

Statisticians chose the exponential distribution to model life data because the statistical 

methods for it were simple (Lawless, 2003). In exponential distribution, hazard function is 

assumed to  be constant over time. A straight line plot of           against t is an indication 

that the data follows the exponential distribution (Lee, 1980), where the slope of the line is an 

estimate of the hazard rate     
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The exponential (PH) model is a special case of the Weibull model when    . The hazard 

function under this model is to assume that it is constant over time.  

 

The exponential density function is 

 

                                                                                 

 

It has a constant hazard function 

 

                                                                                                                       

 

and its survival function is 

 

                                                                                                            

 

Thus, a large   implies a high risk and a short survival. Conversely, a small   indicates a low 

risk and a long survival. This distribution has the memoryless property meaning that how long 

an individual has survived does not affect its future survival (Lee, 1992). It is used with 

ordered data, that is, the first individual to fail is the weakest, the second to fail is the second 

weakest, and so on (Epstein & Sobel, 1953). 

 

The exponential distribution is limited in applicability because it has only one parameter, the 

scale parameter  . By adding a shape parameter the distribution becomes more flexible and 

can fit more kinds of data. The generalization of the exponential distribution to include the 

shape parameter is the Weibull distribution. 

Under the exponential PH model, the hazard function of a particular patient is given by 

   |        (                )                                 
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3.3.1.2  Weibull (PH) model: 

Weibull (1939) proposed the Weibull distribution and in Weibull  (1951) he discussed its 

applications. Suppose that survival times are assumed to have a Weibull distribution with 

scale parameter   and shape parameter    The cumulative distribution function of the Weibull 

distribution is 

                                                                                              

     and the probability density function of the Weibull distribution is 

 

                                                                                                   
 

The survival function and hazard function of the Weibull distribution are 

 

                        =                                                                   

 

With         The hazard rate increases when     and decreases when     as time goes 

on. When      the hazard rate remains constant, which is the special exponential case, Due 

to these characteristics, Weibull distribution has broader application in survival analysis than 

exponential distribution. 

 Under the Weibull (PH) model, the hazard function of a particular patient with covariates 

             is given by 

 
   |              (                )

                                                                                    

 

We can see that the survival time of this patient has the Weibull distribution with scale 

parameter            and shape parameter    Therefore the Weibull family with fixed   

possesses PH property. This shows that the effects of the explanatory variables in the model 

alter the scale parameter of the distribution, while the shape parameter remains constant. 
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     The corresponding survival function is given by 

 

   |                                                                                            

 

After a transformation of the survival function for a Weibull distribution, we can obtain 

 

           |                                                                                  

 

The               versus      should give approximately a straight line if the Weibull 

distribution assumption is reasonable. The intercept and slope of the line will be rough 

estimate of       and   respectively. If the two lines for two groups in this plot are essentially 

parallel, this means that the proportional hazards model is valid. Furthermore, if the straight 

line has a slope nearly one, the simpler exponential distribution is reasonable. 

In the other way, for a exponential distribution, we have               Thus, we can 

consider the graph of          versus    This should be a line that goes through the origin if 

exponential distribution is appropriate. 

  Another approach to assess the suitability of a parametric model is to estimate the hazard 

function using the non-parametric method. If the hazard function were reasonably constant 

over time, this would indicate that the exponential distribution might be appropriate. If the 

hazard function increased or decreased monotonically with increasing survival time, a 

Weibull distribution or Gompertz distribution might be considered. 

  3.3.2  Akaike Information Criterion for Model Selection: 

 Akaike Information Criterion (AIC) is most widely known and used model selection tool 

among statisticians. (AIC) was introduced by Akaike in his seminal 1973 paper (Akaike, 

1973). He proposed a framework where in both model estimation and selection could be 

simultaneously accomplished. The computation of (AIC) is remarkably simple and the model 

with lowest (AIC) value is selected. Once the distribution of survival times is chosen it may 
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be used to estimate the survival function and hence can be used to plot survival curves (Klein 

& Moeschberger, 2003). 

 

One way to compare the parametric and semi parametric models is to base the decision on 

minimum (AIC). The (AIC) can be a measure of the goodness of fit of an estimated statistical 

model (Klein & Moeschberger, 1997). It is grounded in the concept of entropy. The (AIC) is 

an operational way of trading off the complexity of an estimated model against how well the 

model fits the data. 

