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ABSTRACT

Background: Breast cancer is a type of malignant tumor that starts in the breast

cells and commonly occurs in women than men. Breast cancer mostly occurs in the left

breast rather than the right breast and studies show that there is a significant associ-

ation between time to left and right breast cancer laterally. As far as our knowledge

is concerned, researchers didn’t see the dependency between left and right last stage

breast cancer patients.

Objectives: The main objective of this study was to compare different marginal mod-

els with copula families for time to last stage of left and right side breast cancer patients

and explore whether there was a statistical dependency between time to left and right

last stage breast cancer. Moreover, to identify the risk factors of last stage breast

cancer of patients.

Methods: A retrospective study design was used to collect relevant data on time to

events of last stage breast cancer patients. A total of 516 patients were included in

this study. In this thesis, mainly nine different copula-based bivariate survival models

were employed. Two-step estimation method was used to estimate the marginal dis-

tributions and copula parameter. The dependence between the time to right and left

last stage breast cancer of the patient was quantified using the copula parameter, and

the effect of covariates were modeled using the parametric marginal survival model.

Results: Of 516 patients, 59 (11.4%), 55 (10.7%), 146 (28.3%) patients only right,

only left breasts, and both breasts were at the last stage, respectively. The Weibull

marginal distribution with the Clayton copula model fit the last stage breast cancer

dataset. The dependence between time to last stage of right and left breast cancer of

female patients is found to be 0.189.

Conclusion: Being Hypertensive, older patient, positive status of anemia, who resides

in rural and chemotherapy treatment of breast cancer disease were the risk factors that

leads to last stage breast cancer. In conclusion, there is a statistical dependency be-

tween the time to right and left last stage breast cancer of the patients.

Keywords: Bivariate events, abnormal cell, Weibull-Clayton, Kendall’s

dependence

x



Modeling Time to last stage of Breast Cancer: Application of Copula

1 INTRODUCTION

1.1 Background of the Study

Human cells grow and multiply through cell division to form new cells as the body

needs them. When cells grow old or become damaged, they die, and new cells take

their place. Breast Cancer starts when cells in the breast begin to grow out of control.

These cells usually form a tumor that can often be seen on an x-ray or felt as a lump.

This uncontrollable cell goes to breast cancer [36]. This breast cancer begins in the

milk glands (lobular carcinoma) or the milk ducts (ductal carcinoma), and it can be

in situ (the abnormal cells have not spread to other tissues in the breast or even other

organs) or invasive (the disease has spread to other organs) [7]. It is also a type of

malignant tumor that starts in the breast cells and commonly occurs in women than

men [27].

Breast cancer is the most common and during 2018 it was fifth rank cause of death

worldwide [15]. In the previous years, most epidemiological reports in different parts

of the world show a significant increase in breast cancer mortality and incidence rates

[13]. According to the Global Burden of Cancer (GLOBOCAN) report shows in 2018

only, the estimated number of cases were about 2,088,849 patients and 626,679 deaths

were registered due to breast cancer, which accounts for 11.6% of cases and 6.6% of

deaths were registered in the world, and in 2021 an estimated 2,261,419 new cases

which are 11.7% of other types of cancer disease recorded. Moreover, about 684,996

deaths were registered due to breast cancer, ranked second to lung cancer [6, 88].

The incidence of breast cancer is higher in developing countries than in developed coun-

tries [8]. In addition, there is a disproportionately higher case mortality rate, which

has been attributed to the late stage of disease present due to limited diagnostic and

treatment capacity in developing countries [15]. The main causes of increasing the risk

of breast cancer disease in low income countries, such as the lack of diagnostic capacity

in developing countries, are due to centralized diagnostic care being located in urban

centers which are far from rural, an insufficient amount of diagnostic equipment and

By: Alehegne Adamu 1
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well-trained health care professionals, and the high cost of health care [79].

