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ABSTRACT 

Background: Cervical Cancer is one of the leading causes of death in the world and 

represents a tremendous burden on patients, families and societies. It is estimated that over 

one million women worldwide currently have cervical cancer; most of them have not been 

diagnosed, or have no access to treatment that could cure them or prolong their lives. This 

study aimed at investigated the potential risk factors affecting death time of women with 

cervical cancer at Tikur Anbessa Specialized Hospital. 

Method: Data were taken from patients’ medical record card that enrolled during 

September 2011 to September 2015. Kaplan-Meier estimation method, Cox proportional 

hazard model and Accelerated failure time were used for the analysis with the help of R 

statistical package and STATA software’s. 

Results: The Lognormal Accelerated failure time model was preferred over Exponential, 

Weibull and Log-logistic models based on Akaike’s Information Criterion evidence. The 

results implied that not giving birth up to the study ends were prolong the timing death of 

cervical cancer patients while age class 51-60, 61-70,>70, smoking cigarettes, patients 

with stage III & IV disease, family history of cervical cancer, history of abortion and 

living with HIV AIDS were significantly shorten survival time of cervical cancer patients. 

Conclusion: Finally, the findings of this study implied that age, smoking cigarettes, 

region, stage, family history, abortion history, living with HIV AIDS and age at first birth 

were major factors related to survival time of cervical cancer patients. It is recommended 

policy maker, ministry of health and mass media to make interventions based on the risky 

groups for cervical cancer. 

Key words: Survival Data Analysis, Proportional hazard, AFT, Cervical cancer, survival 

time 

 

 

 

 

 

 



Modeling time-to- death of Women with Cervical Cancer  Page vi 
 

 

TABLE OF CONTENTS 

        CONTENTS         PAGE                                                                                                                                                         

ACKNOWLEDGMENT.......................................................................................................... III 

ABSTRACT .............................................................................................................................. V 

LIST OF TABLES ................................................................................................................ VIII 

LIST OF FIGURES ................................................................................................................. IX 

LIST OF ACRONYMS ............................................................................................................ X 

1. INTRODUCTION ................................................................................................................. 1 

1.1. Background of the Study .................................................................................................... 1 

1.2. Statement of Problems ........................................................................................................ 4 

1.3. Objectives of the study........................................................................................................ 6 

1.4. Significance of the study ................................................................................................. 6 

2.  LITERATURE REVIEW ..................................................................................................... 7 

2.1. Overview of Cervical Cancer.............................................................................................. 7 

2.2. Risk factors for Death of Cervical Cancer .......................................................................... 8 

2.3. Perceived Severity of Cervical Cancer ............................................................................. 13 

3. METHODOLOGY .............................................................................................................. 16 

3.1. Study Area ........................................................................................................................ 16 

3.2. Variables in the Study ....................................................................................................... 17 



Modeling time-to- death of Women with Cervical Cancer  Page vii 
 

3.3. Methods of Data Analysis ................................................................................................. 19 

3.4. Non-parametric Survival Methods .................................................................................... 21 

3.5. Semi parametric Comparison of Survival Distributions ................................................... 24 

3.5. Model Selection ............................................................................................................ 36 

3.6. Model Assessment ........................................................................................................ 36 

3.7. Ethical Consideration .................................................................................................... 39 

4. RESULTS AND DISCUSSION ....................................................................................... 40 

4.1. Descriptive Statistics ..................................................................................................... 40 

4.2. Non-parametric Survival Analysis ................................................................................ 41 

4.3. Semi-Parametric Cox PH .............................................................................................. 45 

4.4. Accelerated Failure Time Model .................................................................................. 48 

4.5. Model Diagnostics ........................................................................................................ 53 

4.6. Discussion ..................................................................................................................... 56 

5. CONCLUSIONS AND RECOMMENDATIONS ........................................................... 59 

5.1 Conclusions ........................................................................................................................ 59 

5.2 RECOMMENDATIONS ................................................................................................... 60 

5.3 Limitation of the Study ...................................................................................................... 60 

REFERENCES ........................................................................................................................ 61 

APPENDIXIES ........................................................................................................................ 70 

 

 



Modeling time-to- death of Women with Cervical Cancer  Page viii 
 

 

LIST OF TABLES 

 Table 3.1 Code of Covariates ………………………….………………………………...…18 

 Table 4.1 Descriptive Summary of the Data at TASH………………………………...……69 

Table 4.2: Mean survival time and confidence interval by levels of covariates……………………..73 

Table 4.3 Log Rank tests of covariates………………………………………………………………………………….43 

Table 4.4: Univariate Analysis of Cox PH with time to event of CC patients…………………….…75 

4.5:Multivariate Analysis of Cox PH with time to event of patients………..……..……..….48 

Table 4.6 Test of proportional hazards assumption………………………………………………………….….49 

Table 4.7: Univariate AFT analysis for survival time Patients……………………………………………..79 

Table 4.8: Comparison of AFT models using AIC criteria…………………………….……51 

Table 4.9: Summary result the final Log-Normal AFT model………………………………………………..52 

 Table4.10 the likelihood ratio and significance of the Lognormal AFT……………………53 

 

 

 

 

 

 

 

 

 

 

 

 

 

file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621709
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621709
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621738
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621709
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621709
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621738
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc429621743


Modeling time-to- death of Women with Cervical Cancer  Page ix 
 

LIST OF FIGURES 

 

 Figure 4.1: survival time plot by Age and Region patients………………………………….71                                                                                                                                                                                                                            

Figure 4.2: survival time plot by Recurrence and Smoking status patients……………….…..44 

Figure4.3: survival time plot by Stage and Number of sexual partner patients……………...71 

 Figure 4.4: survival time plot by treatment taken and number of children of patients……....71                                     

 Figure 4.5: survival time plot by Aim Radiotrphy and chemotrphy cycles patients….…..…72                                          

Figure4.6: plot of survival time by Family History and Family Planning 

patients………………………………………………………………………………………...46                                                

 Figure 4.7: survival time plot by Abortion and HIV status patients………………………....72                                                                   

Figure 4.8: survival time plot by age at marriage and Age at first birth patient……………...72                                                                                  

Figure 4.9 The plot of Scaled Schoenfeld residuals for Age and Smoking…………………77                           

Figure 4.10: The plot of Scaled Schoenfeld residuals for Region and Stage…..……………77                

Figure 4.11: The plot of Scaled Schoenfeld residuals for Abortion and Family history ...…78           

Figure 4.12: The plot of Scaled Schoenfeld residuals for HIV status and Age at first birth..78              

 Figure 4.13:Graphs of Exponential, Weibull, Log-logistic, and Log-normal baseline 

distributions for survival time of patients’ data set………..……..…..………………………53 

 Figure 4.14 Cox- Snell residuals plots of log-normal baseline distribution for survival time of 

patients’ data…………………..………………………………………………………….…..53 

Figure 4.15: Quantile- Quantile plot to check the adequacy of the accelerated failure time 

model………………………………………………………………..................…………………….…56 

 

 

 

 

 

file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577358
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577367
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577367
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577372
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577372
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577389
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577389
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577391
file:///C:/Users/Guest/Downloads/selam%20research%20last.docx%23_Toc430577391


Modeling time-to- death of Women with Cervical Cancer  Page x 
 

       LIST OF ACRONYMS 

AFT  Accelerated Failure Time  

AIC  Akaike Information Criterion 

AIDS  Acquired Immune Deficiency Syndrome 

ANC  Antenatal Care  

CSA   Central Statistical Agency 

DHS   Demographic and Health Survey  

DNA  Deoxyrebose Nucleic Acid 

ECA   Ethiopian Cancer Association 

EDHS   Ethiopian Demographic and Health Survey 

FDA  Food and Drug Administration 

FIGO   International Federation of Obstetrics and Gynecology 

HDI  Human Development Index 

HIV  Human Immune Virus 

HPV   Human Pappiloma Viruses 

IARC  International Agency for Research on Cancer 

NHS   National Health Service 

PATH  Program for Appropriate Technology in Health 

PH   Proportional Hazard 

PLND  Pelvic Lymph Nodes  

PO  proportional Odds 

TASH  Tikur Anbessa Specialized Hospital 

UK  United Kingdom 

USA   United State of America 

WHO  World Health Organization



Modeling time-to- death of Women with Cervical Cancer  Page 1 
 

 

1. INTRODUCTION 

1.1. Background of the Study 

Cancer is the name given to a collection of related diseases. In all types of cancer, some of 

the body’s cells begin to divide without stopping and spread into surrounding tissues. 

Cancer can start almost anywhere in the human body, which is made up of trillions of 

cells. It is one of the leading causes of death in the world and represents a tremendous 

burden on patients, families and societies (WHO, 2009). Chronic diseases like cancer and 

cardiovascular disease are major causes of morbidity and mortality. In particular, cancer is 

one of the most common and deadly diseases worldwide.  The burden of disease impinges 

on the lives of tens of millions annually (NCI, 2014). According to estimates from the 

International Agency for Research on Cancer (IARC), there were 12.7 million new cancer 

cases in 2015 worldwide, of which 5.6 million occurred in economically developed 

countries and 7.1 million in economically developing countries. The corresponding 

estimates for total cancer deaths in similar year were 7.6 million, 2.8 million in 

economically developed countries and 4.8 million in economically developing countries. 

There were an estimated 4.9 million new cases and 0.266 million global deaths from 

cervical cancer in the same year accounting for 7.5% of all female cancer deaths. (Rebecca 

S.et al; IARC; WHO, 2015). Between 2000 and 2020, the total number of cases of cancer 

in the developing world is predicted to increase by 73% and 29% in the developed world 

largely as a result of an increase in the number of old people (Parkin DM., 2000). 

The American Cancer Society estimates that 12,900 diagnoses of cervical cancer in the 

end of 2015 in the USA (ACS, 2015). From this over 4,000 women in the USA die from 

cervical cancer each year. The National Health Service (NHS), UK, says that over 3,000 

women are diagnosed with cervical cancer each year in the UK (NHS, 2015). 

Cancer is an emerging public health problem in Africa. As estimate by International 

Agency for Research on Cancer (IARC), about 715,000 new cancer cases and 542,000 

cancer deaths occurred in Africa in 2009. These numbers are projected to nearly double 

which mean 1.28 million new cancer cases and 970,000 cancer deaths by 2030 simply due 

to the aging and growth of the population, with the potential to be even higher because of  



Modeling time-to- death of Women with Cervical Cancer  Page 2 
 

the adoption of behaviors associated with western lifestyles, such as smoking, unhealthy 

diet, and physical inactivity. Despite this growing burden, cancer continues to receive low 

public health priority in Africa, largely because of limited resources and other pressing 

public health problems, including communicable diseases such as AIDS/HIV infection, 

malaria, and tuberculosis. It may also be in part due to a lack of awareness about the 

magnitude of the current and future cancer burden among policy-makers, the general 

public, and international private or public health agencies interested in global health. 

Cervical cancer was the most frequently diagnosed cancer (61,510) and the leading cause 

of cancer death (40,600) in women in  Africa in 2009 accounting for about 45% of the 

total new cancer cases and death (IARC ;WHO;Rebecca. S. et al, 2015). 

The total cancer cases and death in Ethiopia estimated to be 19,659 and 64.12/100,000 

respectively (World Bank, 2014). In 2011, it was estimated that 20.9 million women were 

at risk of developing cervical cancer in Ethiopia and the estimated annual number of CC 

cases and deaths was 4,648 and 3,235, respectively. It is projected that the number of new 

cervical cancer cases will almost double by 2025. Cervical cancer affects Ethiopia's most 

vulnerable women; poor, rural, HIV
+
 women and women with disabilities. The burden 

of cervical cancer, not only affects women, but also has a disastrous impact on their 

children, families, and communities (CSA, 2011). 

Cervical cancer deaths in Ethiopia reached 4,595 or 0.76% of total deaths. The age 

adjusted death rate is 18.51 per 100,000 of population ranks Ethiopia (WHO, 2015).The 

age-adjusted incidence rate of cervical cancer in Ethiopia is 35.9 per 100,000 women. 

Despite this fact, very few women receive screening services. Although there is no 

national cancer registry, reports from retrospective reviews of biopsy results have shown 

that cervical cancer, followed by breast cancer, is the most prevalent cancer among women 

in the Ethiopia. HIV infection and cervical cancer are major public health problems facing 

women in Ethiopia. More than 500,000 women are estimated to be infected with HIV and 

at risk of developing cervical cancer. Though screening of precancerous cervical cancer 

lesion for HIV infected women has been started in limited centers in Ethiopia, data on the 

prevalence and factors associated with the lesion are lacking. Knowledge about prevalence 

and associated factors is needed to identify HIV-infected women who are more likely to  
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develop precancerous cervical lesion and to plan appropriate screening and treatment 

strategies (Wittet.S, Tsu, 2009). 

As data from Tikur Anbessa Specialized Hospital Oncology Unit, more than 500 adult and 

pediatric cases with hematologic malignancies are seen in the hematology clinics every 

year. Many patients with cancer are also seen at the surgical, gastrointestinal and 

gynecology clinics. The most common adult cancers are cervical, breast, sarcomas, head 

and neck, and colorectal cancers, while leukemia, lymphoma, retinoblastoma and 

osteosarcoma constitute the bulk of pediatric cancers. The Hospital aspires to become a 

center of excellence in the diagnosis, treatment and care of patients with cancer. With the 

support of Ethiopia’s governmental institutions, non-government organizations and 

international partners, it is hoping to develop a comprehensive cancer care program, 

including cancer registry, early detection, prevention, standard treatment and palliative 

care (ECA, 2010). As stated by study from September 2008 to September 2012 of 2,300 

CC patients, 1,059 patients with standardized treatment were included. At the end of the 

study, 249 patients had died (Kantelhardtet al, 2014). 

Survival models: 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. 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. Kaplan and Meier (1958) obtained one 

important development in non-parametric methods. The non-parametric methods work 

well for homogeneous samples; they do not determine whether certain variables are 

related to the survival times. 

This leads to the application of regression methods for analyzing survival data. The 

standard multiple linear regression models are not well suited to survival data for several 

reasons. First, survival times are non-normally distributed. Second, censored data result in 

missing values for the dependent variable (Klein, J. P., and Moeschberger, M. L, 1997).  

In survival analysis studies, characterizing the different survival distributions that 

correspond to different subgroups within a heterogeneous population, a descriptive  
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summary of such a comparison could consist of parametric or semi parametric methods 

(Hosmer&Lemeshow,1999; David G.; Kleinbaum; Mitchel K.,2005).  

There are two major regression models used for survival data: proportional hazards model 

(Cox) as a semi parametric method (Cox. D, 1972) and accelerated failure time model or 

linear model representation in log time as a parametric model (Hosmer&Lemeshow, 

1999). Cox proportional hazard function the model that assumes the underlying hazard 

rate is a function of the independent covariates, but no assumptions are made about the 

nature or shape of the baseline hazard function that is why Cox’s model is referred to as a 

semi-parametric model for the hazard function (David G. Kleinbaum&Mitchel 

Klein,2005). However, Cox PH model has the restriction that proportional hazards 

assumption holds with time-fixed covariates; and it may not be appropriate in many 

situations and other modifications such as stratified Cox model or Cox model with time-

dependent variables are required (Collett, D.,2003). The Accelerated Failure Time (AFT) 

model is another alternative method for the analysis of survival data. Many of the standard 

parametric models such as Weibull, Exponential, Lognormal and log logistic are 

accelerated failure time models (Klein, J. P., and Moeschberger, M. L, 1997). Although 

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

parametric models do have a number of benefits (Andersen P.et al, 1993).  

1.2. Statement of Problems 

Even though CC is fully preventable and curable, at low cost and at low risk for lack of 

early detection it is mostly affecting females in the current world. It is the third most 

common cancer in women worldwide however; the prognosis of advanced, recurrent or 

metastatic cervical cancer remains poor (Louie et al.; Ferlay et al, 2009).Cervical cancer is 

the leading cause of death among women and it is the most common cause of cancer-

related morbidity and mortality. Current estimates indicate that every year 527,624 women 

are diagnosed with cervical cancer and 265,672 die from the disease Worldwide. The 

actual prevalence of cancer of the cervix is not known and many patients usually present 

very late to the health facilities (Parkin DM.et al, 2014). 

Cervical cancer deaths in Ethiopia reached 4,595 or 0.76% of total deaths. The age 

adjusted death rate is 18.51 per 100,000 of population ranks Ethiopia (WHO, 2015).The 

age-adjusted incidence rate of cervical cancer in Ethiopia is 35.9 per 100,000 women 
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Many developed countries have reduced the incidence of the cancer and hence treatment 

burden through screening programmers. Unfortunately Ethiopia does not have a routine 

screening scheme like many other resourced-poor countries and consequently patients 

present at late stage which results into significantly high death related to cervical cancer 

(Bogalech.F,2015). 