 

 Model selection or the distribution assumption made about the response variable is a topic of 

special relevance in medical studies and can have a critical impact on the conclusions drawn. 

Regardless of which type of model is fitted and how the variables are selected to be in the 

model, it is important to evaluate how well the model represents the data, since the use of an 

inappropriate statistical model may give rise to misleading conclusions. A survival model is 

adequate if it represents the survival patterns in the data to an acceptable degree.  (AIC) 

provides an attractive basis for model selection and is defined as, 

 

                                                                                    

 

The term          is well known among statistician as the “deviance”,   and   are the 

number of parameters and covariates respectively in the model,  =1 for the exponential 

model,   =2 for the Weibull, log logistic, and log normal models and   =3 for generalized 

gamma (Klein & Moeschberger, 1997).  The model with the smallest (AIC) value is preferred 

In other words; if the (AIC) is smaller for the first model than the second then the former is 

preferred (Lindsey & Jones, 1998, Acquah, 2010, and Bradburn, et al., 2003). 
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3.4 Summary: 

In the present chapter we discussed a general introduction to parametric and semi-parametric 

models, and then discussed (CPHM) in detail. We also discussed methods to assess the 

proportional hazards assumptions empirically using graphical and computational tests. We 

then discussed the parametric (CPHM) including the exponential proportional hazards and 

Weibull models. Finally, the Akaike Information Criterion (AIC) that can be used to compare 

the previous models to achieve the best fit to data has been explained. 

In the next chapter we are going to apply  all methods described in the first three chapters to 

our dataset and discuss the results. We then discuss and conduct a comparison between the 

results of using the Cox models and those of using the parametric (CPHM). 
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Chapter 4 

 Survival Analysis of Lung Cancer Data in Gaza Strip  

4.1 Introduction: 

     In this chapter, we apply some non-parametric methods (Kaplan-Meier estimate and the 

log-rank test) as well as the (CPHM) on the lung cancer patients' data from the cancer registry 

in Shifa hospital in the period 2005 – 2010 in Gaza Strip. Both the Cox model and the 

parametric model are applied to this dataset. We discuss the corresponding results of all 

models and compare the results of the main methods of Cox model with the results of the 

parametric models. 

4.2 Description of the data: 

4.2.1 Study population: 

For the purpose of the application of the survival analysis methods in a practical situation in 

the Gaza Strip, we got a rich database for 181 patients who suffered from Lung Cancer. The 

data came from the Health Information Center (Cancer Registry) on patients who have been 

treated in both Al-Shifa Hospital in Gaza City and the European Gaza Hospital in Khan 

Younis city. Such data had to be published without disclosing the identity of the patient. 

Thus, we have a dataset that involve 5 main medical and social variables for 181 lung cancer 

patients from different areas in the Gaza Strip. The information available relied primarily on 

the medical records of patients in the above mentioned hospitals. The medical information of 

the patients include the incidence date and date of diagnosis, grade of the disease in addition 

to basic information such as name, age, sex and residential area. 
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4.2.2 Description of variables:  

In this study, data has been obtained from the Health Information Center (Cancer Registry) in 

the Gaza Strip on 181 patients of lung cancer patients who visited the two Gaza Strip's main 

hospitals in the period 2005–2010.  The patients had been followed up for a period of 6 years. 

The data include the following variables: Gender, smoking status, Residence and survival 

time, age at diagnosis that has been calculated from (Incidence date - Date of birth) and age 

category that has been obtained from age at diagnosis, tumor grade, status (censoring, death). 

The dead cases have been obtained from a death program within the Health Information 

Center. The remaining were the live ones until the end of the study. All the variables and 

codes for this data set are provided in table 4.1 below. 

 

Table 4.1 

Description of the Variables 

Variables Description Codes/Values 

SEX Sex 1 = male, 2 = female.  