Despite the rising burden of breast cancer cases globally, delayed diagnosis and late-

stage presentation are common problems, particularly in low- and middle-income coun-

tries [30]. In Africa, the number of breast cancer deaths is rising at an alarming rate

[24]. About 74,072 deaths, and 168,690 new cases were estimated to have occurred in

2018 and the age-standardized incidence rate is 37.9 per hundred thousand [80]. This

the above study also foretastes that breast cancer diagnoses in developing countries due

to a lack of healthcare resources. Most of the population relies on the public healthcare

system, which impacts tumor diagnosis. As a result, the metrics recorded in developed

countries cannot be directly compared to those found in developing countries since

developing countries’ healthcare facilities are inadequate.

Women’s breast cancer ranks in the front among the most frequent cancers in Ethiopia.

Despite the high incidence and mortality rate survival status among breast cancer pa-

tients were not determined in Ethiopia. The incidence of new cases of this disease

is currently increasing, resulting in high morbidity and mortality rates [92]. Ethiopia

does not have a national breast cancer screening program, and over 80% of patients

are diagnosed with sever-stage disease [12]. According to estimates from the World

Health Organization (WHO) report in 2018, breast cancer is the leading cancer in

Ethiopia with an estimated 15, 244 (22.6%) new cases and 5 years prevalence of 46.7%.

Ethiopia has the highest age-standardized mortality rate, which is reported to be 22.6

per hundred-thousand population due to breast cancer [96]. Mammography and Mag-

netic Resonance Imaging (MRI) are used for screening approach in the detection of

breast cancer and may help to reduce mortality effectively but Magnetic Resonance

Imaging (MRI) is more sensitive than mammography [32].

Bi-variate time to event endpoints is often used in many clinical trials for studying bi-

lateral diseases within the same subject or between the subject. When we see breasts,

the loss of one breast implies that the other has to take over a load of both. The same

happens for twin computers. If one breaks down, the other has to do twice the work

that it used to do and increasing the risk that it will also breakdown. It is also the

same for kidneys [57].

By: Alehegne Adamu 2



Modeling Time to last stage of Breast Cancer: Application of Copula

Applying the copula approach is used to overcome the problem of avoiding the associ-

ation between the bilateral time to event data, and it reduces the biases of parameter

estimates by accounting for the association between the left and right breast cancer.

Breast cancer was about 5% more likely to be diagnosed in the left breast than the right

breast [73]. Copula based method also connects the two marginal distributions directly

through a copula function to construct the joint distribution [87]. Moreover, the copula

parameter is used to explore the dependence between the time to last stage of right

and left breast cancer of the patient and the parametric marginal distribution model

assess the effects of covariates under dependence structure [84]. Studies conducted on

the association and severity difference between the right and left side last stage breast

cancer of the patients. Among the researches, a study [3] shows there was a significant

association between lateral breasts, as the number of positive nodes increased, the left

and right side hazard ratio increased in magnitude, trending towards poorer survival in

left sided breast cancer than right. Generally, we applied a copula-based approach for

time to left and right last stage breast cancer to measure the dependency between time

to last stage of left and right breast cancer patients in Felege Hiwot Comprehensive

Specialized Hospital (FHCSH).

1.2 Organization of the Thesis

This thesis is organized as follows: In chapter 1, we introduced definitions, backgrounds,

and prevalence of breast cancer starting from globally to Ethiopia consequently. In

chapter 2, we found out and wrote a literature review about different studies that have

been investigated previously and literature which were concerned about breast cancer

with different models. The literature review incorporated theoretical and empirical

studies and articles about the overall breast cancer disease and the models related to

this study. In chapter 3, we described the statistical methods. This section dealt with

the survival data analysis and its estimation technique. Archimedean copula family,

marginal distributions, and model adequacy checking techniques are presented. In

chapter 4, we described the statistical results and lastly in chapter 5 conclusions and

recommendations are presented.