Although cervical cancer is a leading cause of cancer related morbidity and mortality 

among women in Ethiopia, there is lack of information regarding the perception of the 

community about the disease. Understanding the risk factors of women death due to 

cervical cancer is essential to inform public health policies and design strategies. In 

Ethiopia cervical cancer is the second most common cancer in women after breast and is 

one of the leading causes of cancer death among women (Abreham B., 2011).This is one 

of the challenging problems that the country needs to address. Many studies haven’t been 

done regarding cervical cancer death in Ethiopia. Most of the previous studies on this area 

were considered on screening and recurrence of cervical cancer. 

This study, therefore, has tried to fill the gaps in understanding the status of cervical 

cancer patients by identifying determinant risk factors of death due to cervical cancer in 

Ethiopia. 

Generally, this study has attempted to answer the following basic research questions: 

1. Which factors significantly affect the death rate of cervical cancer patients? 

2. Is there difference in death rate of patients among regional states of Ethiopia? 

3. How much is the mean survival time of cervical cancer patients? 

4. Which model is the most appropriate for analyzing the predictors of death rate of 

cervical cancer patients? 
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1.3. Objectives of the study 

1.3.1. General Objective 

The General objective of the study is modeling time-to-death of women with cervical 

cancer in Tikur Anbessa Specialized Hospital. 

1.3.2. Specific Objectives 

1. To identify risk factors associated with mortality of women due to cervical cancer 

2. To fit a statistical model that predicts the survival probability for women with cervical 

cancer based on the risk factors 

3. To estimate the survival time and compare the survival curves of time-to-death among 

different levels of covariates 

1.4.  Significance of the study 

This study can be used to assess the possible effect of different prevention and treatment 

programs and provide information about the covariates or risk factors of women death 

with cervical cancer. The results of this study also help in reducing the death of women by 

giving awareness for the society on the factors that increase the probability of women 

death due to cervical. Used as source of information for the government of Ethiopia, 

ministry of health, that enables policy makers to enhance the awareness of the society 

about factors that increase the probability of death due to cervical cancer which is 

protectable and curable if it is screened and treated in its earlier stage with appropriate 

treatment.  
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2.  LITERATURE REVIEW 

2.1. Overview of Cervical Cancer 

Cervical cancer is one of the main causes of cancer-related death. It is the fourth most 

common cancer-related deaths in women, and the third most frequently diagnosed female 

cancer (Imam et al., 2009). As stated by World Health Organization (WHO) data nearly 2 

million women in the world have a diagnosis of cervical cancer, 500,000 new cases are 

identified each year, and 274,000 deaths due to cervical cancer occur, and 80% of deaths 

due to cervical cancer occur in developing countries (WHO, 2009). Approximately 44% of 

cancer cases and 53% of cancer deaths occur in countries at a low or medium level of the 

Human Development Index (HDI) and international agency for research on cancer was 

estimate 1.547 million Cervix cancer ,1.893 million Lung cancer, 6.255 million Breast 

cancer, 3.544 million Colorectum cancer, 3.924 million Prostate cancer, 1.538 million 

Stomach cancer, 0.633 million Liver cancer, 0.464 million Oesophagus cancer, 1.320 

million Bladder cancer and 11.427  Other cancer death in the world (WHO,2015, Moosa et 

al., 2014). 

According to data from the Ministry of Health in Turkey in 2010, cervical cancer is third 

most common cancer in female genital organs cancers with 1,951 cases and incidence rate 

of 4.5 per hundred thousand (TC. Saglık B., 2014). As risk factors of cervical cancer, 

human papillomavirus (HPV) infection, early sexual intercourse or marriage at an early 

age, multiple sexual partners, smoking, history of sexually transmitted diseases, long-term 

use of oral contraceptives, too many births, genetic predisposition and compromised 

immunity, history of infertility, poor hygiene, family history and low socioeconomic status 

are indicated (Kruiroongro J. et al, 2014). 

 Cervical cancer can be protected with an effective screening program, Papanicolaou (Pap) 

smear test is used is a cancer screening (Sogukpınar et al., 2014; Karadag et al., 2015). 

Pap smear results reduction of the risk of death from cervical cancer annually from 4/1000 

to 5/10000 in women with early diagnosis (Ball and Madden, 2009). Cancer of the cervix 

is one of the most serious public health problems among Thai women (National Cancer 

Institute, 2014). It is now widely accepted that high risk types of human papillomavirus  
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(HPV), particularly HPV 16 and 18, play an important role in the genesis of cervical 

carcinoma. Most HPV infections in the cervix spontaneously resolve and few (not all) 

HPV infected females develop cervical cancer. Other risk factors such as exposure to 

certain carcinogens and host genetic predisposition likely have an influence on cervical 

carcinogenesis (Zur Hausen, 2004). 

2.2. Risk factors for Death of Cervical Cancer 

As other cancer types, also cervical cancer the onset death of the disease can be promoted 

by specific factors. Based on different literature some of main risk factors for the death of 

Cervix cancer are as follows:   

2.2.1. Human Papiloma Viruses (HPV) 

The main risk factor for the development of cervical cancer is human papilloma virus 

(HPV) infection, DNA of which has been found in almost all cases of invasive cervical 

cancer(Bosch et al, 2003). HPV is a sexually transmitted infection, making cervical cancer 

chronic diseases with an infectious etiology. At least 50% of sexually active men and 

women get HPV at some point in their lives. Most women with HPV infection will not 

develop cancer, and the infections usually resolve spontaneously however, around 3-10% 

of women with HPV develop persistent infections, and are at high risk of developing 

cervical cancer (Monsonego et al., 2004). 

HPV infection is an essential factor in the development of CIN and cervical cancer. When 

HPV acquisition is followed by HPV persistence instead of clearance, there is a high 

chance for progression to precancerous lesions and ultimately invasive lesions. HPV is a 

double stranded closed circular DNA virus with the capacity to incorporate in the human 

DNA). Disease with more than 80% of the population infected at some time in their life. 

HPV infection was also detected in the controls indicated that not all of the HPV-infected 

women developed cervical cancer or CIN. Among healthy women, an HPV infection was 

able to clear within 1-2 years and <1% of HPV-positive women would go on to develop 

cervical cancer (Nagpal et al., 2012). 

2.2.2. Age 

Even if cancer starts from one cell, aging is another fundamental factor for the 

development of cancer. The study by identified that the age of onset of cervical cancer is 

higher in the age group of 41-60 accounting for 65% of the study population. The cervical 
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cancer patients with age above 50 years showed a 1.6 fold higher risk of failure for than 

patients with below 50 years of age with a statistical significance of (p=0.022). In 

assessing the prognostic factors for the death of cervical cancer records of patients age 60 

and older with invasive cervical cancer treated with radiation with or without concomitant 

chemotherapy. According to survival predictors of outcomes analyzed using Kaplan Meier 

and Cox regression analysis. From the result 85 women with invasive cervical carcinoma 

were identified (with median age=68, median age at first intercourse=18, median of 

number of sexual partners=2, median number of pregnancy=7) the stage distribution of the 

women was IA2-IB2-35%, IIA,IIB-34%, IIIA-IIIB- 28%, IVA-3%.After a median follow 

up of 17 months (range 3-44 months), (32%) women died. Factors associated with death in 

the univariate analysis were smoking (P=0.015), radiation therapy dose (P=0.010), stage I-

II Vs III-IV (P=0.024) (Kumari et al., 2013).Yancik.R (2012) and Wright JD. (2014) also 

concluded that increases in age have been related to poorer survival time of CC which may 

be attributable to treatment differences in cervical (older women were found to be less 

likely to receive more aggressive therapies). 

2.2.3. Stage of the Disease  

According to the international Federation of Gynecology & Obstetrics (FIGO) staging of 

cervical cancer is based on careful clinical examination and the results of specific 

radiologic studies and procedures. These should be performed and the stage should be 

assigned before any definitive therapy is administered. The clinical stage should never be 

changed on the basis of subsequent findings. When it is doubtful to which stage a 

particular case should be allotted, the case should be assigned to the earlier stage, at stage I 

cervical cancer can be treated with surgery, radiation, or chemotherapy. With stage II 

cervical cancer, the cancer has spread beyond the cervix and the uterus. Stage III cervical 

cancer has spread to the lower pelvic wall, and if the tumor grows large enough to block 

the uterus, the tubes that connect the kidneys and the 12 bladder, the kidney may not work 

properly. Chemotherapy and radiation are the treatment of choice for stage III cervical 

cancer. Stage IV is the most advanced stage of cervical cancer. In Stage IV cervical 

cancer, the cancer has spread to the nearby bladder or rectum more distant organs and the 

cancer is in its metastasis stage. Like stage III, stage IV treatment involves chemotherapy 

and radiation. Early stages of the disease are associated with a favorable prognosis; five-

year survival rates for stage I disease are higher than 90%. Women diagnosed with more 

advanced disease, however, experience a considerably worse prognosis and less than 10% 
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survive stage IV disease (FIGO, 2009). Overall survival after 5-years for stage I, II & III 

was 81%, 33% and 0% respectively. Better survival was observed in patients with early 

stages of the diseases (Tigist Y., 2014).   

 The highest incidence of cervical cancer was reported in developing countries including 

the sub-Saharan Africa .In sub-Saharan Africa, the majority of cancers (over 80%) are 

detected in late stages, predominantly due to lack of information about cervical cancer and 

prevention services. This high incidence is attributed to the unawareness of the disease and 

inadequacy of screening programs in less developed countries. Cervical cancer is a key 

reproductive health problem for women particularly in the developing countries where 

screening services are lacking or inaccessible for the majority (Bingham et al., 2013). 

2.2.4. Smoking 

Tobacco smoke contains more than 4,000 chemical substances including some 

carcinogens. Among these, polycyclic aromatic hydrocarbons (PAHs) and volatile 

Nitrosamines are considered to be the main carcinogens (Moosa et al., 2014). Smoking 

exposure-a well-documented environmental factor-is a leading cause of many types of 

cancer such as cervical cancers, lung, esophageal, gastric, bladder and liver. Risk of 

cervical cancer associated with tobacco smoking has been found in many studies .Among 

HPV positive women, an increased risk of cervical cancer was demonstrated among 

smokers than non-smokers. Women who smoke are about twice as likely to develop 

cervical cancer as women who do not smoke (Yetimalar et al., 2011). 

2.2.5. Initial type of treatment 

The initial type of treatment the women took is another significant risk factor for the death 

of cervical cancer. The risk of death following radical trachelectomy surgery is increased 

when the tumor size exceeds 2 cm. The histological type of tumor does not appear to be a 

significant risk factor for death except in the case of rare aggressive tumor with a 

propensity for rapid and widespread metastasis. These tumors are clearly associated with a 

higher risk of death and recurrence. 

In assessing the risk, certain combinations of pathologic risk factors are thought to 

represent sufficient risk for death (Manjunath et al, 2010). Justified that the use of 

postoperative pelvic radiotherapy, though this has never been shown to improve overall 

survival. By compared adjuvant radiotherapy with no adjuvant radiotherapy meta-analysis 
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of these two treatments indicated as they had no significant difference in survival at five 

years between women who received radiation and those who received no further treatment 

(HR = 0.8, 95% CI : 0.3-2.4).  

However, women who received radiation had a significantly lower risk of disease 

progression at five years (HR = 0.6, 95% CI 0.4- 0.9). The risk of serious adverse events 

was consistently higher if women received radiotherapy rather than no further treatment. 

Advanced stage at presentation (HR=3.0, P=0.001,) and a short disease-free interval after 

primary treatment (<8 months, HR=3.4, P=0.003) were determined as independent 

prognostic factors with a significant negative influence on progression-free survival and 

overall survival from initial diagnoses, respectively (Massad LS, 2008). Beside, from the 

study that compared the use of radiotherapy with no radiotherapy in women with early 

cervical cancer who had radical hysterectomy and pelvic lymph nodes (PLND) and who 

was at high risk of death. These trials showed that adjuvant radiotherapy after radical 

surgery significantly decreases local death rates, but provides only weak evidence that it 

might improve overall survival. When we combined the findings from these two trials, we 

found that, on average, the risk of death within five years among women who received 

radiotherapy was between 40% and 90% of the risk among women who did not (RR = 0.6, 

95% CI 0.4 to 0.9) (Monsonego et al., 2004).  

A study by (Erlap et al., 2006) identified that surgery and use of chemotherapy were each 

significantly associated with improved survival. Those with a longer disease-free interval 

(8 months vs. 8 months) from initial diagnosis to death and response to chemotherapy had 

a tendency for longer survival duration. Multivariate analysis revealed that progressive 

response to chemotherapy (HR=4.6, P=0.002,) and death within the previously Irradiated 

field (HR=2.7, P=0.04) were significant independent prognostic factors. Furthermore, 

advanced stage at presentation (HR=3.0, P=0.001) and a short disease-free interval after 

primary treatment (<8 months, HR=3.4, P=0.003) were determined. A study by (Wang 

SJet al.,2010) that intended retrospectively to compare the treatment outcome of chemo 

radiation with that of radiation on risk factors for death which then was calculated by the 

Kaplan-Meier method and compared by the log rank test. The survival rate of the chemo 

radiation group was significantly higher than that of the radiation group (P<0.01). A study 

by (Yetimalar et al., 2010) that intended to determine the survival rate of cervical cancer 

women and factors influencing survival, from the log rank test and the multivariate 

analysis were used. From the result of the study of age ≤50 and>50 and stage categorized 
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as I-II and III-IV were analyzed. The Log Rank test revealed that age and stage of the 

disease is not significant (P=0.77) and (P=0.177) respectively and from the multivariate 

Cox regression analysis the significance for the two categorical variables was (P=0.374) 

and (P=0.503) respectively. 

2.2.6 Family History  

Women who have a mother or sister diagnosed with cervical cancer have a greater risk of 

developing this cancer than women without a family history. (Bellinger. D, 2013; IARC, 

2014). 

2.2.7 Many Sexual Partners and Becoming Sexually Active at a Young Age 

Women have had many sexual partners have a higher risk of becoming infected with HPV, 

which raises their risk of developing cervical cancer. There is also a link between 

becoming sexually active at a young age and a higher risk of cervical cancer. If a woman 

develops cervical cancer it does not mean she had several sexual partners, or became 

sexually active earlier than most other females. It is just a risk factor. Women who only 

ever had one sexual partner can develop cervical cancer (Brinton. L., et al., 2002; Chelimo 

C, et al., 2013). 

2.2.8 Weakened Immune System: 

 People with weakened immune systems, such as those with HIV/AIDS, or transplant 

recipients taking immunosuppressive medications have a higher risk of developing 

cervical cancer (Abel G. et al,2013), (Massad LS ,2008). 

2.2.9 Giving Birth at a Young Age 

Women who gave birth before the age of 16 are significantly more likely to develop 

cervical cancer compared to women who had their first baby when they were aged 25 or 

over. Several Pregnancies: Women who have had at least three children in separate 

pregnancies are more likely to develop cervical cancer compared to women who never had 

children(Brinton L. et al., 2002), (Chelimo C, et al., 2013),(Ahmed Ib. et al., 2011), 

(WHO, 2015). 

2.2.10 Distance from the Hospital 

Distance from the hospital most likely influence the patient’s decision not to return to the 

hospital for continued care although there was no significant association between 

http://www.medicalnewstoday.com/articles/17131.php
http://www.medicalnewstoday.com/articles/17131.php
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defaulting and having a personal income probably because most women in this 

environment rely on their husbands or parents for payment of hospital (Sule ST; Shehu 

MS, 2007).The numbers of cervical cancer cases were not related to population size of the 

regions in Ethiopia. The number of cases in other region of the country depends on their 

distance from Addis Ababa; the farther the region, the fewer number of cases (Abate.S , 

2015). 

2.2.11 Abortion History 

The rates of cervical, ovarian, breast and liver cancer are greatly increased by abortion. 

Some studies suggest that one abortion increases the chances of cervical cancer by 130 

percent, while two increase the chances by 392 percent. The increases in cancer risks for 

women are due to the violent disturbance of the normal hormonal balances of pregnancy, 

as well as frequent cervical damage (R. Somers, 2001). 

2.3. Perceived Severity of Cervical Cancer 

Most women know that cervical cancer is a serious disease and studies on the perceived 

severity of cervical cancer have not been carried out in many developing countries. A 

survey on the perceived severity of cervical cancer among adult females in Quebec found 

that 57% of women were afraid of developing cervical cancer sometime in their life, and 

93% thought developing cervical cancer has serious consequences (NC IPress O., 2012). 