AGE Age at diagnosis years 

AGE CA Age category 1=<50, 2=50-70, 3=>70 

Status censoring status 0 =censoring, 1 =death 

Incidence date Incidence Date Date 

survt survival time for lung cancer Months 

RESIDENCE Residence 

1=North Gaza, 2= Gaza, 3=Midzone, 

4=Khanyounis, 5=Rafah 

SM Smoking Status 0=No, 1=Yes 

GRADE  Tumor Grade  1= Grade1, 2= Grade2 
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4.2.3 The response variable: 

The individual survival time of the lung cancer patient has been considered as the response 

variable and defined as the period between the incidence date and the last clinic visit before 

the end of the study. The individual survival times for death outcome are calculated from the 

start of the study to the date of death or to the date of the last clinic visit before the end of 

study. The survival time for the event of lung cancer death are obtained from the enrollment 

in the study up to the date of death of the lung cancer patient. Patients are censored at the last 

clinic visit. 

4.3   Statistical analysis and results: 

4.3.1 Descriptive analysis of the data: 

Firstly we provide some descriptive statistics to give information on the distribution of the 

variables and the baseline characteristics for 181 participants who are the lung cancer patients 

that have been included in this study, in Table 4.2. Among those patients there are 150 Males 

(82.9%) and 31 are Females  (17.1%). Out of the 181 lung cancer patients also there are 59 

patients (32.6%) who are nonsmokers, and 122 (67.4%) smokers. Some continuous variables 

are grouped into categories. We have coded the variable age into three categories, 34 (18.8%) 

patients were coded as "less than 50 years old", 92 (50.8%) patients were "50-70 years old", 

and 55 (30.4%) patients were coded as "Above 70 years old". In the grading of lung cancer, 

56 (30.9%) in "grade 1" and 125 (69.1%) in "grade 2". In general, 125 patients (69.1%) have 

died and 56 patients (30.9%) did not die (right censored) up to December of 2010. 
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   Table 4.2 

Baseline characteristics for 181 patients diagnosed with Lung cancer 

n(%); mean Characteristic n(%); mean Characteristic 

  Residence   Gender 

     17(9.4) North Gaza 150(82.9) Male 

 102(56.4) Gaza 31(17.1) Female 

     26(14.4) Midzone 62 Age 

     23(12.7) Khanyounis   Age CA 

     13(7.2) Rafah 34(18. 8) <50 

  Smoking Status 92(50.8) 50-70 

59(32.6) No 55(30.4) >70 

  122(67.4) Yes   Status 

  Grade of disease 56(30.9) censoring 

56(30.9) Grade1 125(69.1) death 

  125(69.1) Grade2   

 

4.4 Survival characteristics of lung cancer patients: 

Table 4.3 shows the mean, median, standard deviation and confidence interval for survival 

time (in months) for lung cancer patients. The median survival time reached about eight 

months, and estimated survival rates at 10, 20 and 30 months after diagnosis were 45.1%, 

36.7% and 30.1%, respectively. 
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Table 4.3 

Mean and Median for Survival Time in months 

Description value Statistics 

The number of patients enrolled in the study. 181.0  records 

 The number of patients who happened to them of the 

event (death). 

125.0 events 

 The mean survival time.  24.57 Rmean 

 Standard error of the mean. 2.19 se(rmean) 

 The median survival time. 8.0 median 

 Confidence interval for survival time. (6.0 - 12.0) 0.95LCL - 0.95UCL 

 

4.5 Non-parametric analysis: 

4.5.1 Graphical analysis for the data: 

The survivor function for lung cancer patients in Gaza Strip has been estimated by the (KM) 

product limit estimator as can be seen in Fig (4.1). The horizontal axes represents the period 

that the lung cancer patients will continue alive. The vertical axis represents the rate of the 

lung cancer that have started and are still ongoing. As anticipated, the function starts at one 

and drops monotonically to zero. It is important to note that the function does not take into 

consideration calendar dates. It is not however important when the lung cancer has started but 

rather how long it has lasted. Moreover, if one wants to look at the changes in probability of 

exiting lung cancer conditional on the length of the spell, then one needs to look at the slope 

of the survivor function. 
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Figure 4.1. Kaplan-Meier estimate with 95% confidence bounds plot for lung cancer patients 

in Gaza Strip. 

 

4.5.2 Comparison between groups using graphical analysis: 

The subsequent graphical analyses do not allow a determination of whether a difference in the 

survival time or hazard is significant. However, the graphical analysis has been included 

purposely to illustrate the individual probabilities. Section 4.5.3 uses nonparametric tests to 

examine whether the differences are significant. 