By: Alehegne Adamu 3
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1.3 Statement of the Problem

Theoretical Gap

The prevalence of breast cancer worldwide is high and has increased in the last few

years [29]. GLOBOCAN report in 2021 shows that an estimated 2,261,419 new cases

were recorded and about 684,996 deaths were registered worldwide due to breast cancer

[88]. The prevalence of breast cancer in developing countries is also rising time to time

and more often that the patients diagnosed at a higher stage and have low survival rates

[6, 90, 48]. World Health Organization (WHO) reported in 2018 that breast cancer in

Ethiopia is the leading cancer disease with an estimate of 22.6% new cases and a 5

years prevalence was 46.7% [98][16]. Breast cancer is mostly occurred in the left breast

than the right breast [38]. This scholar stated that the left breast is 5 to 10% more

likely than the right breast to develop cancer. Moreover, in medical studies, recording

two event times for each patient is common. Particular examples include event times

of paired human organs, (breasts, kidneys, eyes, and lungs) [45]. These types of events

are correlated as they come from the same subject [46]. Moreover, a study [3] also

shows a significant association between time to left and right breast cancer laterally.

Methodological Gap

As far as our knowledge is concerned, few studies on women breast cancer [92, 99, 39,

50, 82] have tried to determine the factors associated with breast cancer by using the

longitudinal model and different classical survival models like cox proportional survival

models. However, none of the researchers tried to see the dependency of the time to

last stage left and right breast cancer of patients. Nowadays, bi-variate time to event

endpoints are often used in many clinical trials to study bilateral diseases within the

same subject. Researchers conducted bivariate marginal models for censored data [20]

but the approach that they have used deals with only the marginal likelihood func-

tion directly and ignores the dependence structure between the event times. However,

this study addressed research problems using the copula with marginal models. Unlike

the marginal approach, the copula-based methods directly connect the two marginal

distributions through a copula function to construct the joint distribution [46, 87].

By: Alehegne Adamu 4
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Moreover, applying a copula to measure the dependency for such bivariate survival

analysis is advantageous because it helps to model the joint distributions of random

variables in terms of marginal distributions and the dependence structure [86]. Gener-

ally, studies [92, 99, 39, 50, 82] have been conducted on the survival analysis of breast

cancer patients. None of these studies considered modeling time to last stage of breast

cancer patients with a copula to measure the dependency between the left and right

breast cancer at a national level.

1.4 Objectives

1.4.1 General Objective

The main objective of this study was modeling the time to last stage of left and

right side breast cancer patients laterally at Felege Hiwot Comprehensive Specialized

Hospital (FHCSH) by applying copula based bivariate survival model.

1.4.2 Specific Objectives

The specific objectives of the study were:

♣ To identify whether there is an association between time to last stage of right

and left breast cancer by using a dependence measurement.

♣ To identify the copula-based bivariate survival model that best predicts time to

last stage left and right breast cancer patients.

♣ To determine the significant factors that affect the time to last stage of women

breast cancer patients.

1.5 Significance of the Study

This study identified detailed information on the major risk factors leading to the last

stage breast cancer. The result of this study also might be used to improve awareness on

the factors which lead to stage advancement and death of women due to breast cancer.

It also enables to provide scientific information about the finding to the policymakers
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to enhance the society’s awareness about factors that lead to breast cancer and helps to

treat in its earlier stage with appropriate treatment. Finally for academicians, it would

be direct to thoughts and genuine interest in the subject matter for further research

especially, when two endpoints are dependent and used to know whether there is an

association between time to left and right last stage breast cancer of patients. Finally,

the results obtained from this study can be used as a baseline or reference to pave the

way for conducting further related studies and used as input for stakeholders (health

policymakers).

1.6 Operational Definitions

♣ Event: is defined as the last stage or stage IV of a patient due to breast cancer

at the time of treatment.

♣ Time to Event: The time from the first day of register to the occurrence of

reaching the last stage of breast cancer.