Cervical cancer related anxiety and perceived seriousness did not vary by age group or 

level of education. Studies conducted among college women reported that, 98% of college 

women felt that cervical cancer is a very serious condition and half of them think that it is 

not a treatable disease (Ferlay J.,et al.,2009).Similarly Agency for Health Care Policy and 

Research(2009)found that 92% of women believed that cervical cancer is the second most 

serious type cancer a woman can have (first being breast cancer) and most women who 

develop cervical cancer certainly die from it. 
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2.4. Over View Survival Models 

Proportional hazards modeling is the most frequently used type of the survival analysis 

modeling in many research areas, having been applied to topics such as smoking relapse 

(T. Ibrahim, 2009), affective disorders childhood family breakdown interruptions in 

conversation (Dress, 1986), and employee turnover and in medical areas for identification 

of important covariates that have as significant impact on the response of the interested 

variables. 

Cox semi-parametric method has been extensively used for modeling survival data. 

Actually, in the sciences, researchers lean to use Cox semi-parametric method instead of 

parametric methods to analyze survival data due to fewer assumptions in the use of Cox 

semi-parametric model. In some circumstances, however, parametric methods can provide 

more accurate estimates. Parametric models such as Weibull are accelerated failure time 

models. Weibull allows more flexibility than the Cox semi-parametric model because the 

associated hazard rate is not constant with respect to time (Zali MR. et al., 2011). The Cox 

Proportional Hazard model is the most popular technique to analyze the effects of 

covariates on survival time but under certain circumstances parametric models may offer 

advantages over Cox’s model. The results of data analysis using parametric models are, 

similar to the Cox regression. Although the Hazard Ratio in Cox and parametric models 

are approximately similar but Weibull and Exponential are the most favorable for survival 

analysis of the data (Datwyler, et al., 2011). 

 Moreover, characterizing the different survival distributions that correspond to different 

subgroups within a heterogeneous population is the objective of many studies. In a review 

of survival analyses in cancer journals, it was found that only 5 % of all studies used the 

Cox model with respect to checking the underlying assumptions. If this assumption does 

not hold, the Cox model can lead to unreliable conclusions. Therefore, the parametric 

models such as Lognormal, Weibull, Exponential and log logistic are the common options. 

These models provide the interpretation based on a specific distribution for duration times 

without need to proportional hazard assumptions (Pourhoseingholi et al., 2011). 
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According to the retrospective study in women’s records from Hospital in Malaysia, 

Factors that were considered in the analysis were ethnicity (non-Malay, Malay), lymph 

node involvement (negative, positive), metastasis (with metastasis, without metastasis), 

histology (squamous cell carcinoma, adeno cell carcinoma), primary treatment (surgery, 

radiotherapy and chemotherapy), age at diagnosis (<40, 40 – 59, ≥ 60) and stage (stage I & 

II, stage III & IV). The suitability of the Weibull model for the data was assessed using a 

plot of the log of the negative log of the estimated survivor function against log time or 

log-cumulative hazard plot.  

Univariate analysis was conducted using the simple Weibull regression analysis to identify 

the possible prognostic factors individually. Significant factors from the univariate 

analysis were further analyzed by the Weibull multivariate analysis to model the 

prognostic factors. Model selection procedure was based on the forward variable selection 

method with statistical significance set at Α = 0.10. The proportionality of the hazards was 

assessed using the test based on Schoenfeld .As the proportional hazard assumption was 

not satisfied, a stratified model was used instead and in measuring the goodness of fit of 

the model, deviance residuals were used. Survival data between groups were compared 

with the Log-rank test for univariate analysis and Cox regression analysis for multivariate 

analysis. The 90% confidence interval (CI) was calculated for the risk ratios for each of 

the significant prognosis (Chidiebere.M.I, 2009). 

Accelerated failure time models are an important alternative to the Cox proportional 

hazards model even though they have been rarely considered in the medical literature. 

(Chapman et al., 1992) applied four parametric survival models (Exponential, Weibull, 

Log logistic, and Log normal) to the effects of prognostic factors on breast cancer survival 

and concluded that the lognormal model provided the best fit to the data. (Royston, 2001) 

demonstrated the practical value of the lognormal AFT model in the analysis of survival 

times of breast and ovarian cancer patients. More recently, an AFT model has been 

implemented to analysis of the time to AIDS onset in the Women’s Interagency HIV 

Study (Komarek et al., 2004). 
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3. METHODOLOGY 

3.1. Study Area 

Tikur Anbessa Specialized Hospital is the biggest open Public referral Hospital in 

Ethiopia, with 800 beds, 201 doctors, 379 nurses, 115 other health professionals dedicated 

to providing health care services and 950 permanent and contract administrative staff to 

support the hospital activities. The hospital gives service to population of Addis Ababa 

city and its soundings majorly, but patients come to the hospital from all over Ethiopia. 

The hospital gives service as both inpatient and ambulatory follow up. The hospital’s 

oncology unit is one of which give service to both inpatient and ambulatory patients 

department which has 19 beds. It is staffed with eleven Specialists, twenty two general 

practitioners, eight bachelor’s degree nurses and fifteen diploma nurses (DHS, 2011).  

3.1.1. Study Population 

This is a retrospective study aims to determine the death pattern of CC based on hospital 

registry in TASH, Oncology Center. The population of this study was all CC patients who 

had been registered at TASH starting from 2003-2007 E.C.  All the data were carefully 

reviewed from the registration log book and patients’ registration card; if any inadequate 

information was countered it was checked from the file and excluded from analysis if 

proven to be inadequate. The cards are prepared by Federal Ministry of Health to be 

uniformly used by clinicians to early identify and document clinical and laboratory 

variables. Thus, the data were collected from patient follow up records based on the 

variable in the study. Data analyses were employed with the help of R statistical package 

and STATA software’s. 

3.1.2. Inclusion and Exclusion Criteria 

Inclusion Criteria 

All patients’ registered with full information including in the registration log book or in 

the patients’ identification card were considered to be eligible for the study. And also the 

patients should take cancer treatment at least one time in the Hospital. 
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Exclusion criteria 

Patients with insufficient information about one of the vital variables either in the 

registration book or in the card were not eligible. Also the patients’ lost from the study 

without starting any cervical cancer treatment was not included.  

3.1.3. Data Collection Procedure 

Ethical permission was obtained from the Oncology Department of the TASH. The 

hospital based data collected by trained enumerator and principal investigator. So this 

study incorporates secondary data. Data collection process was carried out in the time 

interval of 01-08- 2008 to 21-08- 2008 E.C. 

3.2. Variables in the Study 

3.2.1. Response Variable 

The response variable for this study is time to death of the women with cervical cancer. In 

survival analysis, the outcome of interest (death in this study) is the duration of time until 

event (death) occurs. The status variable is coded as 0 for censored and 1 for death. 

3.2.2. Explanatory Variable 

The predictor variables which are assumed to influence the survival of cervical cancer 

patients are given in the table below: 
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Table 3.1: Description of independent variables used in the analysis 

      Age 

    1=20-30 

    2=31-40 

   3=41-50 

     4=51-60 

     5=61-70 

    6=  >70 

Region 

1=Addis abeba 

2=Oromiya 

3=Amhara 

4=Tigray 

5=SNNPR 

6=Others 

Cycles of chemotherapy 

1=No chemo 

2=First cycle 

3=Second cycle 

4=Third cycle 

5=Fourth cycle 

Number of children 

    1=No child 

     2=1-4 

     3=5-8 

    4=9-12 

5=Above12 

Age  at marriage 

1=≤15 

2=16-20 

3=21-25 

 

Treatment taken 

1=Surgery 

2=Chemotherapy 

3=Radiotherapy 

4=Combination of two or 

three 

 Stage 

    1=I 

    2=II 

    3=III 

    4=IV 

Aim of radiotherapy 

1=no RT 

2=Palliative 

3=Radical 

 

Sexual partner 

1=None 

2=One 

3=Few 

4=Multiple 

Age at first birth 

     1=≤15 

    2=16-20 

     3=21-25 

      4=>25 

    5=Not give birth 

Smoking Status 

0=No 

1=Yes 

Recurrence 

0=No 

1=Yes 

Family History 

     0=No 

     1=Yes 

Family planning 

0=No 

1=Yes 

 

Abortion 

0=No 

1=Yes 

HIV status 

     0=No 

     1=Yes 
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3.3. Methods of Data Analysis 

3.3.1. Survival Data Analysis 

Survival analysis is a collection of statistical procedures for data analysis for which the 

outcome variable of interest is time until an event occurs. By time, mean years, months, 

weeks, or days from the beginning of follow-up of an individual until an event occurs. By 

event, we mean death, disease incidence, relapse from remission, recovery or any 

designated experience of interest that may happen to an individual. The problem of 

analyzing time-to-event data arises in several applied fields such as medicine, biology, 

public health, epidemiology, demography and etc. (Aalen et a.l, 2008). 

The use of survival analysis, as opposed to the use of other statistical method, is most 

important when some subjects are lost to follow up or when the period of observation is 

finite certain patients may not experience the event of interest over the study period. In 

this latter case one cannot have complete information for such individuals. These 

incomplete observations are referred to as being censored. Most survival analyses consider 

a key analytical problem of censoring. In essence, censoring occurs when we have some 

information about individual survival time, but we do not know the survival time exactly. 

The censoring used in this paper is right censoring. Survival time is said to be right 

censored when it is recorded from its beginning to a defined time before its end time. This 

type of censoring is commonly recognized survival analysis and also considered in this 

study. If the event of interest is not occurred before the final day of the study such types of 

censoring is called right censoring.  

In reality right censoring can occur due to the following reasons:  

1. Death from unrelated causes 

2. Loss of follow-up  

3. Termination of study 

The prospect of censoring complicates research design and complicates statistical analysis. 

Thus, censoring creates some unusual problem in the analysis of data because such data 

cannot be handled properly by standard statistical methods. Researchers will use different 

techniques to respond to the complication due to censoring unsatisfactorily. New 

developments in statistical theory accompanied by new development in statistical 

computing have changed how researchers can study such data.  
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The response variable in survival analysis is survival time and is no longer limited to only 

time to death. It is a non-negative random variable used loosely for the time period from a 

starting time point to the occurrence of any event. In this study context, survival times are 

the length of time of death after starting follow up in TASH. 

3.3.2. Survival Functions 

The survivor function is defined to be the probability that the survival time of a randomly 

selected subject is greater than or equal to some specified time. Thus, it gives the 

probability that an individual surviving beyond a specified time. Moreover, the 

distribution of survival time is characterized by three functions: 

i. The survivorship function 

ii.  The probability density function and 

iii.  The hazard function. 

Let T  be a random variable associated with the survival times, t  be the specified value of 

the random variable T and f (t) be the underlying probability density function of the 

survival time .T  

The cumulative distribution function F(t) ,which represents the probability that a subject 

selected at random will have a survival time less than some stated value t, is given by; 

  ( )     (     )    ∫  ( )  
 

 
           (1) 

The survivor functionS(t) , is given by; 

S(t) = P (T  ) = 1- F (t), t 0          (2) 

From equations (1) and (2) the relationship between F(t)  and S(t)  can be derived as 

f(t)= 
 

  
 ( )= 

 

  
(   ( ))   

  

  
S (t)        (3) 

3.3.3. Hazard Function 

The hazard function  h(t) the instantaneous potential for failing at time t, given that the 

individual has survived up to time t. In contrast to the survivor function, which focuses on 

failing, the hazard function focuses on not failing, that is, on the event occurring. (David 

et. al., 2005). 

The hazard function 0 h(t)  is given as; 
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By applying the theory of conditional probability and the relationship in equation (3), the  

hazard  function  can  be  expressed  in  terms  of  the  underlying  probability  density 

function and the survivor function becomes: 

 h(t) = 
 ( )

 ( )
 =  

 

  
   ( )        (4)                                                                                                      

The corresponding cumulative hazard function  H(t), is defined as: 

H(t)  =∫  ( )  
 

 
  -   ( )       (5)                                                                                                     

Then;  

h(t)S(t)= f(t) and  exp(-H(t))S(t)         (6)                                                                                        

3.4. Non-parametric Survival Methods 

Nonparametric analyses are more widely used in situations where there is doubt about the 

exact form of distribution. 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. These  

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

about  the  distribution  of  survival  time. Preliminary analysis of the data using non-

parametric methods provides insight into the shape of the  survival  function  for  each  

group  and  get  an  idea  of  whether  or  not  the  groups   are proportional, i.e., if the 

estimated survival functions for two groups are approximately  parallel (do not cross).  

3.4.1. Kaplan-Meier Product Limit Method 

The  Kaplan-Meier  (KM)  estimator  is  the  standard  non  parametric  estimator  of  the  

survival function,   S(t), proposed  by  Kaplan  and  Meier  (1958) which is not based on 

the actual observed event and censoring times, but rather on the  ordered  in  which  events  
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occur. Kaplan-Meier  estimator  incorporates  information  from  all  of  the  observations  

available,  both censored and uncensored, by  considering any point in time as a series of 

steps defined by the observed survival and censored times. When there is no censoring, the 

estimator is simply the sample proportion of observations with event times greater than t . 

The technique becomes  a little more  complicated  but  still  manageable  when  censored  

times  are  included. Let ordered survival times are given by 0  t1 t2 tj  , then:  

 ̂( ) ={
                

∏ ,  
  

  
-      
, if t t1        (7) 

Where; jd is the observed number of events at time jt  and jr is the number of individuals at 

risk at time jt . The Kaplan-Meier estimator, ̂(t)  is a step function with jumps at the 

observed event times. The size of the jump at a certain event time jt  depends on the 

number of events observed a t , as well as on the pattern of the censored event times  

before jt . The variance of the Product-Limit estimator is estimated by Greenwood‟s 

formula (Greenwood, 1926), and is given by; 

Var( ̂(t)) = , ̂( ) - ∑
  

  (     )
      

;  j= 1, 2, …, r     (8) 

Since the distribution of survival time tends to be positively skewed, the median is 

preferred for a summary measure. The median survival time is the time beyond which 

50% of the individuals under study are expected to survive, i.e., the value of t50 at  ̂(t50) 

=0.5.The estimated median survival time is given by t50=min {ti/ ̂(t)< 0.5}, where ti is the 

observed survival time for the i
th

 individual, i=1,2,…, n. in general, the estimate of the p
th

 

percentile is: 

 ̂(p) =min{ti/ ̂(t)< 1-
 

   
}         (9)   

A confidence interval for the percentiles can be obtained using delta method 

(Hosmer&Lemeshaw, 1999). 

The variance estimator for the p
th

 percetile is given by:  

Var[ ̂(t(p))] = (
  ̂( ( )

  ( )
) var(t(p))  = (-f(t(p)))

2
var(t(p))     (10) 
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The standard error of t(p) is given by: 

SE( ̂(p)) = 
 

 ( ̂( )) 
SE[ ̂(t(p))] 

The standard error of  ̂(t(p)) can be obtained by using Greenwoods formula 

 ̂(( ̂( )) = 
 ̂( ̂( ))  ̂. ̂( )/

 ̂( )  ̂( )
        (11) 

        

Where,  

 ̂(𝑝) = max[S(tj)    
 

   
  ] 

𝑙(𝑝) = min[S(tj)    
 

   
  ] 

Where, tjis the j
th

 ordered event time, j= 1,2,…, r.  

Then, the 95% confidence interval for t(p)is given by: 

 ̂(p) 1.96*SE( ̂(p))          (12) 

3.4.2. Log-Rank Test 

The simplest way of comparing the survival times obtained from two or more groups is to 

plot the Kaplan-Meier curves for these groups on the same graph. However, this graph 

does not allow us to say, with any confidence, whether or not there is a real difference 

between the groups. The observed difference may be a true difference, but equally, 

it could also be due merely to chance variation. Assessing whether or not there is a real 

difference between groups can only be done, with any degree of confidence, by utilizing 

statistical tests. Among the various non-parametric tests one can find in the statistical 

literature, the Mantel-Haenzel (1959) test, currently called the “log-rank” is the one 

commonly used non-parametric tests for comparison of two or more survival distributions. 

The log rank test statistic for comparing two groups is given by: 

              Q = 
,∑   (     ̂  )

 
 - 

∑   
  

  ̂  
     

        (13) 

where:  ̂    
     

  
  And   ̂    

        (      )

  
 (    )
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noi is the number at risk at observed survival time t(i) in group 0 

n1i is the number at risk at observed survival time t(i) in group 1 

niis the total number of individuals or risk before time t(i) 

d1i is the number of observed event in group 1 

di is the total number of event at t(i) 

k is number of groups in each category 

3.5. Semi parametric Comparison of Survival Distributions 

Semi parametric survival model asks fewer assumptions than typical parametric methods 

but more assumptions than those nonparametric methods. In particular, and in contrast 

with parametric models, it makes no assumptions about the shape of the so-called baseline 

hazard function. 