 Using the (KM) survival analysis of lung cancers, we compared survivor functions for the 

nonsmokers group and the smokers group by graphing these functions on the same axis. the 

survivor function for the nonsmokers group lies above that of the smokers group. The survival 

rates for lung cancer patients who do not smoke and after 6-months, 12- months and 18- 

month's survival were 66.6%, 55.3% and 44.0%, and the corresponding  rates for patients 

who smoke were 55.6%, 35.0% and 34.6%  respectively. This dual graph indicates that 

nonsmokers had higher probability of survival than the smokers (median, 17 months and 7 

months) (Fig 4.2).   
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Figure 4.2. Kaplan-Meier Survivor Function for lung cancer for smoking status. 

 

     In order to evaluate the effect of gender on the probability of survival for lung cancer 

patients, the survivor functions for the different gender groups are plotted. Fig (4.3) shows the 

survivor functions' estimates for gender groups which is "male (1)" and "female (2)". The plot 

suggests that the survival probability of lung cancer for female patients is higher than that of 

the male patients. Note that the median survival time of females (n = 31; median = 13 months) 

was longer than that of the males (n = 150; median = 8 months).  
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Figure 4.3. Kaplan-Meier Survivor Function for lung cancer for Sex. 

 

     The survivor functions for the three levels of age groups are reported in Fig. (4.4). The 

survivor function of lung cancer patients of age less than 50 years and of age between 50 - 70 

years suggests that they have higher probability of survival than patients of over 70 years of 

age. The age group of less than 50 years (n = 34; median = 11 months) had better survival rate 

than those who were 50-70 years (n = 92; median = 10 months) and More than 70 years (n = 

55; median = 6 months). 

     The median survival time was 11 months, 10 months and 6 months for lung cancer 

patients of less than 50 years, 50-70 years and more than 70 years, respectively. The survival 

rates for lung cancer patients of less than 50 years after 6-months, 12- months and 18- months 

of survival were 63.9%, 45.1% and 40.6% respectively. The corresponding rates were 57.9%, 

44.4% and 40.4% for patients within the age group 50-70 years, and 47.3%, 33.3% and 31.2% 

for patients of more than 70 years old. 
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Figure 4.4. Kaplan-Meier Survivor Function for lung cancer for Age. 

 

     When governorate of residence was considered, the number of lung cancer patients in 

North Gaza was 17 with median survival time 8 months, the number of lung cancer patients in 

Gaza was 102 with median survival time 10 months, the number of lung cancer patients in 

Middle zone was 26 with median survival time 6 months, the number of lung cancer patients 

in Khanyounis was 23 with median survival time 6 months, and the number of lung cancer 

patients in Rafah was 13 with median survival time 10 months. The above results are 

illustrated in Fig 4.5.  

 

Figure 4.5. Kaplan-Meier Survivor Function for lung cancer for residence. 
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     When grade of disease was considered, the median survival time of lung cancer patients in 

grade 1 was (n = 76; median = 21 months), indicating that it has better survival time than 

patients in grade 2 which has median survival time equals  (n = 105; median = 6 months). The 

probability of patients being classified within the first grade is higher than the probability of 

being classified within the second grade. The survival rates for lung cancer patients in grade 6 

after 6-months, 12- months and 18- months survival were 72.1%, 57.1% and 54.2% 

respectively and for patients in grade 2 were 45.8%, 29.1% and 25.3%, respectively. All the 

above results are illustrated in Fig. (4.6) and Table (4.4) below. 

 

Figure 4.6. Kaplan-Meier Survivor Function for lung cancer for Grade. 
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Survival analysis was performed according to the grading status and Smoking Status.  The 

Kaplan-Meier survivor function and the log-rank test were used and the median survival time 

of nonsmoker was higher than that of smoker in grade 1. The median survival time was 35 

months for nonsmokers and 11 months for smokers. The 18-month survival rate for grade 1 

patients who do not smoke was 68.7% and 44.3% for smokers' patients in the same grade. 

The 18-month survival rates for grade 2 patients who do not smoke and who smoke were 

30.4% and 24.8% respectively. Median survival times of nonsmoker patients was 

significantly higher than that of smoker patients regardless of grade (Table 4.4). 