♣ Last stage or Stage IV: While breast cancer cells have spread far away from

the breast and lymph nodes around it, then it is called the last stage of breast

cancer. The staging system most often used for breast cancer is the tumor, node,

and metastatic system of the American Joint Committee on Cancer (AJCC).

♣ Ductal carcinoma in situ (DCIS): is the presence of abnormal cells inside a

milk duct in the breast.

♣ Lobular carcinoma in situ (LCIS): is an uncommon condition in which ab-

normal cells form in the milk glands (lobules) in the breast.

By: Alehegne Adamu 6
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2 LITERATURE REVIEW

Because breast cancer is one of the leading causes of mortality from non-communicable

diseases worldwide, several research has been conducted on the various risk factors

and co-morbidities associated with the condition. In the sub-section below we have

compressively discussed the different studies which deals with the risk factors associated

on of breast cancer.

2.1 Overview of Breast Cancer

Breast cancer is the uncontrollable cells that grow in the breast tissue, made up of milk-

producing glands called lobules and ducts that connect the lobules to the nipple [36]. It

is also characterized as either invasive or noninvasive in most cases. Breast cancer is the

most common invasive cancer that affects more than 10% of women worldwide. The

invasive variety of breast cancer spreads throughout the body, but the noninvasive type

does not [28]. Breast cancer is the most common cause of cancer death in developing

countries and it is the most common type of cancer among Ethiopian women [15].

Despite the high incidence, the exact death rate and survival status of breast cancer

patients in Ethiopia have not been determined [9].

In study [83] about 5 to 10% of women with breast cancer have end-stage breast disease

and an intact present breast tumor worldwide. Even though this is a small percentage

of breast cancer patients, considering the prevalence of the disease, management of the

primary tumor in stage IV disease remains a common clinical scenario. Globally, breast

cancer was responsible for an estimated 626,679 deaths at an age standardized rate of

13 per 100,000. There were 2.1 million cases diagnosed in 2018 at an age-standardized

rate of 46.3 per hundred thousand [81].

2.2 Major Risk Factors of Breast Cancer

Based on different literature some of the main risk factors for the last stage of breast

cancer are as follows:
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Age: The global age-standardized rate of its mortality was 16.3 per 100,000 population

in 2018 [47]. Even though the cancer starts from one cell, aging is another fundamental

factor for the development of cancer. As one gets older, the risk of developing breast

cancer increases [90]. A study conducted on breast cancer opportunities for prevention

study in age has a major impact on women with breast cancer, with 35% times more

likely to die in those aged 65 and over. A study conducted in Tikur Anbesa Hospi-

tal [15] concluded that the association between age and breast cancer was that breast

cancer for age interval 50 or above 50 of breast cancer patients at hazard rate of about

0.727 [95% CI: 0.58, 0.92] times less than patients who were grouped to age interval

≤35. A study in north Ethiopia done by Tesfaye et al. on modeling of tumor size and

time to death of breast cancer jointly presented that the stage of the disease of BC

patients increases as a patient gets older and the median age of the patient was 47 [91].

The study by Hoang in China also shows that age has a significantly negative effect on

the mean survival time and the expected survival time of women with breast cancer

patients decreases as they get older [74].

Hypertension: A study [44] collectively reports that hypertension significantly cor-

relates with breast cancer risk (RR: 1.15, 95% CI: 1.08, 1.22), specifically for post-

menopausal hypertensive women. The study on mammographic screening and risk

factors for breast cancer also concluded that hypertension and breast cancer has a

statistically significant association [23]. However, a meta-analysis of five case-control

studies by Grossman et al [41] reports that the association between the risk of breast

cancer and hypertension are not statistically significant.