3.5.1. Cox PH Regression Model 

The non-parametric method does not control for covariates and it requires categorical 

predictors. When we have several prognostic variables, we must use multivariate 

approaches. One very popular model in survival data is the Cox proportional hazards 

model. The Cox proportional hazards (PH) regression model (introduced in a seminal 

paper by Cox, 1972), a broadly applicable and the most widely used method of survival 

analysis. Survival models are used to quantify the effect of one or more explanatory  

variables on failure time. This involves specification of a linear -like model for the log 

hazard. A model based on the exponential distribution may be parameterized as follows: 

ikkiii xxxxth   ...)/(log 22111
 

Equivalently; 

))(exp()...exp()/( '

22111 Xxxxxth ikkiii    

In this case the constant   represents the log-baseline hazard since )(log thi  when all 

the x’s are zero. The Cox PH model is a semi-parametric model where the baseline hazard 

)(t is allowed to vary with time. 
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ikkiii xxxtxth   ...)()/(log 22111
 

)...exp()()/( 221110 ikkiii xxxthxth    

)exp()()/( 0 T

ii Xthxth          (14) 

Where, )(0 th  is the baseline hazard function; iX is a vector of covariates and   is a vector 

of parameters for fixed effects. 

The corresponding survival function for Cox-PH model is given by: 

}exp{

0
1)]([),( i

p
i i X

tSXts
 


      (15) 

Where, )(0 tS  is the baseline survival function 

In this model, no distributional assumption is made for the survival time; the only 

assumption is that the hazards ratio does not change over time (i.e., proportional hazards) 

that is why this model is also known as semi -parametric model. Even though the baseline 

hazard is not specified, we can still get a good estimate for regression coefficients   , 

hazard ratio, and adjusted hazard curves. 

If all of the x’s are zero the second part of equation (12) equals 1 so, )()( 0 ththi  . For this 

reason the term )(0 th  is called the baseline hazard function. With the Cox proportional 

hazards model the outcome is described in terms of the hazard ratio. 

The measure of effect is called hazard ratio. The hazard ratio of two individuals with 

different covariates X and X is given by: 

)exp(()(

)exp()(

,

0

,

0










Xth

Xth
HR



         (16) 

This hazard ratio is time-independent, which is why this is called the proportional hazards 

model. The parameter of the Cox proportional hazard model refers to the hazard ratio of 

one group in comparison to the other groups for categorical covariates and change in 

hazard ratio with a unit change of the covariate for the continuous variables when other 

covariates are fixed. The change in hazard ratio for the continuous covariate is given by: 
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  (      )

  (    )
     (  )                  (17) 

Which represent change in the hazard when there is a unit change in the covariates while 

other covariate keeps constant. 

For categorical explanatory variable X with levels, the model contains )1( a dummy 

variables defined as 1iD ,if 1- a,…1,2, =ifor  otherwise 0 and ,iX  . Let 

121 ,...,, a denote the coefficient of the levels of dummy variables. The ratio of the 

hazard of two subjects, one with X  at level j and other with  1),-a ,…1,2, =k (j,k  

provided that the values of all other explanatory variables for this subject are the same, the 

hazard ratio between these two categories is given by: 

)exp(

)exp(

)/(

)/(

k

j

k

j

Dth

Dth




         (18) 

The quantity 
)exp(

)exp(

k

j



 100% signifies the ratio of hazard function for subject at level j and 

k of covariates, given that the effect of other covariate keeps fixed. 

Partial Likelihood Estimation for Cox PH Model 

Fitting the Cox proportional hazards model, we estimated andth )(0 . A more popular 

approach is proposed by Cox (1972) in which a partial likelihood function that does not 

depend on )(0 th  is obtained for β. Partial likelihood is a technique developed to make 

inference about the regression parameters in the presence of nuisance parameters )(0 th  in 

the Cox PH model. In this part, we construct the partial likelihood function based on the 

proportional hazards model.  

The data in survival analysis based on the sample size n are denoted by the triplet (Ti,    

Xi), i= 1, 2… n where   Ti is the time at which the thi individual experience the event (in 

this research context; death),    = 1 if the event has occurred,      if censored, Xi is the 

vector of covariate or risk factors for the thi  individual. 
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We assume; 

a. Given   Xi the life time and the censoring times are independent (non-informative 

censoring). 

b.      < … <   be the D ordered distinct event times 

c.   There are no tied event times. 

Let us define by; 

1. Ij is the identity of the individual who died at time    

2. Vj the time of the j
th

 failure at time    and all information about censoring in 

[       ] 

The observable data (Ti,    Xi) is represented by {Ij} and {Vj}. Hence;  

P(Data) = P({I1,V1,…,ID,VD}) 

                        = P({I1,V1}) x P({I2,V2}/ {I1,V1})x…x  P({ID,VD}/{ I1,V1,…,ID-1,VD-1 }) 

                       = ∏  (                       )
 
   x  (   *                 +) 

Due to the non-informative censoring, the second term does not add much information 

about the parameters . 

Hence, we de fine the partial likelihood as; 

        ( ) = ∏  (   *                     +)
 
    = ∏  (     )

 
    

Where,   is the "history" of the data, up to thj failure and including the failure time, but 

not the identity of the failing. 

At each failure, we note that the quantity  (     ) is the conditional probability that a 

specific individual fails at time    given all the individuals that had not fail before  . 

We denote by R(t) the set of all the individuals under study just prior to time t. 
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 (     )= P(individuals Ij fails  one individual fails in R(  ) ) 

              = 
 (                                   )

∑  (                           )   (  ) 
 

             = 
 (     )   

∑  (     )      (  )
 = 

  (  )    ( 
   )

∑   (  )   (  )
    (    )

  = 
    (    )

∑     (    )   (  )
 

We get the partial likelihood; 

        ( )   ∏
    (    )

∑     (    )   (  )

 
     (19)                                                                           

This is the partial likelihood defined by Cox. Note that, it does not depend on the 

underlying hazard function (.)h 0 . Cox  recommends treating  this  is  as  an  ordinary  

likelihood  for  making inferences about   in the presence of the nuisance parameter (.)h 0  

The likelihood function in equation (19) can be expressed by; 

        ( )   ∏ [
    (    )

∑     (    )   (  )
]

  
 
     (20)                                                              

The partial likelihood given by equation (20), although it describes only part of the data, 

could be regarded as a likelihood function allowing the estimation of β with standard 

procedures.   

In  general,  large  sample  properties  like  normality  and  consistency  of  maximum  

likelihood estimators  of  β  based  on  partial  likelihood  have  been  shown  to  be  the  

same  as  those  of  any estimator from complete likelihood (Hosmer&Lemeshow, 1999). 

3.5.2. Accelerated Failure Time (AFT) Model 

The accelerated failure time model (AFT) is an alternative to the PH model for the 

analysis of survival time data. Under AFT models we measured the direct effect of the 

explanatory variables on the survival time instead of hazard. This characteristic allows for 

an easier interpretation of the results because the parameters measure the effect of the 

correspondent covariate on the mean survival time. (Kalbfleisch and Prentice, 2002).The 

AFT model states that the survival function of an individual with covariate X at time t is 

the same as the survival function of an individual with a baseline survival function at a 
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time t*exp( ’X), where  ’= (  1,   2,…,   p) is a vector of regression  coefficients. In 

other words, the accelerated failure-time model is defined by the relationship: 

S(t X) =   *     (   )+, for all X       (25) 

Hereby we can consider on a log-scale of the AFT model with respect to time is given 

analogous to the classical linear regression approach. In this approach, the natural 

logarithm of the survival time Y =log (T) is modeled. This is the natural transformation 

made in linear models to convert positive variables to observations on the entire real line. 

A linear model is assumed for Y; 

Y = log(T)=          

 where: ’ = (  1,   2…   p) is a vector of regression coefficients 

    = intercept 

   = is scale parameter and  

    = is the error distribution assumed to have a particular parametric 

distribution. When we denote by S0 the survival function when X = 0 then we find that 

P(T> t  X)= P(Y>log(t) X) 

   = P {         ( )       } 

  = P {exp (    ) > t*exp (    ) X} 

      {t*exp(    )} 

The effect of the covariates on the survival function is that the time scale is changed by a 

factor exp (    ), and we call this an acceleration factor. 

We note that when  

 exp (    ) > 1  the survival process accelerates. 

 exp (    ) <1  the survival process decelerates. 

If X is an indicator variable, this is equivalent to 
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  > 1   Time shrinks 

  < 1   Time accelerates  

For each distribution of    there is a corresponding distribution for T. The members of the 

AFT model considered in this study are theWeibull AFT, Exponential AFT, Log- logistic 

AFT, and Log-normal AFT models. The AFT models are named for the distribution of T 

rather than the distribution of log T. This model can be related to the accelerated failure-

time model representation (19) as in. The survival function of Ti can be expressed by  

Si(t) = P(Ti t) 

= P (log (Ti)   log (t)) 

= P (Yi  log (t)) 

= P(             ( )) 

= P.   
          

 
/ =    .

     (     )

 
/      (26)        

Exponential AFT Model 

For the time data and skewed to the right and with distribution of the time is exponentially, 

the time of survival for covariates matrix X, which is called, accelerated failure time, 

expressed as:  

)'exp(   XT         (27)                     

This model can be transformed by taking the natural log of each side of the equation as: 

  XT 'ln          (28)      

where  is the error component and  ′=( 𝑜, 1,…, 𝑘). 

The exponential model ( ~exp ( )) is the simplest parametric model and assumes a 

constant risk or hazard over time, which reflects the property of the distribution 

appropriately called “lack of memory”. The survivorship function may be obtained by 

expressing in terms of time as: 

)exp(),(
'X

tetS
                   (29) 
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The hazard function of the Exponential regression model is:  

))'(exp(),( XXth         (30) 

The exponential regression model for the k covariates and   h individual is expressed as:                

)...exp(),( 1100 ikkiii xxhXth                 (31) 

For the Exponential regression survival models the hazard ratio, with one unit increase in 

covariate    while other covariates being held fixed, at a time t is  𝑅(  ) = 
−  . 

Weibull AFT Model 

The  Weibull distribution  (including  the  Exponential  distribution  as  a  special  case)  

can be parameterized as an AFT model and they are the only family of distributions to 

have this property. The results of fitting a Weibull model can therefore be interpreted in 

either framework (Klein &Moeschberger, 2003). Then the Weibull distribution is very 

flexible model for time-to-event data. It has a hazard rate which is monotone increasing, 

decreasing, or constant.  

From equation (19), the AFT representation of the survival and hazard function of the 

Weibull model with scale parameter and shape parameter is given by: 

f( , , ) =































 



 tt
exp

1

, where μ > 0 and α > 0                        (32)   

And the baseline hazard of this model for the  th subject is  

ho (ti;X) = 

1













 t
                             (33) 

Independent observation (  ,  ),  =1,2,…,𝑛 with survival time   , and censoring indicator    

which has value of one if  th observation is not censored and zero when the   h 
observation 

is censored and let   be the unknown parameter. The likelihood function is             
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Modeling time-to- death of Women with Cervical Cancer  Page 32 
 

Reparameterizing the Weibull distribution using 𝜆= −  then h𝑜= 𝜆   −1 
would be the 

baseline hazard function. Now incorporate covariates matrix X in the hazard function the 

Weibull regression model becomes:  

h (  ; ) =𝜆   −1  𝑝 (  )             (35)  

The model assumes that individuals’   and 𝑗 with covariates   𝑎𝑛  𝑗 have proportional 

hazard functions of the form:  

))exp((
)exp(

)exp(

);(

);(





ji

j

i

j

i XX
X

X

Xth

Xth
       (36)  

 

The quantities exp (β) can be interpreted as hazard ratios. 

A different parameterization is used with intercept 𝑣 and scaled parameter   and covariate 

effects 𝛾𝑗 having relationship with original parameterization as  =−𝛾𝑗/ ,  = −1
 

and =exp(𝜈).   

Log-logistic AFT Model 

The log-logistic distribution has a fairly flexible functional form, it is one of the 

parametric survival time models in which the hazard rate may be decreasing, increasing, as 

well as hump shaped that is it initially increases and then decreases. In cases where one 

comes across to censored data, using log-logistic distribution is mathematically more 

advantageous than other distributions. According to the study of (Gupta et al., 1999), the 

Log-logistic distribution is proved to be suitable in analyzing survival data conducted by 

Cox (1972), Cox and Oakes (1984), Bennet (1983).The cumulative distribution function 

can be written in closed form is particularly useful for analysis of survival data with 

censoring (Bennett, 1983). The Log-logistic distribution is very similar in shape to the 

Log-normal distribution, but is more suitable for use in the analysis of survival data. The 

log-logistic model has two parameters ¼ and ½, where ¼ is the scale parameter and ½ is 

the shape parameter (Bennett, 1983). 

Its pdf is given by; 

f (t) = 
      

(     ) 
        (37)          

The corresponding survival and hazard functions respectively are given by; 
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S(t) = 
 

     
          (38)                                                                                                            

h(t) =  
      

     
         (39)                                                                                                                 

Where;  𝜆  𝑅     

When    1, the hazard rate decreases monotonically and when  > 1, it increases from 

zero to its maximum point and then decreases to zero. 

Suppose that the survival times have log-logistic distribution with parameter 𝜆 and , under 

the AFT model, the hazard function for the i
th

 individual is  

  (   )=   .   𝑝(  
   )/     (  

   )=  
    (( )    (     )

     ( )*    (     +
 
   (40)                                

The Log-logistic AFT model with a covariate x may be written as; 

Y= logT=  +     +  , where;     (             );  has standard logistic distribution. 

The survival with covariate x is given as follows: 

  (   ) = 
 

       (   )  
 = 

 

      (        )
      (41)                                                                

  (   )= 
          (   )

       (   )  
 = 

          (   )

      (         )
     (42)                                                                

To interprete the factor exp(   ) for log-logistic model, one can notice  that the odds of 

survival beyond time t for log-logistic model is given by 
  ( )

    ( )
. 

We can see that the log-logistic distribution has the proportional odds (PO) property. So this 

model is also a proportional odds model, in which the odds of an individual surviving 

beyond time t are expressed as: 

  ( )

    ( )
 = exp (-   )

  ( )

    ( )
        (43)                                                                                           

The factor exp (-   ) is an estimate of how much the baseline odds of survival at any time 

changes when individual has covariate x. And exp (   ) is the relative odds of 

experiencing the event for an individual with covariate x relative to an individual with the 

baseline characteristics. As this representation of Log-logistic regression is as accelerated 
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failure time model with a log logistic baseline survival function, then the Log logistic 

model is the only parametric model with both a proportional odds and an accelerated 

failure-time representation.  

If Ti has a Log-logistic distribution, then    has a Logistic distribution. The survival 

function of Logistic distribution is given by: 

   ( ) = 
 

      ( )
         (44)                                                                                                           

Then, the AFT representation of Log-logistic survival function is given by  

  ( ) =0   
 

     .
      

 
/1

  

       (45)                                                                    

And the associated hazard function for the i
th

 individual is given by 

  ( ) = 
 

  
0   

  

     .
      

 
/1

  

      (46)                                                                        

If the plot of log0
   ( )

 ( )
1against log(t) is linear , the Log-logistic distribution is appropriate 

for the given data set. 

Log-normal AFT Model 

If the survival times are assumed to have a Log-normal distribution, the baseline survival 

function and hazard function are given by: 

  ( )= 1- .
      

 
/ ,   ( ) = 

 .
    

 
/

0   .
    

 
/1  

     (47)       

Where   and   are parameters,  ( ) is the probability density function and  ( ) is the 

cumulative density function of the standard distribution. The survival function for the i
th

 

individual is  

  ( ) =   (    ) =   (      ( +     )) = 1-  .
           

 
/   (48)                                                  

Where   = exp(    +     …+    ). Therefore the log survival time for the i
th

 individual 

has normal ( +     ,  ). The log normal distribution has the AFT propoerty. 
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In a two group study: we can easily get 

   ,   ( )- =  
 

 
(𝑙𝑜         ), where xi is the value of a categorical variable which 

takes the value 0 in one group and 1 in the other group. This implies that the plot      ,  
 ( )- against log (t) will be linear if the lo-normal distribution is appropriate for the given 

data. 