 

 

 

Table 4.4  

Survival status of  lung cancer patients according to grading and smoking 

 

Survival 
  

P-value 

18-months 

(%) 

12-months 

(%) 

6-months 

(%) 

Media

n 

  

     

Grade1 

0.014 

44.3 46.5 61.3 11 Smokers (n=50 ) 

68.7 72.7 80.8 35 Non-smokers (n=26 ) 

     

Grade2 

0.408 

24.8 26.7 45.5 5 Smokers (n=72 ) 

30.4 35.1 46 6 Non-smokers (n=33 ) 
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The above given figures displayed the Kaplan-Meier survivor functions estimates for groups 

of different variables. We can now summarize those results as follows: 

1. From Figure 4.2, the probability of survival of the nonsmokers' patients is higher than 

that of the smokers' patients; the dual graph indicates that nonsmokers had better 

median survival time than smokers (median, 17 months and 7 months). 

2. From Figure 4.3, the probability of survival of lung cancer female patients is higher 

than that of the male patients.  The median survival time of females equals (n = 31; 

median = 13 months) which is higher than that of male patients (n = 150; median = 8 

months).  

3. Figure 4.4 suggests that, the survivor function of lung cancer patients of less than 50 

years of age and the within age group between 50 - 70 years have higher probability of 

survival than patients of more than 70 years old. 

4. Figure 4.5 demonstrates that the number of lung cancer patients in North Gaza was 17 

with median survival time 8 months, the number of lung cancer patients in Gaza was 

102 with median survival time 10 months, the number of lung cancer patients in 

Middle zone was 26 with median survival time 6 months, the number of lung cancer 

patients in Khanyounis was 23 with median survival time 6 months, and the number of 

lung cancer patients in Rafah was 13 with median survival time 10 months. 

5. Figure 4.6 indicates that the probability of survival for patients who were classified in 

the first grade is higher than that of patients who were classified in the second grade. 

The survival rates for lung cancer patients in Grade 6 after  6-months, 12- months and 

18- months' survival were 72.1%, 57.1% and 54.2%, and in Grade 2 the corresponding 

rates were 45.8%, 29.1% and 25.3%  respectively. 

6. Table 4.4 illustrates that the median survival time was higher for nonsmokers than 

smokers patients in grade 1 (35 months nonsmokers, 11 months smokers). The 

survival rates for lung cancer patients who do not smoke after 18-month survival for 
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grade 1 patients was 68.7% and for patients who smoke was 44.3%. The survival rates 

for grade 2 patients who do not smoke after 18-month survival were 30.4% and that of 

smokers was 24.8% respectively. Median survival time was significantly better for 

nonsmokers' patients than smokers' patients regardless of grade. 

4.5.3 Risk factors' assessment using nonparametric survival tests: 

     In this section the (KM) test results are discussed and validated by running the log-rank 

tests. The null hypothesis of the test states that there are no significant differences between 

survival curves for different levels of the same covariate. Now, we look at the log-rank test to 

test the equity of survival curves between levels of covariates. We used three statistics to test 

the equity: Log-rank, Wilcoxon test and Tarone–Ware test.  In general, the log-rank test puts 

emphasis on larger values of time whereas the (generalized) Wilcoxon test puts emphasis on 

smaller values of time and the Tarone–Ware test puts emphasis on intermediate values of 

time. Further details on the log-rank test for interval censored data may be found in section 

(2.5) (Peto et al., 1972).  

Table 4.5 

Significance tests of sex, age, residence, grade and smokers' groups' survival 

Variable Log-rank Wilcoxon Tarone–Ware 

Sex 
   

       
 

   

       
 

     

      
 

Age 
    

        
 

    

       
 

   

       
 

Residence 
   

       
 

   

       
 

   

       
 

 Tumor Grade 
    

        
 

    

        
 

    

        
 

Smoking Status    
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     Table 4.5 suggests that the survival time and cumulative hazards differ with respect to all 

covariates. However, graphical analysis does not allow to conclude whether such differences 

are significant. Therefore, in this section, nonparametric tests were used to test their 

significance.    