Metastasis: Considering metastatic of the BC disease, a study on breast cancer in

American society [72] reports that with the advances in breast cancer screening, diag-

nosis, and therapy, roughly 12% of patients with a breast cancer diagnosis will develop

metastatic disease or breast cancer that has spread beyond the breast to other regions

of the body. In addition, no treatments are given for metastatic breast cancer patients,

and it has a terrible prognosis: the 5-year survival rate is about 26%. Generally, the

above scholars concluded that metastasis and breast cancer have a significant associa-

tion.
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Treatment Type: Despite the breast cancer treatment type, it remains a leading

cause of cancer mortality in women and a serious public health concern. A meta-

analysis study conducted on [4] reports that patients who had surgery, radiotherapy,

and chemotherapy, as well as survivors who received this combination plus hormone

therapy, were at a 38% greater risk than survivors who received other treatment com-

binations. Survivors who received surgery or surgery plus radiotherapy had a lower

risk than survivors who received additional treatments.

Pathology type: A study in North Ethiopia on breast cancer concluded that clinical,

pathological, and treatment patterns influence breast cancer and, as a result, enhance

healthcare provided [26]. A study on pathology type in breast cancer [64] researched

that women with high-grade ductal carcinoma in-situ1 were 88% times more likely to

die of breast cancer than women with low-grade ductal carcinoma in-situ and it has an

association with the risk of breast cancer. The retrospective study [89] on comparison

between pathology types concluded that breast cancer risk factors identical in women

with a pathology type ductal invasive carcinoma-in-situ and invasive breast cancer.

Blood type: There have been increasingly contradicting results conducted on the

association between breast cancer and blood group but some researchers have been

able to ascertain the presence of the association between blood types and breast can-

cer incidence and some others concluded no association between them. A study on

the association of the blood group with breast cancer conducted in Saudi Arabia also

concluded based on their result that the blood type ”A” has a high risk of breast can-

cer, but the blood type ”AB” has a low risk and Blood group “A” has high incidence

of breast cancer (45.88%), blood group “O” (31.69%), “B” (16.16%) and “AB” has

(6.27%) incidence of breast cancer [62]. However, a study about the prognostic value

of ABO blood types in young patients with breast cancer in Korea noted that when

younger than 40 years compared to blood group AB, patients with blood group O were

more likely to have positive prognoses [71].

Family History: A study on risk factors of breast cancer [70] suggests that women

who have a first relative (mother, sister, or daughter) are more likely to acquire breast

1Ductal carcinoma in situ (DCIS) is the presence of abnormal cells inside a milk duct in the breast.
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cancer. The risk is increased if more than one relative had breast cancer, if the dis-

ease happened before menopause, or if it was bilateral. For women with one affected

first-degree relative, the incidence of breast cancer is 5%, and for women with two, it

is 13%.

Obesity: A study by Daniel et al. stated that obesity is directly associated with

a higher incidence of breast cancer and much worse cancer-related outcomes for all

breast tumors [10]. Furthermore, a study in California supports the above investiga-

tion that obese individuals have a higher chance of local recurrence than women of

normal weight, and surgery, radiation, and chemotherapy problems are more common

in obese breast cancer patients [53]. The effect of obesity and breast cancer was also

noted in a study that obese women with breast cancer had a lower survival rate than

non-obese women with breast cancer [76].

Residence: A retrospective study about risk factors of breast cancer conducted in

southwest Ethiopia concluded that breast cancer patients in rural locations had 14%

times poorer survival rate than breast cancer patients in urban areas [14]. A study [68]

conducted on breast cancer presentation, surgical management, and mortality across

the rural–urban continuum reports that the stage of cancer increased with rurality.

Compared to rural regions, residency in urban areas was related to higher breast re-

construction rates and lower overall mortality.

Histology Grade: A study conducted in Addis Ababa & Mekele, Ethiopia [15, 91]

agreed that histology grade have had a statistical significant factors on breast cancer

patients. A study on cancer-specific survival outcome in early-stage young breast can-

cer [56] reported that the proportion of differentiated grade was in grade III (poorly

differentiated) with a ratio of 57.4%, whereas grade I (well-differentiated) and II

(moderately-differentiated) were presented in only 8.1% and 34.9% of patients.