 Parameter Estimation  

Parameters of AFT models can be estimated by maximum likelihood method. The 

likelihood of n observed survival times, t1, t2, t3…tn, the likelihood function for right 

censored data is given by: 

L(     ) = ∏   (  )
   

     *  (  )
    (49) 

Where fj(tj) the density function of the i
th

 individual at time ti, Si(ti) is the survival function 

of the i
th

 individual at time ti,    is indicator variable. The logarithm of the above equation 

yields; 

log L(     ) = ∑ *   𝑙𝑜 (      𝑙𝑜   (  )  (    )𝑙𝑜   (  ))+
 
    (50) 

Where, Wj =2𝑙𝑜    
                 

 
3 , Z= {zji} is vector of covariates for the j

th
 subject. 

The maximum likelihood parameters estimates are found by using Newton-Raphson 

procedure  

3.4.7. Model Development 

The methods of selecting a subset of covariates in a PHs regression model are essentially 

similar to those used in any other regression models. The most common methods are 

purposeful selection, step-wise (forward selection and backward elimination) and best sub-

set selections. Survival analysis using Cox regression method begins with a thorough 

univariate analysis of the association between survival time and all important covariates 

(Hosmer and Lemeshow, 1999) 

Recommendable procedure in selecting variables in the study  

According to Hosmer and Lemeshow (1998), it is recommended to follow the steps given 

below.  

1. Include all variables that are significant in the univariate analysis at relaxed level and 

also any other variables which are presumed to be clinically important to fit the initial 

multivariable model. 
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 2. The variables that appear to be important from step one are then fitted together in a 

model. In the presence of certain variables others may cease to be important. As a result, 

backward elimination is used to omit non-significant variables from the model. Once a 

variable has been dropped, the effect of omitting each of the remaining variables in turn 

should be examined. 

 3. Variables, that were not important on their own, and so were not under consideration 

in step 2, may become important in the presence of others. These variables are therefore 

added to the model from step 2, with forward selection method. This process may result 

in terms in the model determined at step 2 ceasing to be significant. 

3.5. Model Selection  

Akaikie (1974) proposed an information criterion (AIC) statistic to compare different 

models and/or models with different numbers of parameters. For each model the value is 

computed as:  

AIC = −2LogL+2(k+c+1)         (51)                                                  

Where k is the number of covariates and c the number of model specific distributional 

parameters. The preferred model is the one with the lowest value of the AIC. 

3.6. Model Assessment 

Every step during model fitting uses the upcoming statistical procedures and later at the 

end we will check all the assumptions needed for the model. Some of the statistical 

procedures that are used to assess the final model are: 

3.6.1. Testing the Assumption of PH Model 

The proportional hazards assumptions are vital to use in a fitted proportional hazards 

model. Variable adds significant information. If the newly added variable is not 

significant, it can be taken as the assumptions of the proportional hazard assumptions are 

satisfied. The method of checking the assumption of the Cox proportional hazards model 

is scatter plots using the Schoenfeld residual (Schoenfeld, 1982). The residuals constructed 

for each covariate that are included in the model which are expected to predict the death 

time of Women with cervical cancer. Under the proportional hazard assumption for the 

respective covariate, a scatter plot of Schoenfeld residuals against event times is expected 

to scatter in a nonsystematic way about the zero line, and the polygon (Lowess curve) 
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connecting the values of the smoothed residuals should have a zero slope and cross the 

zero line several times (Klein &Moeschberger., 2003). If this plot shows some trend the 

assumption is violated, where as if the plot demonstrates randomly distributed around the 

reference line then the assumption is satisfied. 

3.6.2. Checking the Adequacy of Parametric Baselines 

The graphical methods can be used to check if a parametric distribution fits the observed 

data. Model with the Weibull baseline has a property that the log (-log(S(t)) is linear with 

the log of  time,  where  S(t)  =  exp(-λt
ρ
).  Hence, log(-log(S(t)))  =  log(λ)  + ρlog(t). This 

property allows a graphical evaluation of the appropriateness of  a Weibull model by 

plotting  log(–log( ̂(t)))  versus  log(t)  where  ̂(t) is  Kaplan-Meier  survival  estimate 

(Datwyler and Stucki, 2009). 

The log-failure odd versus log time of the Log-logistic model is linear.  Where the failure 

odds of Log-logistic survival model can be computed as: 

   ( )

 ( )
= 

   

     

 

     

 = 𝜆  .                                                                          (52) 

Therefore, the log-failure odds can be written as: 

Log (
   ( )

 ( )
) = log (𝜆  ) = log (𝜆) + log (t).                                       (53) 

Therefore  the  appropriateness  of  model  with  the  Log-logistic  baseline  can  

graphically  be evaluated  by  plotting  log(
 ̂( )

   ̂( )
) versus  log(time)  where   ̂( ) is  

Kaplan-Meier survival estimate (Datwyler and Stucki, 2011). If the plot is straight line, 

log-logistic distribution fitted the given dataset well. If the plot      ,   ( )-against log 

(t) is linear, the Lo-normal distribution is appropriate for the given data set. 

3.6.3.  Quantile Quantile Plot 

A  quantile-quantile  or  q-q  plot  is  made  to  check  if  the  accelerated  failure  time  

model provides an adequate fit to the data.  The plot is based on the fact that, for  the 

accelerated failure-time model, 
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S1(t) = S0(  t)                                                                                      (54) 

Where  S0  and  S1  are  the  survival  functions  in  the  two  groups and    is  the  

acceleration factor. Let top and t1p be the p
th

 percentiles of groups 0 and 1, respectively, 

that is: 

tkp=sk
-1

(1-p), k=0,1.       (55) 

Using the relation S1(t) = S0(  t), we must have so(top) = 1-p = s1(t1p) = so(  t1p) for all t. If 

the accelerated failure time model holds,  top =   t1p. To check this assumption we compute 

the  Kaplan–Meier  estimators  of  the  two  groups  and  estimate  the  percentiles  t1p,  t0p,  

for various  values  of  p.  If  we  plot  the  estimated  percentile  in  group  0  versus  the  

estimated percentile in group 1 (i.e., plot the points  t1p, t0p  for various values of  p), the 

graph should be a straight line through the origin, if the accelerated failure time model 

holds. If the curve is  linear,  a  crude  estimate  of  the  acceleration  factor     is  given  

by  the  slope  of  the  line (Klein, 2003). 

3.6.4. Using Residual Plots 

For the parametric regression problem, analogs of the semi parametric residual plots can 

be made with a redefinition of the various residuals to incorporate the parametric  form of 

the baseline hazard rates (Klein, 2003). The first such residual  is the Cox–Snell residual 

that provides a check of the overall fit of the model.  

The Cox–Snell residual, rj, is defined by:   

rj  =  ̂(      )(56) 

where  ̂ is  the  cumulative  hazard  function  of  the  fitted  model.  If  the model fits the 

data, then the rj’s should have a standard (λ =1) exponential distribution, so that a hazard 

plot of  rj  versus the Nelson–Aalen estimator of the cumulative hazard of the rj’s should 

be a straight line with slope 1.  
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3.7. Ethical Consideration 

The Research Ethics Review Board of Jimma University has provided an ethical clearance 

for the study. The data was brought from Tikur Anbessa Specialized Hospital, and to do so 

the department of statistics asked to write an official co-operation letter to the Hospital 

from where data was obtained. The study conducted without individual informed consent 

because it relied on retrospective data. In this research, the information obtained from log 

book and patients’ card kept secured. 
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4. RESULTS AND DISCUSSION 

4.1. Descriptive Statistics 

The study intended to find the determinant risk of the time to death of women with 

cervical cancer at TASH on those patients who started their treatment from the year 2003 

E.C and followed up to 2007. The time interval between screening and death was an 

interest of this research paper. The minimum observed event time was 6 months and the 

maximum was 60 months. In this study only those who took the cervical cancer treatment 

at least one time in the hospital were included. A total of 907 cervical cancer patients 

fulfilling the inclusion criteria were considered. After the medical cards of women were 

reviewed among those patients of cervical cancer 349 (38.48%) died and the remaining 

558 (61.52%) were censored 

As shown in Table 4.1 in appendix of total patients 33.19%, 32.75%, 21.28%, 3.42%, 

6.5% and 2.87%lived in Addis Ababa, Oromiya, Amhara, Tigray, SNNP and others 

regions respectively. The death proportion of patients who lived in Addis Ababa, Oromia, 

Amhara, Tigray, SNNPR and others region were41.83%, 27.79%, 18.62%, 2.58%, 5.73% 

and 2.87% respectively. Similarly in considering age groups of the patients, 

3.2%,16.87%,28.34%,31.97%,16.43% and 3.2% were in the age groups of 20–30, 31–

40,41-50, 51-60, 61-70 and > 70 respectively. The death proportion of the patients for the 

age classes 20-30, 31–40, 41-50, 51-60, 61-70 and > 70 were 2.58%, 8.60%, 15.19%, 

44.41%, 25.79% and 3.44% correspondingly. Of the total patients 13.56%were smokes 

cigarette. Death proportion of smoker’s was 23.21%. In this study 14.33% of patients 

experienced recurrence of cervical cancer. The death proportions for those patients 

experienced recurrence of cervical cancer was 19.77%. 

Out of the total patients, 5.4% were at stage I, 30.54% were at stage II, 53.14% were at 

stage III and 11.14% patients were at stage IV. The death proportions of stage I, stage II, 

stage III and stage IV patients were 5.44%, 25.79% 54.15% and 14.65% in that order. In 

parity case, there were 1.43%, 43%, 23.93% and 31.64% women were with no child, 1-4 

children, 5-8 children, 9-12 children and >12 children respectively. The death proportion 

among no child,1-4 children, 5-8 children, 9-12 children and above 12 children were 

0.86%, 26.07% , 23.21% and 49.86%, respectively. From those patients who came to be 

treated 0.66% have not took radiotherapy, 65.49% took palliative radiotherapy and 

33.85% took radical radiotherapy treatment of this 0.36%, 68.77%, 30.09% died 
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correspondingly. Among the women were included in the study, 0.55% took surgery, 

0.55% took chemotraphy, 76.85% took radiography and 22.05% took Combination of two 

or three. The death proportion of patients who took surgery, chemotraphy, radiography 

and Combination of two or three were 1.15%, 0.57%, 74.21% and 24.07% in that order. 

Furthermore, 29% of the women had experience of using contraceptive. The death 

proportion for patients had family planning history was 32.66%. 

Besides out of the total patients 26.65% had history of abortion. The death proportion of 

patients who had history of abortion was 26.65%. Moreover, 28% patients were living 

with HIV AIDS. Death proportion of HIV positive patients were 33.81%.Considering the 

women’s age at marriage60.75%, 35.39% and 3.86% patients were married at age ≤15, 

16-20 and 21-25 years respectively. The death proportion of the married patients at age 

≤15, 16-20 and 21-25 years were 67.62%, 37.63% and 0 .57% respectively. Based on 

Table 4.1 in the appendix 39.25%, 44.87%, 12.24% and 1.32% patients gave first birth at 

age of ≤15, 16-20,21-25and >25 respectively while 2.32% patients not giving birth up to 

the study ends. The proportion of death were 48.14% for those women give birth at age of 

≤15 years, 38.97% for those women give birth at age of 16-20 years,9.74% for those 

women give birth at age of 21-25, 1.72% for those give birth at age of >25 and 1.43% for 

those women not giving birth until the study ends. 

4.2. Non-parametric Survival Analysis 

4.2.1. The Kaplan- Meier Estimate of Time-to-death of CC Patients 

Non-parametric survival analysis is very important to visualize the survival of time of 

cervical cancer patients in TASH under different levels of the covariates. Moreover, it 

gives information on the shape of the survival and hazard functions of cervical cancer 

patients’ data set. Survival time distributions for time-to-death is estimated for each group 

using the K-M method and in order to compare the survival curves of two or more groups, 

log-rank test has been employed. 

The estimated mean survival time and 95% confidence interval for survival time of 

women with cervical cancer with different covariates characteristics are summarized in 

table 4.2 in the appendix. The mean survival time of cigarette smoker women were 16 

months with [95% CI: 13.70, 27.83] which was less than that of non-smoker 

women35months with its [95% CI: 31.00, 42.68]. The mean survival time for patients had 

no family history of cervical cancer was greater than had family history 33 and 24 months 
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respectively. The mean survival times of patients live with HIV were less than HIV 

negative patients which is24 and 38 months respectively.  The overall mean survival time 

of cervical cancer patients in TASH is 26 month with 95% CI [24.01, 27.34].  

Table 4.3: Log Rank Tests of Each Covariate 

Covariates Chi square Df P-values 

Age 101.83 5 0.00 

Smoking 49.88 1 0.00 

Region 29.32 5 0.00 

Recurrence 8.45 1 0.004 

Stage 65.08 3 0.00 

cycles of chemo 8.89 4 0.07 

Sexual partner 70.29 3 0.00 

Aim of radiotherapy 31.80 2 0.00 

Family history 26.98 1 0.00 

Treatment taken 0.79 3 0.85 

Number of children 56.67 4 0.00 

 Family planning 5.21 1 0.22 

Abortion  13.52 1 0.02 

HIV status  12.59 1 0.04 

Age at marriage 15.04 2 0.05 

Age at first birth 13.24 4 0.01 

DF=degree of freedom 

4.2.2. Survival Time-to-Death for Different Groups of Covariates 

The Kaplan-Meier survivor estimators for age category plotted in Figure 4.1 in Appendix 

shows patients with age group 31-40 and 41-50 have better survival prognosis when 

compared to other age group. The log-rank test also illustrated that, there were significant 

differences among age categories with respect to survival probability (p=0.00). According 

to the log rank test in Table 4.2 regions were statistically significant in estimating the 

survival time of cervical cancer. Similarly KM curves Figure 4.1 appendix, showed 

patients from Tigray and Oromiya had better survival prognosis when compared to the 

remaining Regions. 

According to Figure 4.2, survival probability was higher for patients who had no 

experienced recurrence than those had experienced recurrence. Also the log-rank test in 



Modeling time-to- death of Women with Cervical Cancer  Page 43 
 

Table 4.2 demonstrated significant difference between patients who had experienced 

recurrence of cervical cancer and do not experienced (p=0.0036) at 5% level of 

significance. 

 

Figure 4.2: K-M survival time plot by Recurrence and Smoking status of CC patients 

KM curve in the above Figure indicates nonsmokers had higher survival time than smoker. 

The log rank test also revealed that smoking cigarettes had significant association with 

survival time of women (p=0.00) at 5% level of significance Similarly Figure 

4.3emphasized that the survival of time of stage III and stage IV women is shorter than 

Stage I and Stage II women. The result of the log rank test is also revealed the difference 

is significant (p=0.00) at 5% level of significance.KM curve for number of sexual partner 

in appendix showed patients had only one sexual partner survived batter than patients had 

≥1 sexual partners. Statistical test using log-rank in Table 4.2 also shows that difference 

was significant (p=0.00) at 5% level of significance. 

The other categorical variable included in the study was treatment taken; a Kaplan-Meier 

survivor estimate for this covariate was plotted in Figure4.4 in appendix. This Figure 

implied that the risk of death due to cervical cancer for women who took any treatment 

significantly had a similar survival probability (no survival difference). The log rank test 

in Table 4.2 also demonstrate treatment taken had no significant association to survival 

time of women (p=0.853) at 5% level of significance.KM curve for number of children in 

appendix estimates the patients who had 1-4 and 5-8 children were slightly higher than 

other. The log rank test in Table 4.2 also demonstrate number of children had significant 

association to survival time of women (p=0.00) at 5% level of significance. 

0
.0

0
0
.2

5
0
.5

0
0
.7

5
1
.0

0

S
u
rv

iv
a
l 
P

ro
b
a
b
li
ty

0 20 40 60
Time ( Month)

No Yes

Kaplan Meier for Reccurence of the CC

0
.0

0
0
.2

5
0
.5

0
0
.7

5
1
.0

0

S
u
rv

iv
a
l 
P

ro
b
a
b
lit

y

0 20 40 60
Time ( Month)

No Yes

Kaplan Meier for Smoking Status of the CC Patients



Modeling time-to- death of Women with Cervical Cancer  Page 44 
 

The survival time plot by aim of radiotraphy is given in Figure 4.5. This plot showed that 

the risk of death of women with cervical cancer is similar for all group for the first few 

months. But the a little difference becomes visible at the middle of the curve and becomes 

similar at the end of the curve. The result of the log rank test Table 4.2also support the 

significance of this difference (p=0.00) at 5% level of significance. According to the 

survival time plot by chemotraphy cycles Figure 4.5 (in the appendix) the risk of death for 

women who had different cycles of chemotraphy were the same. The log rank test in Table 

4.2 also revealed that Chemotraphy cycles had no significant association to survival time 

of patients (p=0.0638) at 5% level of significance. Comparing the survivor function 

between family histories of cervical cancer, Kaplan-Meier survival estimates for the two 

groups are plotted in Figure 4.6.This Figure shows that patients who had no family history 

of cervical cancer had higher survival probability than those who had family history of 

cervical cancer. The log rank test in Table 4.2 also demonstrated that family history had 

significant association with survival time of patients (p=0.00) at 5% level of significance. 