     Log-rank, Wilcoxon and Tarone-ware test were used to compare two or more survival 

curves. To explore the statistical significance of the survival difference between different 

groups of the covariates sex, age, residence, grade and smoking status. Table 4.5 shows that 

the variable smoking status has small p-values for the above three tests (Log-rank = 0.017, 

Wilcoxon = 0.018 and Tarone-ware = 0.017). This provides a strong statistical evidence that 

smokers were dying faster than nonsmokers. For the variable grade, the p-values were close to 

zero for the three tests (Log-rank = 0.0001, Wilcoxon = 0.0009 and Tarone-ware = 0.0003). 

This provides a strong statistical evidence that grade 2 patients were dying faster than grade 1 

patients. However, all the three test indicated that there is no significant difference in the 

cumulative incidence of lung cancer among age, sex and residence groups, since the p-values 

were very high (p < 0.05). 

     In this section we used nonparametric tests to detect groups of covariate that have 

significant differences. However, using this type of tests only one covariate can be tested at a 

time. Therefore, in the next section we conduct semi-parametric and parametric analysis by 

estimating models that can not only consider all covariates simultaneously but also allow for 

the detection of the direction and magnitude of each covariate's effect on survival probability. 

4.6 Semi-parametric model: 

     As has been stated in Section (3.2) above, modeling survival times using semi-parametric 

analysis methods requires that the assumption on the (PH) hold. If so, semi-parametric 

modelling is appropriate. If those assumptions do not hold, parametric analysis then provides 
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better results. Therefore, we now check the (PH) assumptions using both graphical and formal 

investigation techniques. 

4.6.1 Proportional hazard assumption checks: 

When fitting a Cox hazard model, the adequacy of the model need to be assessed using some 

tests including the proportional hazard assumptions checks and the goodness of fit tests. The 

(PH) assumptions checking can be conducted using statistical tests based on the Schoenfeld 

residuals. Using the Schoenfeld residuals we check whether the correlation between 

Schoenfeld residual for a given covariate and ranked survival time is zero. 

4.6.2Testing the proportional hazards assumptions: 

    The discussion of Section (3.2.2.2) indicates that the proportional hazards model is 

restricted upon some assumptions to be fulfilled. These assumptions include that the 

proportional hazards assumption means that the hazards ratio is constant over time, or that the 

hazard of an individual is proportional to the hazard of any other individual. The assessment 

of  the (PH) assumptions is necessary before applying a Cox hazard model on our data. 

     Table 4.5 shows the results of some tests, that assess whether the assumptions hold both 

globally and by covariate. The null hypothesis for this test posits that the (PH) assumptions 

are not violated. The results are based on the best-fit of Cox model for the data and clearly 

indicate that the (PH) assumptions are not violated globally and allover covariates. 
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Table 4.6 

 

We tested the proportionality of hazards by looking at the interactions with log(time). The 

column rho in table (4.6) is the Pearson product-moment correlation between the scaled 

Schoenfeld residuals and log (time) for each covariate. The last row contains the global test 

for all the interactions tested at once. A p-value less than 0.05 indicates that a violation of the 

proportionality assumptions exists. The above results indicate that there is no evidence that 

the proportional hazards' assumptions are violated for any variable. This is because all the p-

values are greater than 0.05 for all the covariates as seen in the table. Therefore, there is no 

significant evidence of non-proportional hazards for any covariate or at the global level. 

4.6.3 Graphical assessment of the proportional hazards' assumptions: 

     When fitting the Cox model to the data, we need to check the (PH) assumptions for every 

time-dependent covariate at the first place. The results of the assessment checks are shown in 

Figure. 4.7. In this figure, the slopes of the smoothed curves for scaled Schoenfeld residuals 

are close to zero. Also, the p-values of the corresponding tests (Table 4.4) show that the (PH) 

Schoenfeld residuals test results of the proportional hazards assumption  

  p-values chisq  rho Characteristic 

      Gender 

  ref   Male 

0.864 0.029 0.016 Female 

0.379 0.775 -0.078 Age 

      Residence 

  ref   North Gaza 

0.977 0.001 -0.002 Gaza 

0.361 0.836 -0.081 Midzone 

0.660 0.193 0.038 Khanyounis 

0.606 0.266 0.045 Rafah 

  
 

  
Smoking Status 

  ref    No 

0.752 0.100 -0.029 Yes 

 
    Grade 

  ref   Grade1 

0.596 0.281 0.047 Grade2 

0.821 4.385 NA GLOBAL 



55 
 

assumption holds for all five time dependent covariates. In practice, if the (PH) assumption is  

not violated for any covariate, we can stratify on that variable and fit the Cox model within 

each stratum for other covariates (Klein and Moeschberger, 2003). 