Many studies [92, 95, 40, 19, 78, 2] conducted on breast cancer attributable to risk

factors reported that the risk factors such as smoking, alcohol use, marital status, and

academic status were the leading risk factors for death from breast cancer worldwide

and in low-and-middle-income countries but those risk factors would not be included in
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our study since the data for those variables were not registered in the patient’s registry

card.

2.3 Applications of Copula in Related Studies

Bi-variate data frequently arise in many research areas such as health, epidemiology,

and economics. A study [3] concluded that left breast cancer has more aggressive

pathology than right breast cancer, resulting in worse outcomes in multiple patient

cohort studies. A study [58] on the volume of left and right breast cancer reports no

significant relationship between the left and right breast volume. In analyzing of such

bi-variate survival data, the key element is an appropriate account for dependence

between event times [59]. It is interesting to estimate and quantify the dependence

between the bi-variate event times and the effects of covariates under the dependence

structure. Study [11] presents that the survival rate for women patients affected in the

right breast is 61.1% and for the left breast is 59.1%.

Copula-based survival models have been used in survival analysis by several authors,

namely by Clayton [21], Nelson [66], Hougaard [46], Marshall [60] and Oekes [67] among

others. A copula-based joint survival modeling of overall survival and disease-free

time of breast cancer study [31] concluded that there is a strong relationship between

disease-free and overall survival periods of breast cancer using a copula dependency

result. That link is modified by patient age and older patients have a greater relation-

ship between the times-to-event. In the previous few years, [37] proposed a Bayesian

competing risks approach to model progression-related measurements and overall sur-

vival by Gaussian copulas jointly. Similarly, [55] applied a time-varying bayesian joint

cluster copula model to analyze recurrent events and terminal events. A study [35],

evaluated the joint effect of several factors in two markers of glycemic control through

a bivariate copula generalized additive models for location, scale, and shape, aiming to

improve the diagnosis and treatment of diabetes.
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3 DATA AND METHODS

3.1 Study Area and Design

This study was conducted in Felege Hiwot Comprehensive Specialized Hospital, Bahir

Dar, Ethiopia. Bahir Dar is a metropolitan city in the Amhara region, Ethiopia, and

is located at 1820 meters above sea level. Bahir Dar is the seat and capital city of

Amhara’s regional government, located in the northwest of the country, and about

564 kilometers from Addis Ababa. Bahir Dar city is one of the most popular tourist

destinations in Ethiopia. The Felege Hiwot Comprehensive Specialized Hospital is

located in the city on Lake Tana’s shore. This hospital serves as a referral hospital for

the catchment of Bahir Dar city and surrounding areas [5]. In this study, a retrospective

study design was carried out by retrieving relevant information from the medical records

of breast cancer patients and a total of 516 patients were considered.

3.2 Data Description and Structure for Bi-variate Events

The data for this study were collected from the Felege Hiwot Comprehensive Specialized

Hospital oncology ward’s outpatient in breast cancer. Data were gathered retrospec-

tively by taking all women breast cancer patients registered with full information in the

registration book. Following data gathering, data were entered into Excel datasheets,

and then the data were exported into the R software for analysis. Appendix 6.1 il-

lustrated the data structures required for modeling time to bi-variate event endpoints

(modeling time to last stage of breast cancer patients).

For both right and left breast, the event of interest was the time from the day the

patient was registered at the hospital to the last stage of the breast cancer. Event time

was the time from hospital registration for breast disease to when cancer is at the last

stage or stage IV. Bi-variate right-censored data occurred when the study ended before

one or both events occurred. The right censoring can happen if the event still did not

occur at the last assessment time or if the patient has withdrawal before the end of the

study.
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Study Population and Period

A retrospective study design was employed to model the time to last stage breast can-

cer of the patients based on the hospital registry in FHCSH. Secondary data recorded

at the hospital from the patient’s registry date to the event time or censoring time or

up to the end of the study was used. The population of this study was all patients

with a breast cancer disease who had registered at FHCSH starting from 1 January,

2018 to 1 January, 2022. This is because the oncology ward started to give treatments

since 2018.