 

Figure 4.6: K-M plot of survival time by Family History and Family Planning Statusof 

cervical cancer patients 

The survival time plot by family planning status is given in Figure 4.6. This plot showed 

that the risk of death is slightly different for patients who had history of family planning 

and no family planning history. But the log rank test in Table 4.2 demonstrated that family 

planning had no significant association to survival time (p=0.224) at 5% level of 

significance. The survival time plot of by history of abortion was also given in Figure 4.7 

in appendix. This plot showed that the risk of death is different for patients who had 

history of abortion and had no abortion history. The log rank test also revealed that 
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abortion history had significant association with survival time of women (p=0.0002) at 5% 

level of significance. 

The survival time plot by HIV status is given in Figure 4.7 in appendix. This plot showed 

that the risk of death was different for patients who were living with HIV AIDS and free 

from HIV. The log rank test in Table 4.2 also showed HIV status was significant 

association with survival time of women (p=0.04) at 5% level of significance. The 

survival time plot by age at marriage is given in Figure 4.8 (in appendix). This plot 

showed that the risk of death of women slightly different for all group for the first few 

months. The result of the log rank test in Table 4.2 also support the significance of this 

difference (p=0.05) at 5% level of significance. The survival time plot by age at first birth 

is given in Figure 4.8 in appendix. This plot showed that the risk of death is slightly 

similar for all age group patients. But the log rank test in Table 4.2 demonstrated that age 

at first birth had significant association to survival time of women (p=0.01) at 5% level of 

significance. 

4.3. Semi-Parametric Cox PH 

4.3.1. Univariate Analysis 

In any data analysis it is always a great idea to do some univariate analysis before 

proceeding to more complicated models. Single covariate Cox proportional hazards model 

analysis is an appropriate procedure that is used to screen out potentially important 

variables before directly included in the multivariate model. The relationship between 

each covariates and survival time of cervical cancer patients are presented in table 4.3in 

appendix. As shown from this table, survival of the patients is significantly related with 

age, smoking, region, recurrence, stage, family history, number of children, number of 

cycles patients took chemotraphy, family planning, abortion history, and HIV status, age 

at marriage and age at first birth at 10% level of significance. 

4.3.2. Multivariate Analysis  

Result presented in Table 4.4 indicate the parameter estimates of coefficients for the 

covariates in the final model along with the associated standard error, Wald statistic, 

significance level, hazard ratio and 95% confidence interval for the hazard ratio. 

According to Table 4.3 in appendix the predictor’s such as age, smoking, region, 

recurrence, stage, family history, number of children, number of cycles patients took 
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chemotraphy, family planning, abortion, HIV status, age at marriage, age at first birth 

passed the first filtration of variables for multiple covariates analysis and then forward 

Stepwise variable selection method was used to select the important variables to be 

included in Cox proportional hazards model. In order to decide whether or not a variable is 

significant, the p-value associated with each parameter has been estimated and variables 

that have p-value less  than or equal 0.05 cut point or 5% significance level are considered 

as important variables and hence, are included in the final model. 

Table 4.4: Multivariate Analysis of Cox Proportional Hazards with time to event of patients. 

Covariates Category 



 SE Wald Sig. HR 95% CI for  HR 

        

 

Age 

20-30 

31-40 

41-50 

51-60 

61-70 

>70 

Ref 

0.60 

-0.50 

0.74 

1.02 

0.62 

 

0.39 

0.37 

0.35 

0.36 

0.45 

 

2.38 

1.80 

4.36 

7.94 

1.84 

 

0.123106 

0.180234 

0.036667* 

0.004842** 

0.04631* 

 

0.55 

0.61 

2.09 

2.77 

1.85 

 

[0.256,  1.177] 

[0.291,  1.261] 

[1.047,  4.182] 

[1.364,  5.626] 

[1.761,  4.498] 

Smoking 

Status 

nonsmoker 

Smoker 

Ref 

0.67 

 

0.14 

 

22.8 

 

1.79e-06 *** 

 

1.96 

 

[1.485,  2.574] 

 

 

 

Region 

Addis 

Ababa 

Oromiya 

Amhara 

Tigray 

SNNPR 

Others 

Ref 

-0.50 

-0.29 

-0.63 

-0.30 

-0.39 

 

 

0.14 

0.15 

0.36 

0.25 

0.31 

 

 

13.88 

3.53 

3.16 

1.47 

1.63 

 

 

0.000262*** 

0.060420
.
 

0.075604
.
 

0.225600 

0.201729 

 

0.61 

0.75 

0.53 

0.74 

0.68 

 

 

[0.468, 0.795] 

[0.554, 1.013] 

[0.264,  1.068] 

[0.457,  1.203] 

[0.370,  1.233] 

 

 

 

Stage 

I 

II 

III 

IV 

Ref 

0.13 

1.06 

 

0.26 

0.26 

 

0.26 

16.96 

 

0.610659 

3.75e-05*** 

 

1.14 

2.89 

 

[0.683,  1.913] 

[1.743,  4.774] 
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1.78 0.29 38.24 6.26e-10** 5.91 [3.366,10.384] 

Family 

History 

No 

Yes 

Ref 

0.60 

 

0.14 

 

19.15 

 

1.21e-05*** 

 

1.82 

 

[1.390,  2.370] 

Abortion No 

Yes 

Ref 

0.67 

 

0.13 

 

27.38 

 

1.67e-07*** 

 

1.96 

 

[1.521,  2.514] 

HIV 

status 

No 

Yes 

Ref 

0.44 

 

0.12 

 

13.12 

 

0.000292*** 

 

1.55 

 

[1.222,  1.961] 

 

 

age at 

first birth 

≤15 

16-20 

21-25 

>25 

Not give 

birth 

Ref 

-0.22 

-0.08 

1.01 

-1.38 

 

0.12 

0.20 

0.43 

0.46 

 

3.33 

0.12 

5.63 

8.33 

 

0.074422
.
 

0.669228 

0.017071* 

0.002913** 

 

0.81 

0.92 

2.76 

0.25 

 

[0.636,  1.022] 

[0.625,  1.352] 

[1.198,  6.334] 

[0.102,  0.625] 

SE=Standard Error, DF=Degree of freedom, HR= Hazard Ratio, CI=Confidence Interval, 

Ref. Reference 

In final model the survival time of women with CC was significantly affected by age, 

smoking status, region, stage, family history, abortion, HIV status and age at first birth. 

The values of the Wald statistic for individual 
i



coefficients support that the estimated 

values 
i

 were significantly different from zero at α= 5% level of significance. 

4.3.3.  Statistical Tests for Proportional Hazards Model Assumptions 

Goodness of fit testing approach is appealing because it provides a test statistic and p-

value for assessing the PH assumption for a given predictor of interest. rho is a relation 

between time and residuals. The test of correlation (rho) is insignificant that indicates 

proportional hazards assumption is fulfilled. The P-values given in the Table 4.5 provide 

goodness-of-fit tests for each variable in the fitted model adjusted for the other variables in 

the model are quite high for variables Age, Smoking status, region, family history, HIV 

status, abortion history and age at first birth, suggesting that all the listed variables satisfy 

the PH assumption. But variable stage not satisfies the PH assumption. Moreover it is also 
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possible to see its global test and if it is greater than 0.05 the assumption have satisfied by 

the covariates in the model. In this study the global test is less than 0.05 the assumptions 

do not satisfied by the covariate in the model.  

Table 4.5: Test of proportional hazards assumption 

                      Chisq= chi-squared, DF=degree of freedom 

The scatter plots of Scaled Schoenfeld residuals in appendix also used to check PH 

assumption.  If the PH assumption is met, Schoenfeld residuals should look horizontal 

since the scaled Schoenfeld residuals would be independent of survival time. The plot of 

stage against survival time was also slightly downward (not horizontal). These also 

revealed that there is a violation of the proportional hazard assumption for the covariate 

stage. Thus, we doubt the accuracy of the PH assumption and consider the AFT model for 

this data set. 

4.4. Accelerated Failure Time Model 

When PH assumptions were not satisfied, the parametric AFT model should be used 

instead of the Cox model. Since the p value of the goodness of covariates were significant 

for the variable stage. In this case AFT model is appropriate for the data as discussed in 

section 3.5.2. 

4.4.1. Univariate AFT Analysis 

This study used univariate analysis in order to see the effect of each covariate on survival 

time before proceeding to the multivariable analysis. The univariate analysis was fitted for 

every covariate by AFT models using different baseline distributions i.e. exponential, 

weibull, log-logistic and lognormal. In all univariate analysis of AFT models age, smoking 

Covariates  Rho Chisq DF p 

Age -0.094 2.96 1 0.0851 

Smoking Status 0.014 0.07 1 0.7871 

Region -0.025 0.26 1 0.6107 

Stage -0.295 29.41 1 0.014 

Family History 0.066 1.60 1 0.2063 

Abortion 0.066 0.69 1 0.4063 

HIV status -0.07 1.84 1 0.1754 

age at first birth -0.087 2.61 1 0.1065 

GLOBAL -  37.21 1 0.0018 
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status, region, stage, family history, abortion history, HIV status and age at first birth of 

women were significantly associated with survival time of patients at 5% level of 

significance. The summary of univariate analysis is given in table 4.6 in the appendix. 

Hence, based on the univariate analysis, all explanatory variables filtrated in Cox PH are 

candidate predictors for further analysis in AFT models. 

4.4.2. Multivariate AFT Analysis 

For survival time of CC patients data, multivariable AFT models of exponential, weibull, 

log-logistic and log-normal distribution were fitted by including all the covariates those 

are significant in the univariate analysis at 5% level of significance. To compare the 

efficiency of different models, the AIC was used. It is the most common applicable 

criterion to select model. Based on AIC, a model having the minimum AIC value was 

preferred.  

Accordingly, Log-normal AFT model (AIC=1185.05) found to be the best for the survival 

time of CC patients data set from the given alternatives when include all the covariate 

those are significant in the univariate analysis. All covariates significant in the univariate 

become significant multivariate analysis model.  Finally, the effect of interactions terms 

were also tested and found to be statistically insignificant in multivariable log-normal AFT 

model at 5% level of significance. The final model kept the main effect of the covariate 

models age, smoking status, region, stage, family history, abortion history, HIV status and 

age at first birth of women. All AFT models and the corresponding AIC values are 

displayed in Table 4.7. 

Table 4.7: Comparison of AFT models using AIC criteria for of cervical cancer patients’ data 

 Baseline Distribution AIC 

Exponential 1410.30 

Weibull 1211.67 

Log- logistic 1188.95 

Log- normal 1185.05 

                                 AIC=Akaike’s information criteria 

 

 



Modeling time-to- death of Women with Cervical Cancer  Page 50 
 

4.4.3. Interpretation and presentation of the final AFT model 

Model diagnostics are presented in section 4.5 suggested that the AFT model is in good fit 

the CC dataset. Thus the acceleration factors in the lognormal model were interpreted as 

follows. The output of the final log-normal AFT model is presented in Table 4.8. This 

output showed patients with age groups 51-60, 61-70 &>70, women who smoking 

cigarettes, patients with stage III &IV, women who had family history of CC, patients with 

previous abortion history and living with HIV AIDS were statistically significantly shorten 

survival time of women with cervical cancer while patients not giving birth up to the study 

ends prolong the survival time of cervical cancer patients in TASH. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Modeling time-to- death of Women with Cervical Cancer  Page 51 
 

 

  Table 4.8: Summary result the final Log-Normal AFT model 

Covariates Category 


 SE Sig. Φ 95% CI for  ϕ 

       

 

Age 

20-30 

31-40 

41-50 

51-60 

61-70 

>70 

Ref 

0.20 

0.12 

-0.41 

-0.54 

-0.63 

 

0.19 

0.18 

0.17 

0.18 

0.23 

 

2.72e-01 

5.08e-01 

1.78e-02* 

2.28e-03* 

1.50e-02* 

 

1.23 

1.12 

0.67 

0.58 

0.53 

 

[0.853,1.759] 

[0.794,   1.592] 

[0.475,   0.932] 

[0.411,   0.824] 

[1.476,   1.753] 

Smoking 

Status 

nonsmoker 

Smoker 

Ref 

-0.39 

 

0.08 

 

6.63e-07* 

 

0.68 

 

[0.584, 0.792] 

Region Addis Ababa 

Oromiya 

Amhara 

Tigray 

SNNPR 

Others 

Ref 

0.28 

0.22 

0.29 

0.11 

0.05 

 

0.07 

0.80 

0.17 

0.13 

0.16 

 

6.25e-05* 

7.04e-03* 

8.73e-02 

3.88e-01 

7.49e-01 

 

1.33 

1.24 

1.34 

1.11 

1.05 

 

[1.154,  1.523] 

[1.06,   1.451] 

[0.957,  1.88] 

[0.873, 1.416] 

[0.758, 1.466] 

 

 

Stage 

I 

II 

III 

IV 

Ref 

-0.08 

-0.59 

-0.97 

 

0.14 

0.13 

0.15 

 

6.16e-01 

3.73e-06* 

3.93e-11* 

 

0.94 

0.55 

0.38 

 

[0.718,  1.219] 

[0.429,  0.711] 

[0.283,  0.507] 

Family 

History 

No 

Yes 

Ref 

-0.30 

 

 

0.08 

 

6.94e-05* 

 

0.74 

 

[0.638,  0.857] 

Abortion No 

Yes 

Ref 

-0.30 

 

 

-0.30 

 

7.77e-06* 

 

0.74 

 

 

[0.644,  0.885] 

HIV status No 

Yes 

Ref 

-0.32 

 

 

-0.32 

 

7.41e-07* 

 

0.73 

 

[0.645, 0.826] 

 

 

age at first 

birth 

<=15 

16-20 

21-25 

>25 

Not give birth 

Ref 

0.14 

0.12 

0.31 

0.96 

 

0.06 

0.10 

0.242 

0.231 

 

2.12e-02* 

2.49e-01 

2.00e-01 

9.73e-03* 

 

1.15 

1.12 

1.36 

2.609 

 

[1.020, 1.303] 

[0.922,1.361] 

[0.455,1.176] 

[1.359,3.359] 

ϕ Indicates Acceleration factor; * significant at 5% level; 95%CI for ϕ: 95% confidence 

interval for acceleration factor; SE: standard error for estimates; Ref. Reference 
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Under the log-normal AFT model, when the effect of other factor keep fixed, the 

estimated acceleration factor for patients with age group 51-60 is estimated to be 0.67with 

[95% CI: 0.475, 0.932].The confidence interval for the acceleration factor did not include 

one and P-value is small (p=1.78e-02*). This indicates patients with age group51-60 have 

less survival time than the age group of 20-30 patients. Similarly acceleration factor for 

patients with age group 61-70 are estimated to be 0.58 with [95% CI: 0.411, 0.824] the ϕ 

CI did not include one and P-value is small (p=2.28e-03*). This implied that women with 

age group 20-30have longer survival time than women with age group 61-70.Likewise 

acceleration factor for patients with age group >70 is estimated to be 0.53 with [95% CI: 

0.476, 0.953] the ϕ CI did not include one and P-value is small (p=1.50e-02*). This 

implied that women with age group 20-30 have longer survival time than women with age 

group >70. But the age groups 31-40 & 41-50 patients were not significantly different 

from the age group 20-30 at 5% level of significance. 

As shown in Table 4.8 the estimated acceleration factor for patients from Oromia and 

Amhara were estimated to be 1.33 & 1.24 with [95% CI 1.154, 1.523; 1.06, 1.451] the 

confidence interval for the acceleration factor did not include one and P-value is very 

small (p=6.25e-05*, 7.04e-03*).This indicates patients from Oromia and Amhara have 

prolonged survival time than Addis Ababa patients. But patients from Tigray, SNNPR, 

Others region were not significantly different from the Addis Ababa at 5% level of 

significance. The acceleration factors for patients who smoke cigarette were estimated to 

be 0.68 with [95% CI: 0.584, 0.792]. This implied that non-smoker had longer survival 

time than smoker or in the other way Patients not smokes cigarettes survived 32% longer 

than patients who smokes cigarettes. According to Table 4.8 the acceleration factors of 

patients with stage III and IV were estimated to be 0.55 and 0.38 with [95% CI: 0.429, 

0.711 & 0.283, 0.507] respectively. This oblique that the stage I patients have longer 

survival time than stage III and IV, however the difference is not significant for women 

with Stage II and stage I (P=6.16e-01).The acceleration factor for women that had family 

history of cervical cancer was 0.74 with [95% CI: 0.638, 0.857 and P=6.94e-05*] which 

indicates that the survival of time of patients that had family history of cervical cancer 

shorten than patients did not have family history. 