      The plots of the scaled Schoenfeld residuals and the lowness smooth curves shown in 

Figures 4.7 support the assumption of (PH) for each of the five covariates. That is, the data in 

each plot in the figure is distributed randomly, smoothly and approximately horizontally 

through origin or slope approximately equal to zero. This indicates that none of the five 

covariates had interaction with log of time; and the plots support the (PH) assumption. 

 

Figure 4.7: Schoenfeld residuals for each explanatory variable versus survival time.  
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4.6.4 The appropriateness of semi-parametric modeling: 

     Both the computational and the graphical results suggest that a semi-parametric model is 

appropriate for our data set. For a final comparison, however, we now estimate an additional 

Cox model with the same structure of covariates as the best-fitted parametric model, then 

compare the fit of this semi-parametric model with the full model using the (AIC) criterion to 

determine if the Cox model has approximated the parametric results sufficiently well. 

 

4.7 Estimating the survival time for lung cancer patients using Semi-

parametric and parametric models 

4.7.1 Model estimation: 

     In this study, we used three survival models to get the best suitable model that estimates 

the survival time for lung cancer patients in the Gaza Strip. Table (4.7) shows the results of 

the survival analysis of semi-parametric and parametric models, based on hazard ratioes and 

confidence intervals for each variable.  A significant difference was concluded in the results 

of all models for patients within the categories of smoking and grade of cancer. According to 

the results from the Weibull model, patients who smoke had a significant increase in risk of 

death in terms of hazard ratio in the final model. The relative risk of 1.93 for smoking 

according to the weibull model indicates that events or patients deaths were 93% more 

frequent in smokers than in nonsmokers. Also, the relative risk of 2.96 for grade according to 

the weibull model indicates that events or patient deaths were 196% more frequent in grade 2 

than in grade 1. Neither the Cox, nor the parametric models showed any evidence about 

significant differences in age group, sex and residence in final models. The values of 

parametric and semi parametric models were compared using Akaike Information Criterion 

(AIC). Table 4.7 demonstrates the results for the final model in multivariable analysis, 
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representing results from 181 cases respectively. Based on (AIC), all parametric models were 

performed better than the Cox final model. It should be noted that the Weibull model is the 

most efficient among all models in the final multivariable analysis. The (AIC), that has been 

computed to enable comparison of the various tested models showed that the weibull model 

attained the best score, indicating that a weibull model would be the preferred model for our 

data set. 

  

Table 4.7 

Comparison of best-fitting models in proportional hazard metric and Cox regression model 

Weibull Exponential Cox Variable 

95% CI HR   
 
 

95% CI HR   
 
 

95% CI HR   
 
 

 
         

Gender 

ref 1 
  

1 
 

ref 1 
 

Male 

(0.70 - 2.94) 1.44 0.37 (0.84 - 2.61) 1.48 0.39 (0.67 - 2.14) 1.20 0.18 Female 

          

(1.00 - 1.03) 1.02 0.02 (1.00 - 1.03) 1.01 0.01 (1.00 - 1.03) 1.01 0.01 Age 

          

         
Residence 

ref 1 
  

1 
 

ref 1 
 

North Gaza 

(0.28 - 1.43) 0.64 -0.45 (0.33 - 1.22) 0.63 -0.46 (0.40 - 1.44) 0.76 -0.27 Gaza 

(0.73 - 1.77) 0.69 -0.37 (0.32 - 1.43) 0.67 -0.39 (0.40 - 1.78) 0.84 -0.17 Midzone 

0.58 - 3.90) 1.51 0.41 (0.67 - 3.06) 1.43 0.36 (0.62 - 2.79) 1.32 0.27 Khanyounis 

(0.29 - 2.72) 0.89 -0.12 (0.36 - 2.16) 0.88 -0.12 (0.38 - 2.23) 0.92 -0.08 Rafah 

         
 