3.3 Inclusion Criteria

This study considered all female breast cancer patients in FHCSH. Because the oc-

currence of this case was rare in males than females although we had found very few

male breast cancer patients during a time of data collection in the hospital. So, we

didn’t include in this study. All women patients registered with full information in the

registration book or the chart were considered eligible for the study.

3.4 Ethical Considerations

Ethical clearance and approval to conduct the research was obtained from Research

and Ethical Committee, College of Science, Bahir Dar University, and the Felege Hiwot

Comprehensive Specialized Hospital granted permission for data collection. Privacy of

the patients and cultural norms would be respected properly.

3.5 Study Variables

Variables mentioned under risk factors are factors that were associated with causing

the last stage of breast cancer disease. A patient may experience one of the following

four cases:

a. [1, 1], if both breasts of the patients reached the last stage.

b. [1, 0], if the only right breasts of the patients reached the last stage.
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c. [0, 1], if the only left breasts of the patients reached the last stage.

d. [0, 0], if both breasts of the patients did not reach the last stage.

Response Variable

The response variable was the time to last stage of breast cancer for women patients

starting from the first day of patients registered at the hospital to the occurrence of

the event in months, as 0 indicates a censored event and 1 indicates a last stage or the

occurrence of the event.

Independent Variables

The predictor variables were the factors for the last stage breast cancer that were

obtained from different literature’s. The risk factors included in this study are age,

residence, family history, obesity, blood type and prognostic factors such as: pathol-

ogy type, anemia, treatment, metastasis, histology and hypertensive. Codes for each

category in the variable are indicated in Appendix-III.

3.6 Methods of Data Analysis

3.6.1 Survival Data Analysis

The survival function captures the proportion of individuals for whom the event of

interest has not yet occurred by time t [1]. The survival function, represented by S(t),

is defined to be the probability that an individual time to the last stage is greater than

or equal to t, and so,

S(t) = P (T ≥ t) = 1− F (t)

where: F (t) = P (T ≤ t) =
R t

0
f(u)du for t > 0 is the probability that a patient is on

the last stage before time t. The survivor function can therefore be used to represent

the probability that an individual does not reach at the last stage from the time origin

to some-times beyond t [22].

When some patients are lost to follow-up or when the term of observation is limited,

certain patients may not experience the event of interest within the research period,

the use of survival analysis, as opposed to other statistical approach, is most impor-

tant. Most survival analyses take censoring into account as a significant analytically
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challenge. Censoring occurs when we have some information about individual survival

time but do not know the exact survival time. Survival time is considered to be right-

censored when it is recorded from the start to a predetermined time before the finish

[54]. Censoring can be occurred due to the following reasons: lost to follow-up, death

by other unrelated causes, termination of the study and others.

In this study, we have used the marginal distributions and applications of copula fam-

ilies to measure the dependency between the two end-points rather than the non-

parametric and semi-parametric model because non-parametric and semi-parametric

model estimations are less efficient than parametric marginal models and the assump-

tions of independence are not in line with copula assumptions. Parametric marginal

models efficiently minimize bias and standard error [49].

3.6.2 Parametric Marginal Models

To asses the effects of covariate on the time to last stage of breast cancer of the pa-

tients, it is necessary to choose a model for the margins. A parametric survival model

is one in which survival time is assumed to follow a known distribution. Parametric

models are more efficient than their corresponding non-parametric or semi-parametric

models because their estimation is based on time and event information [63]. It is

more efficient, leading to smaller standard errors and more precise estimates [51]. The

supported marginal models are Proportional hazards models (Weibull and Gompertz)

and Proportional odds (Log-logistic).