Similarly the estimated acceleration factor for patients who had history of abortion is 

estimated to be 0.74 with [95% CI: 0.644, 0.885]. The confidence interval for the 

acceleration factor did not include one and P-value is very small (p=7.77e-06*) which 
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indicate patients who had no history of abortion prolong the survival time than patients 

who had history of abortion. In the same way patients that were  no living with HIVAIDS 

prolong the survival time than patients living with HIV AIDS with acceleration factor 0.73 

and [95% CI: 0.645, 0.826]. Finally the estimated acceleration factor for women give birth 

at age of 16-20 is estimated to be 1.15 with [95% CI: 1.020, 1.303] the ϕ CI did not 

include one and P-value is small (P=2.12e-02*). This indicates women who got first baby 

at age of 16-20 have prolonged survival time than women that got the first baby at age of 

≤15 years. The estimated acceleration factor for women did not giving birth up to the 

study time is estimated to be 2.61 with [95% CI: 1.359, 3.359] the confidence interval for 

the acceleration factor did not include one and P-value is small (P=9.73e-03*). This 

indicates women did not give birth up to the end of study time have prolonged survival 

time than women gave birth at age of ≤15 years or patients who did not give birth at the 

study time survived 161% longer than patients who gave birth at age of ≤15 years. But 

those women gave birth at age of 21-25 and  25 were not significantly different from the 

reference age group at 5% level of significance. 

4.5. Model Diagnostics 

After the  model  has  been  fitted,  it  is  desirable  to  determine  whether  a  fitted  

parametric  model adequately  describes  the  data  or  not.  

4.5.1. Checking Adequacy of Parametric Baselines using Graphical Methods 

To check the adequacy of our baseline hazard the exponential is plotted by the -log(S(t) 

with the time of the study; the  Weibull is plotted by log (-log(S(t)) with the logarithm of 

time of the study; the log-logistic is plotted by log(
 ̂( )

   ̂( )
) with the logarithm of time of the 

study and the log-normal baseline by    ,   ( )- against log (t) of time of the study. If 

the plot is linear, the given baseline distribution is appropriate for the given dataset. 

Accordingly, their respective plots are given in figure 4.13 below and the plot for the Log-

normal baseline distribution make straight line better than exponential, Weibull and Log-

logistic baseline distribution. This evidence also strengthens the decision made by AIC 

value that log-normal baseline distribution is appropriate for the given dataset. 
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Figure 4.13: Graphs of Exponential, Weibull, Log-logistic, and Log-normal baseline 

distributions for survivaltime of cervical cancer patients’ data set. 

 

Table 4.9: the likelihood ratio and significance of the Lognormal AFT 

Loglik(intercept only) Loglik(model) Chisq DF Sig. 

 

-1724.6 -1560.9 327.39 21 0.00 

 

 

The likelihood ratio test in Table 4.9 shows that the model is significant and the log 

likelihood values of the null model and the full model indicates that the model has a 

significant improvement after the covariates were added in the model. 

4.5.2. Cox- Snell residuals plots 

The Cox-Snell residuals are one way to investigate how well the model fits the data. The 

plot for fitted model of residuals for log-normal to our data via maximum likelihood 

estimation with cumulative hazard functions is given in figure 4.14. If the model fits the 

data, the plot of cumulative hazard function of residuals against Cox-Snell residuals 

should be approximately a straight line with slope 1. The plot makes straight lines through 

the origin for log-normal baseline distribution suggesting that it is appropriate for survival 

time of cervical cancer patients’ data set. 
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Figure 4.14: Cox- Snell residuals plots of log-normal baseline distribution for survival 

time of cervical cancer patients’ data. 

4.5.3. Quantile-Quantile Plot 

A quantile-quantile plot is made to check if the AFT provided an adequate fit to the data 

by using two different groups of population. We shall graphically check the adequacy of 

the model by comparing the significantly different groups of patients by family history, 

smoking cigarettes, HIV status and abortion history. The figures appear to be 

approximately linear for all covariates family history, smoking status, HIV status and 

abortion history of patients as shown in figure 4.15. Therefore the accelerated failure time 

appears to be the best to describe survival time of cervical cancer data set. 

 

Figure 4.15:Quantile- Quantile plot to check the adequacy of the AFT model 
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4.6. Discussion 

The main purpose this study was modeling the determinant of survival time of cervical 

cancer dataset which was obtained from TASH. Cox PH was applied for this data. But 

since PH assumption was violated AFT models with baseline distributions: Exponential, 

Weibull, Log-logistic and Log-normal distributions were applied to the same data. 

Covariates which were included in the study were age, smoking status, region, recurrence, 

stage of the disease, treatment taken, cycles of chemotrapy, sexual partner, number of 

children, aim of radiography, history of abortion, HIV status, family history, age at 

marriage and age at first birth and the outcome variable of interest was the survival time of 

cervical cancer patients measured in months.  

The Cox’s proportional hazard model fitted using single and multi-case analysis. Multi 

case analysis found eight variables that jointly serve as predictive factors on the survival 

of cervical cancer patients. These variables are age, smoking status, region, stage of the 

disease, family history, history of abortion, HIV status and age at first birth. Out of this the 

stage of the disease of cervical cancer patients didn’t satisfy the proportionality of Cox 

regression model and then AFT model was fitted. The current study is consistent with 

other findings Muluye.G (2011), Orbe.J et al (2010), Frankel P; Longmate J. (2010) and 

Wang SJ et al. (2010) with regards the Cox PH and AFT models. 

The univariate AFT analysis is revealed that age, smoking status, region, stage, family 

history, history of abortion, HIV status and age at first birth were significantly associated 

with time to death of cervical cancer patients’ at 5% level of significance. All significant 

covariates in univariate analysis were included in multivariable analysis of AFT model 

and comparison was done within the models using AIC criteria where the model having 

minimum AIC value is selected to be the best Munda 2012), Chapman et al. (1992), 

Komarek (2004). AFT model fitted using eight covariates that jointly serve as predictive 

factors on the survival of cervical cancer patients. 

Log-normal AFT model was found to be the best over Exponential, Weibull and Log-

logistic AFT models based on AIC value and graphical evidence .Age, smoking status, 

region, stage of the disease, family history, history of abortion, HIV status and age at first 

birth were significantly associated with survival time of cervical cancer patients. This 

finding is in accordance with the studies Ayele.G (2015), Elisa T. Lee (2007), Mohammad 
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Amin et al (2008), Chapman et al. (1992), Royston (2001) with regards the Lognormal 

AFT model.  

The findings of this study revealed that detected at early age and early stage of the disease 

and not giving birth until the end of study time prolong the timing death of cervical cancer 

patients while detected at old age and advanced stage of the disease, smoking cigarettes, 

family history of cervical cancer, history of abortion, living with HIV AIDS, giving birth 

at early age shorten timing death of cervical cancer patients. Kumari et al. and Bingham et 

al. (2013), Kim, et al. (2009) and World health organization (2015) support this finding. 

The overall estimated mean survival time was 26 months. The result of this finding is 

almost similar with the Zalimr. et al. (2011) reported that 27 months. 

The numbers of cervical cancer cases were not related to population size of the regions in 

Ethiopia at the study period. The number of cases in other region of the country depends 

on their distance from Addis Ababa; the farther the region, the fewer number of cases. 

Because patients may not got the opportunity to go and be diagnosed. Those patients who 

are relatively near to the hospital such as patients in Addis Ababa, Oromiya and Amhara 

are able to go the hospital and diagnosed. But, those patients who are far from the hospital 

are not able to go the hospital easily due to many reasons like transportation cost, 

accommodation, job and family related cases. Similar finding was obtained from Abate.S 

(2015), Sule ST, Shehu MS (2007). 

Patients treated at old age were significantly associated to shorten to time death of cervical 

cancer. This implied survival time for cervical cancer patients was highest in the youngest 

women and decreases with increasing age. The current study is consistent with other 

findings of Kantelhardt et al. (2014),Yancik. R (2013), Wright JD. (2014), Castillo et al., 

(2009)&Kumari et al., (2013) reported that increases in age have been related to poorer 

survival time of cervical cancer.  

The results of this study suggested that smoking was significant predictive factor for 

survival time of the patients. Non-smokers had longer survival time than smokers. The 

current study is consistent with other findings of Tigist Y. (2014), S. E. Waggoner et al. 

(2010), Kumari et al. (2013), Garland et al., Yetimalar H, Kasap B andCukurova. K et al. 

(2011). 
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Accordingly the stage of the disease also had significant association to survival timing of 

patients. Stage I and Stage II patients had long survival time than stage III and IV patients. 

This is due to early to an early stage cervical cancer can simply be cured by available 

cancer treatments. This result is consistent with Tigist Y. (2014), Kantelhardt et al. (2014) 

and Kumari et al. (2013). 

Family history of cervical cancer is also one factor that significantly predicts the survival 

of the patients. In this study, family history is significantly associated with survival time 

cervical cancer patients. The current study is consistent with other findings Kantelhardt et 

al. (2014), IARC (2014) and Bellinger.JD (2013reported that women who have a mother 

or sister diagnosed with cervical cancer have a greater risk of developing this cancer than 

women without any cervical cancer family history 

The history of abortion also had significant association to survival time of cervical cancer 

patients’. Those women who had no history of abortion had long survival time than those 

who had abortion history. This result is consistent with Ahmed Ib. et al. (2011) reported 

that previous abortion plays a role in cervical cancer.  And also a study by R. Somers 

(2012) in Danish found a significantly positive trend between those women had abortion 

and the death of cervical cancer. 

The results of this study indicated that status of HIV AIDS was significant predictive 

factor for survival time of cervical cancer patients in TASH. Women who lived with HIV 

AIDS had smaller survival time than women who are free from HIV. This happens since 

cervical cancer makes CD4 counts lower and they are more likely to die. Abel G. et al 

(2013), Massad LS (2008) and Abel G (2013) found a significantly positive trend between 

those women having had HIV and the death of cervical cancer. 

The results of the study revealed that having first baby at early age ( 15) years has a 

significant association with survival time of cervical cancer patients. Women who has had 

first child at early age had smaller survival time. Similarly Similar finding was obtained 

from Ahmed Ib. et al (2011) reported having your first baby before the age of 16 gives a 

higher risk, compared to women who had their first baby after the age of 25.This result is 

also in accordance with the studies Brinton. L.,et al (2002) and Chelimo C, et al (2013). 
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5. CONCLUSIONS AND RECOMMENDATIONS 

5.1 Conclusions 

This study used survival time of cervical cancer patients’ dataset of those patients who 

started their cancer treatment from 2003-2007 years with the aim of modeling the 

determinant of time-to-death of women with cervical cancer in TASH. Out of the total 907 

women who started cancer medicine (treatments), about 38.48% died at the end of the 

study. The estimated mean survival time of women was 26 months. 

To model the determinants of survival time of cervical cancer patients, Cox Ph model was 

used. Then AFT model was fitted because the assumption of Cox proportional model was 

violated. Different AFT models by using different baseline distributions were applied. 

Among this using AIC, Log-normal model is better fitted survival time of cervical cancer 

patients’ dataset than other AFT base line distributions. 

The result of Log-normal AFT model showed that age, smoking status, stage, region, 

family history, abortion history, HIV status and age at first birth were found significant 

predictors for survival time of patients in TASH. Of which not giving birth up to study the 

end of time prolong the timing death of cervical cancer patients. Similarly age classes51-

60, 61-70 &>70, smoking cigarettes, stage III & IV, family history of cervical cancer, 

abortion history, HIV status and having first baby at early age ( 15) were statistically 

significantly shorten timing of death of women with cervical cancer. 

Goodness of the fit of baseline distribution by means of graphical method in figure 4.13 

and Cox-Snell residuals plots in figure 4.14 revealed that Log-normal distribution is better 

when compared to Exponential, Weibull and Log-logistic baseline distributions to explain 

survival time of women with cervical cancer dataset in Tikur Anbessa Specialize Hospital. 
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5.2 Recommendations 

1) Based on the findings of the study the following recommendations are made for 

ministry of health, policy makers, the community at large, Tikur Anbessa 

Specialized Hospital and researcher. 

2) The ministry of health and policy makers should work on awareness by letting to 

know the risk factors for the cervical cancer and to complete the prescribed 

treatment without considering cervical cancer as incurable disease and to follow up 

their cancer status to minimize the risk of death and recognizes cervical cancer as an 

important health problem and establishing screening test and early detection policies 

for most risky groups (for old age and married women). 

3)  In addition it will be important to open cancer diagnosing and treatment center in 

each region of the country. 

4) Awareness has to be given for the society on causes of cervical cancer. The mass 

media can play an effective role in this regard and special attention should be given 

to old age women, because they are the most risky groups for cervical cancer. 

5) Tikur Anbessa Specialize Hospital need to improve public and professional 

awareness, early detection and prompt treatment using feasible, effective regimens 

and include detailed patient characteristics in the cancer registry data. This hospital 

based cancer registry is older which need integration with WHO international 

coding system.  

6) Further studies should be conducted in each regional states of Ethiopia and identify 

other factors that are not identified in this study. Based on that study, regional 

governments should take actions of screening to reduce death of cervical cancer. 

5.3 Limitation of the Study 

As the data is gathered from the card of patients in the study there were a lot of patients 

with insufficient information; lack of published literature on the country related to the 

survival time of cervical cancer. Even if the number of patients is high in number, on 

follow-up it is often a physical and financial burden for them to return hospital for follow-

up in the day of appointment; most patients didn’t come again to the Hospital to be treated. 
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APPENDIXIES 

Table 4.1 Descriptive Summary of the Data at TASH (2003-2007) 

  Status of Patient 

 

Variable Category Number of 

Event (%) 

Number of 

Censored (%) 

Total (%)  

 

 

 

Age 

20-30 

31-40 

41-50 

51-60 

61-70 

>70 

9(2.58) 

30(8.60) 

53(15.19) 

155(44.41) 

90(25.79) 

12(3.44) 

20(3.58) 

123(22.04) 

204(36.56) 

135(24.19) 

59(10.59) 

17(3.44) 

29(3.20) 

153(16.87) 

257(28.34) 

290(31.97) 

149(16.43) 

29(3.20) 

Smoking habit non-smoker 

Smoker 

268(76.79) 

81(23.21) 

516(92.47) 

42(7.53) 

784(86.44) 

123(13.56) 

 

 

Region 

Addis Ababa 

Oromiya 

Amhara 

Tigray 

SNNPR 

Others 

 
 

146(41.83) 

97(27.79) 

65(18.62) 

9(2.58) 

20(5.73) 

12(2.87) 

155(27.78) 

200(35.84) 

128(22.94) 

22(3.94) 

39(6.99) 

14(2.51) 

301(33.19) 

297(32.75) 

193(21.28) 

31(3.42) 

59(6.5) 

26(2.87) 

 

Recurrence 

No 

Yes 

280(80.23) 

69(19.77) 

497(89.07) 

61(19.77) 

777(85.67) 

130(14.33) 

Stage I 

II 

III 

IV 

19(5.44) 

90(25.79) 

189(54.15) 

51(14.61) 

28(5.02) 

187(33.51) 

293(52.51) 

50(14.61) 

47(5.18) 

277(30.54) 

482(53.14) 

101(11.14) 

 

Sexual partner 

None 

One 

Few 

Multiple 

3(0.86) 

91(26.07) 

81(23.21) 

174(49.86) 

10(1.79) 

91(26.07) 

81(23.21) 

113(20.25) 

13(1.43) 

390(43.00) 

217(23.93) 

287(31.64) 

Aim of 

radiography 

no RT 

Palliative 

Radical 

4(0.36) 

240(68.77) 

105(30.09) 

2(0.36) 

354(63.44) 

202(36.20) 

6(0.66) 

594(65.49) 

307(33.85) 

Family History No 

Yes 

275(78.80) 

74(21.20) 

499(89.43) 

59(10.57) 

774(85.34) 

133(14.66) 
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Treatment taken 

Surgery 

Chemotherapy 

Radiotherapy 

Combination 

of two or three 

4(1.15) 

2(0.57) 

259(74.21) 

84(24.07) 

1(0.18) 

3(0.54) 

438(78.49) 

116(20.79) 

5(0.55) 

5(0.55) 

697(76.85) 

200(22.05) 

 

Cycles of 

chemotrapy 

No chemo 

First cycle 

Second cycle 

Third cycle 

Fourth cycle 

228(65.33) 

71(20.34) 

18(5.16) 

15(4.30) 

17(4.87) 

406(72.33) 

78(13.98) 

32(5.73) 

23(4.12) 

19(3.41) 

634(69.90) 

149(16.43) 

50(5.16) 

38(4.19) 

36(3.97) 

 

Number of 

children 

No child 

1-4 

5-8 

9-12 

Above12 

10(2.87) 

24(6.88) 

72(20.63) 

134(38.40) 

109(31.25) 

23(4.12) 

91(16.31) 

228(40.86) 

130(23.30) 

86(15.41) 

33(3.64) 

115(12.68) 

300(33.80) 

264(29.11) 

195(21.50) 

Family planning No 

Yes 

235(67.34) 

114(32.66) 

409(73.30) 

149(26.70) 

644(71.00) 

263(29.00) 

 

Abortion 

No 

Yes 

256(73.35) 

93(26.65) 

466(83.51) 

92(16.49) 

722(79.60) 

185(20.40) 

HIV status No 

Yes 

231(66.19) 

118(33.81) 

422(75.63) 

136(24.37) 

653(72.00) 

254(28.00) 

Age  at marriage >=15 

16-20 

21-25 

236(67.62) 

111(37.63) 

2(.57) 

315(56.45) 

210(37.63) 

33(5.91) 

551(60.75) 

321(35.39) 

35(3.86) 

Age at first birth <=15 

16-20 

21-25 

>25 

Not give birth 

168(48.14) 

136(38.97) 

34(9.74) 

6(1.72) 

5(1.43) 

188(33.69) 

271(48.57) 

77(13.80) 

6(1.08) 

16(2.87) 

356(39.25) 

407(44.87) 

111(12.24) 

12(1.32) 

21(2.32) 
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            Kaplan Meier survival time plot of Cercal Cancer Patients by Different Covariates 

 

                Figure 4.1: K-M survival time plot by Age and Region of patients 

 

               Figure 4.3: K-M survival time plot by Stage and Number of sexual partner of patients
  

 

 

 Figure 4.5: K-M survival time plot by treatment taken and number of children of patients 
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Figure 4.5: K-M survival time plot by Aim Radiotrphy and chemotrphy cycles of patients 

 

Figure 4.7:K-M survival time plot by Abortion and HIV status of patients 

 

Figure 4.8:K-M survival time plot by age at marriage and Age at first birth of patients 
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Table 4.3: Mean survival time and confidence interval by different levels of covariates. 