         

Smoking Status 

ref 1 
  

1 
 

ref 1 
 

No 

(1.08 - 3.42) 1.93* 0.66 (1.14 -2.83) 1.79* 0.58 (1.01 - 2.59) 1.62* 0.48 Yes 

          

         
Grade 

ref 1 
  

1 
 

ref 1 
 

Grade1 

(1.85 - 4.76) 2.96** 1.09 (1.90 - 4.01) 2.75** 1.01 (1.37 - 2.91) 2.00** 0.69 Grade2 

1001.42 1010.97 1137.14 AIC 

      

*significant at the 5% level 

      

**significant at the 1% level 

    

HR: Hazard Ratio, CI: Confidence Interval 

𝜷 𝜷 𝜷 
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4.8 Summary: 

 In the present chapter, we discussed non-parametric survival analysis, including graphical 

analysis by comparing groups. Results of nonparametric tests (Log-rank, Wilcoxon and 

Tarone-ware test), semi-parametric analysis, and proportional hazard assumption checking, 

including formal testing procedures of the (PH) assumptions and Graphical assessment were 

all discussed. Results for the appropriateness of semi-parametric modelling and comparison 

between the three models in estimating the time of survival for patients with lung cancer were 

illustrated. The best model to be used in estimation based on the minimum (AIC) value has 

been selected.  

Multivariable analysis according to semi parametric and parametric models showed that 

smoking and tumor grade of lung cancer might increase the risk of death from lung cancer 

significantly. Based on (AIC) scores, Weibull parametric proportional hazard  model is more 

appropriate for our data set and proved to be the best model for lung cancer patients' data in 

the Gaza Strip. The results suggested that smoking and tumor grade of lung cancer were 

highly significant predictors of death from lung cancer.  

     In the next chapter, we are going to discuss the results and recommendations. 
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Chapter 5  

Conclusion and the Recommendations 

5.1 Conclusion: 

Survival analysis can be used to analyze data on the length of time it takes for a specific event 

to occur. A characteristic of “time to event” data is that we did not know the actual time to 

event for every person in our data set. We however, know this only for some individuals.This 

study was seeking to: (1) describe the pattern (distribution) of event times of the cohort under 

study; this was done using (KM), (2) to compare patterns of time to event across groups 

which was done using Log Rank Test and to explore the influences of possibly several factors 

on “time to event” which was achieved by Cox regression and parametric proportional hazard 

models (considering Weibull and exponential forms). Evaluation was also carried out on the 

models to establish which model is the most appropriate for the data. The (KM) method was 

used to estimate the survival time of lung cancer patients. The mortality rate was high in 

subjects who smoke and with tumor grade 2 (Figures 4.2 and 4.6). This claim was further 

authenticated by performing log lank test which produced similar results (Tables 4.5). Using 

Cox regression and (CPHM), covariates that significantly influence the survival of lung 

cancer patients were identified. Two covariates that are identified to affect the survival of the 

patients at 0.05 level of significant were smokers and tumor grade. 

     (AIC) was used to evaluate the performance of the models in analyzing the data. There was 

no major variability between the three parametric models as (Table 4.7). Among  three 

models, the parametric model Wiebull proportional hazards was the best model in 

multivariable analysis based on the value of the (AIC). The Weibull proportional hazards 

model (Table 4.7) appears to be an appropriate model according to AIC compared to other  

models. (CPHM) was fairly poor compared to other parametric models applied in this study. 
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 5.2 The Recommendations: 

1. We propose that the Weibull parametric proportional hazard   model should be used in 

similar studies since it proved to be a useful statistical model for the survival analysis 

of patients with lung cancer. 

2. The available data related of the lung cancer patient in Gaza strip shows that most of 

them was diagnosed in an advanced stage  )IV).  Furthermore, more than tow third of 

them are diagnosed in such stage, as a result of that the effort should be gathered 

toward the early diagnosis and early detection of disease, Furthermore, health 

education is a vital policy that help in prevention of disease . 

3. Smoking as all of us know, and proved by this research is one of the factor that my 

head to lung cancer and provoke its occurrence. 

4. We do recommend the continuing development of the cancer registry systems in Gaza 

strip and assuring the quality of the system, which are and will help the research and 

researcher. 
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