Covariates Categories mean survival in 

time (months) 

95% Conf. Interval 

Age 20-30 

31-40 

41-50 

51-60 

61-70 

>70 

41 

36 

29 

22 

19 

11 

[33.00,  47.57] 

[32.59,  39.73] 

[23.97,  32.20] 

[21.36,  26.55] 

[18.70,  27.57] 

[10.99,  26.86] 

Smoking nonsmoker 

Smoker 

35 

16 

[31.00,  42.68] 

[13.70,   27.83] 

Region A.A 

Oromiya 

Amhara 

Tigray 

SNNPR 

Others 

21 

33 

30 

36 

26 

23 

[20.90,  26.46] 

[29.67,  35.44] 

[25.65,  34.19] 

[35.25,  39.12] 

[23.32,  28.20] 

[22.02,  27.20] 

Recurrence No 

Yes 

31 

23 

[28.08,  31.81] 

[19.39,  26.78] 

Stage I 

II 

III 

IV 

37 

31 

25 

18 

[35.50,  40.04] 

[29.34,  37.27] 

[23.289, 28.48] 

[14.34,   35.30] 

cycles of 

chemotraphy 

No chemo 

First cycle 

Second cycle 

Third cycle 

Fourth cycle 

39 

33 

35 

28 

30 

[37.67,  41.63] 

[31.03,  38.95] 

[30.73,  38.11] 

[ 25.75, 31.45] 

[28.39,33.04] 

Sexual partner None 

One 

Few 

Multiple 

39 

35 

27 

21 

[30.59, 43.17] 

[33.24, 48.17] 

[24.13, 30.93] 

[18.59,28.64] 

Aim of radiotherapy no RT 

Palliative 

Radical 

33 

27 

37 

[30.57, 43.93] 

[ 24.01,33.52] 

[23.42, 41.53] 
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Family history No 

Yes 

33 

24 

[28.47,  37.12] 

[21.87,33.27] 

Treatment taken Surgery 

Chemotherapy 

Radiotherapy 

Combination 

of two or three 

33 

27 

35 

24 

[21.17,41.43] 

[20.64, 35.56] 

[31.10,  40.86] 

[23.03,30.82] 

Number of children No child 

1-4 

5-8 

9-12 

Above12 

41 

37 

40 

31 

28 

[33.02,  45.82] 

[36.25,  41.17] 

[39.68,  42.32] 

[30.16,  36.85] 

[25.55,  32.73] 

Family planning No 

Yes 

35 

29 

[33.89,  40.95] 

[24.90,  30.79] 

Abortion No 

Yes 

38 

31 

[ 35.41, 42.25] 

[29.67,  36.36] 

HIV status No 

Yes 

38 

24 

[36.13,  41.91] 

[21.61, 29.94] 

Age at marriage <=15 

16-20 

21-25 

27 

31 

36 

[24.92, 29.13] 

[30.70,34.04] 

[29.71,   40.16] 

Age at first birth <=15 

16-20 

21-25 

>25 

Not give birth 

28 

35 

31 

29 

40 

[24.17,  33.14] 

[31.08,  39.88] 

[30.96,  36.97] 

[22.03,  30.51] 

[25.36,45.05] 
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Table 4.3:Univariate Analysis of Cox Proportional Hazards with time to event of CC patients. 

Covariates Category 


 SE Wald Sig. HR 95% CI for  HR 

        

 

Age 

20-30 

31-40 

41-50 

51-60 

61-70 

>70 

Ref 

-0.42 

-0.35 

0.71 

0.95 

0.68 

 

0.38 

0.36 

0.34 

0.35 

0.44 

 

1.21 

0.94 

4.24 

7.45 

2.37 
 

 

0.27237 

0.33145 

0.03918* 

0.00631** 

0.02460* 

 

0.66 

0.70 

2.03 

2.60 

1.97 

 

[0.313 ,  1.388] 

[0.347 , 1.429] 

[1.036,  3.98] 

[1.310,  5.163] 

[1.829,  4.681] 

Smoking 

Status 

nonsmoker 

Smoker 

Ref 

0.87 

 

0.13 

 

47.20 

 

 

6.62e-12*** 

 

2.39 

 

[1.866 , 3.071] 

Region A.A 

Oromiya 

Amhara 

Tigray 

SNNPR 

Others 

Ref 

-0.60 

-0.48 

-0.83 

-0.48 

0.12 

 

0.13 

0.15 

0.35 

0.24 

0.30 

 

20.41 

10.21 

5.85 

4.08 

0.15 
 

 

6.25e-06 *** 

0.00139 ** 

0.01558 * 

0.04339 

0.70119 

 

0.55 

0.62 

0.43 

0.62 

1.12 

 

[0.425, 0.713] 

[0.462, 0.832] 

[0.221, 0.854] 

[0.385, 0.986] 

[0.622, 2.024] 

 

Recurrence 

No 

Yes 

Ref 

0.39 

 

0.13 

 

8.41 

 

 

0.00372** 

 

1.48 

 

[1.135,  1.923] 

 

 

Stage 

I 

II 

III 

IV 

Ref 

-0.33 

0.70 

1.22 

 

0.26 

0.24 

0.27 

 

0.02 

8.11 

20.28 
 

 

0.8978 

0.0044** 

6.7e-06*** 

 

0.97 

2.01 

3.93 

 

[0.589,  1.590] 

[1.242,  3.237] 

[1.993,  5.773] 

Sexual 

partner 

None 

One 

Few 

Multiple 

Ref 

-0.05 

0.55 

0.99 

 

0.59 

0.59 

0.58 

 

0.01 

0.71 

2.88 

 

 

 

0.9343 

0.3471 

0.0898
. 

 

0.95 

1.74 

2.68 

 

[0.302,  3.010] 

[0.549,  5.504] 

[0.858,  8.414] 

Aim of 

radiography 

no RT 

Palliative 

Radical 

Ref 

0.21 

-0.45 

 

0.51 

0.51 

 

0.18 

0.77 
 

 

0.674 

0.380 

 

1.24 

0.64 

 

[0.458,  3.349] 

[0.234,  1.739] 
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Family 

History 

No 

Yes 

Ref 

0.67 

 

0.13 

 

26.07 

 

3.29e-07*** 

 

1.958 

 

[1.513,  2.535] 

 

Treatment 

taken 

Surgery 

Chemotherapy 

Radiotherapy 

Combination 

of two or three 

Ref 

0.88 

0.51 

0.52 

 

 

0.88 

0.51 

0.51 

 

 

0.10 

0.58 

0.40 
 

 

0.758 

0.446 

0.525 

 

0.77 

0.68 

0.72 

 

[0.140,  4.185] 

[0.253,  1.830] 

[0.264,  1.972] 

 

cycles of 

chemotrapy 

No chemo 

First cycle 

Second cycle 

Third cycle 

Fourth cycle 

Ref 

0.32 

0.02 

-0.20 

0.43 

 

0.14 

0.25 

0.27 

0.25 

 

5.38 

0.01 

0.57 

2.89 
 

 

0.0203* 

0.9203 

0.4492 

0.0890
.
 

 

1.37 

1.03 

0.82 

1.53 

 

[1.051,  1.797] 

[0.634,  1.656] 

[0.484,  1.379] 

[0.937,  2.513] 

 

Number of 

children 

No child 

1-4 

5-8 

9-12 

Above12 

Ref 

-0.28 

-0.25 

-0.57 

-0.62 

 

0.38 

0.34 

0.33 

0.33 

 

0.50 

0.56 

2.98 

4.00 

 

0.4789 

0.4530 

0.0842
. 

0.0455* 

 

0.77 

0.78 

1.76 

1.94 

 

[0.365,  1.604] 

[0.400,  1.505] 

[0.926,3.359] 

[1.013, 3.709] 

Family 

planning 

No 

Yes 

Ref 

0.26 

 

0.11 

 

5.20 

 

 

0.0226 * 

 

1.298 

 

[1.037, 1.624] 

 

Abortion 

No 

Yes 

Ref 

0.45 

 

0.12 

 

13.45 

 

 

0.000245*** 

 

1.56 

 

[1.23,  1.979] 

 

HIV status 

No 

Yes 

Ref 

0.40 

 

0.11 

 

12.38 

 

 

0.000434*** 

 

1.49 

 

[1.194, 1.864] 

Age at 

marriage 

<=15 

16-20 

21-25 

Ref 

-0.27 

-0.57 

 

0.12 

0.34 

 

5.31 

2.78 
 

 

0.0212* 

0.0956
.
 

 

0.76 

0.57 

 

[0.608, 0.961] 

[0.292 , 1.105] 

Age at first 

birth 

<=15 

16-20 

21-25 

>25 

Not give birth 

Ref 

-0.35 

-0.37 

0.23 

-0.74 

 

0.12 

0.19 

0.42 

0.45 

 

9.08 

3.91 

0.30 

2.62 
 

 

0.00258** 

0.04813 * 

0.58240 

0.10525 

 

0.71 

0.69 

1.26 

0.48 

 

[0.562, 0.885] 

[0.476, 0.997] 

[0.556, 2.845] 

[0.197, 1.167] 

SE=Standard Error,DF=Degree of freedom,HR= Hazard Ratio, CI=Confidence 

Interval, Ref. Reference 
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                        Test of proportional hazards assumption by Scaled Schoenfeld residuals 

 

Figure 4.9 The plot of Scaled Schoenfeld residuals for Ageand Smoking to to check PH 
assumption 

 

Figure 4.10:The plot of Scaled Schoenfeld residuals  for Region and Stage  to check PH 
assumption 

 

Figure 4.11:The plot of Scaled Schoenfeld residuals for Abortion and Family history to check PH 
assumption           
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Figure 4.12: The plot of Scaled Schoenfeld residualsfor HIV status and Age at first birth to check 
PH assumption 

Table 4.6:Univariate AFT analysis for survival time of patients modeling using different 

baseline hazard functions 

                                                                     Baseline Distributions 

 

  Exponential Weibull Log- logistic Log-normal 

      

Covariates Categories 

 


 (95% CI  for ϕ) 

 (95% CI  for ϕ) 



(95% CI  for ϕ) 


(95% CI  for ϕ) 

      

      

 

Age 

20-30 

31-40 

41-50 

51-60 

61-70 

>70 

Ref 

  0.42[0.724,3.212] 

  0.35[0.701,2.879] 

  -0.67*[0.261,0.999] 

-0.88*[ 0.210,0.827] 

-0.561[0.240,1.354] 

Ref 

0.23[0.798,1.983] 

0.18[0.780,1.850] 

-0.45*[0.424,0.964] 

-0.60*[0.362,0.837] 

-0.386[0.397,1.163] 

Ref 

0.23  [0.812,1.967] 

0.17 [0.774,1.803] 

-0.49*[0.406,0.925] 

-0.68*[0.336,0.774] 

-0.529 [0.339,1.022] 

Ref 

0.24[0.826,1.971] 

0.17[0.783,1.799] 

-0.48*[0.415,0.932] 

-0.63*[0.350,0.806] 

-0.506[0.355,1.024] 

Smoking 

Status 

nonsmoker 

Smoker 

Ref 

-0.81*[0.348,0.517] 

Ref 

-0.53*[0.505,0.621] 

Ref 

-0.62[0.451,0.647] 

Ref 

-0.60*[0.459,0.661] 

Region Addis 

Ababa 

Oromiya 

Amhara 

Tigray 

SNNPR 

Others 

Ref 

0.52*[1.299,2.172] 

0.45*[1.173,2.106] 

0.72*[1.050,4.037] 

0.43[0.960,2.445] 

-0.05[0.526,1.708] 

Ref 

0.35*[1.215,1.665] 

0.29*[1.120,1.602] 

0.54*[1.133,2.570] 

0.30[1.016,1.794] 

-0.07[0.654,1.336] 

Ref 

0.40*[1.264,1.771] 

0.36*[1.189,1.741] 

0.56*[1.133,2.691] 

  0.32[1.009,1.863] 

-0.03 [0.647,1.467] 

Ref 

0.40*[1.266,1.772] 

0.33*[1.154,1.686] 

0.48*[1.077,2.437] 

0.27 [0.972,1.761] 

-0.07[0.622,1.399] 

Recur No 

Yes 

Ref 

-0.38*[0.524,0.887] 

Ref 

-0.23[0.672,0.932] 

         Ref 

-0.23*[0.657,0.955] 

Ref 

-0.25*[0.647,0.941] 

 I Ref Ref Ref Ref 
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Stage 

II 

III 

IV 

0.08[0.662,1.781] 

-0.48*[0.388,0.996] 

-0.97*[0.223,0.641] 

-0.01 [0.745,1.316] 

-0.47*[0.475,0.816] 

-0.75* [0.348,0.642] 

0.98 [0.756,1.334] 

-0.53*[0.447,0.770] 

-1.02*[0.264,0.498] 

0.06[0.793,1.414] 

-0.48*[0.467,0.813] 

-0.93*[0.287,0.542] 

Family 

History 

No 

Yes 

Ref 

-0.60*[0.426,0.712] 

Ref 

-0.42*[0.561,0.771] 

 

Ref 

-0.43*[0.542,0.775] 

 

Ref 

-0.42*[0.549,0.793] 

 

 

Abortion 

No 

Yes 

Ref 

-0.41*[0.521,0.839] 

Ref 

-0.27[0.660,0.877] 

Ref 

-0.29[0.636,0.884] 

Ref 

-0.27*[0.646,0.901] 

 

HIV status 

No 

Yes 

Ref 

-0.38*[0.546,0.851] 

Ref 

-0.26*[0.671,0.882] 

Ref 

-0.31*[0.632,0.854] 

Ref 

-0.30*[0.637,0.859] 

 

 

age at first 

birth 

<=15 

16-20 

21-25 

>25 

Not give 

birth 

Ref 

0.36*[1.137,1.788] 

0.40*[1.031,2.155] 

-0.16[0.378,1.926] 

0.71 [0.833,4.936] 

Ref 

0.22*[1.085,1.436] 

0.23 [0.999,1.577] 

-0.20 [0.977,1.354] 

0.47[0.925,2.675] 

 

Ref 

0.21*[1.061,1.437] 

0.23[0.995,1.601] 

-0.06 [0.557,1.602] 

0.48[0.918,2.837] 

Ref 

0.19*[1.041,1.408] 

0.20[0.961,1.534] 

-0.004[0.554,1.791] 

0.46[0.919,2.720] 

 

95% CI ϕ: 95% confidence interval for acceleration factor, *Indicates significant at 10%level of 

significance, Ref= reference 

 

 

 

 

 

 

 

 

 

 

 