Both parametric and semi-parametric estimators of the association parameter are effi-

cient at independence, and the parameter estimates in the margins have high efficiency

and are robust to the misspecification of dependency structure. Generally, the marginal

survival model in terms of hazard function is given by:

λj(tji|Zji) = λ0j(tji)exp(β
′Zji), j = 1, 2; i = 1, ..., n (1)

where: λ0j is the baseline hazard function for the jth margin, Zji are the covariates

for the ith patient with jth margin and β are the coefficient of covariate. The marginal

survival distribution for Tji given covariate Zji can be expressed as:

Sj(tji|Zji) = P (Tji ≥ tji|Zji
) = S0j(tji)

exp(β′Zji), j = 1, 2; i = 1, 2, ...., n (2)
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Where: S0j(tji) is the baseline survival distribution and given by exp{−
R tji

0
λ0j(s)d(s)}

Choice of Marginal Survival Distributions

The choice of the appropriate parametric marginal distribution form is the most diffi-

cult part of survival analysis. The specification of the parametric marginal distribution

form should be driven by the study hypothesis along with prior knowledge of the shape

of the baseline hazard. The popularity of these in survival analysis is also largely due to

model parsimony, straightforwardness of the approach, ability to satisfactorily model

data commonly encountered in survival analysis, and readily available statistical soft-

ware packages.

Weibull Marginal Distribution

The weibull distribution assumes a monotonic hazard that can either increase or de-

crease but not both. It has two parameters. The weibull marginal survival distribution

can be written as:

Sj(tj|Zji) = exp{(−λjt
kj

j )eβ′Zji}, j = 1, 2, i = 1, ....n (3)

Where tj > 0 is the event time, λj > 0 and kj > 0 are the scale and shape parameters

of the baseline weibull marginal distribution, Zji are the covariates for the ith patient

with jth margin and β are the coefficient of covariate. The exponential distribution

is a special case of weibull distribution. When the shape parameter k=1 , the weibull

distribution is an exponential distribution. It is not practically used because in survival

analysis, the hazard rate may not exceed fairly constant over time and has no shape

parameter. The assumption of a constant hazard function or an exponentially dis-

tributed survival time is rarely tenable. Therefore, we did not include it in this study.

The weibull is the most widely used survival time distribution model. Now using the

link to the accelerated failure model to get the estimates of the different parameters we

can fit a weibull proportional hazard model to study the survival probability of breast

cancer patients using the links:

λ = exp

�
−µ

δ

�
, α =

1

δ
and β =

−βAFT

δ
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By re-parameterizing the weibull distribution using λ = µ−α then ho = λαta−1 would

be the baseline hazard function. Now incorporating covariates matrix X in the hazard

function the weibull regression model becomes:

h(t,X) = λαtα−1 exp(X ′β)

Gompertz Marginal Distribution

The Gompertz distribution is a PH model equal to the log-Weibull distribution, so

the log of the hazard function is linear in time. The distribution was introduced by

Gompertz in 1825, as a model for human mortality [75]. This distribution has an

exponentially increasing event rate and is often appropriate for actuarial data, as the

mortality risk increases exponentially over time. The Gompertz marginal survival

distribution can be written as:

Sj(tj|Zji) = exp{− bj
aj
(eajtj − 1)eβ′Zji}, j = 1, 2; i = 1, ..., n (4)

where: tj > 0 is the survival time, bj > 0 and aj > 0 are the scale and shape param-

eters of the baseline Gompertz marginal distribution, Zji are the covariates for the ith

patient with jth margin and β are the coefficient of covariate.

Log-logistic Marginal Distribution

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

metric 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 censored data, using log-logistic distribution is mathematically more

advantageous than other distributions [43]. The log-logistic distribution is not a PH

model, but it is a Proportional Odds (PO) model. The distribution natural to use one

in conjunction with the proportional odds model. It is the only distribution to share

both the accelerated failure time property and the proportional odds property. This

means that it is subject to the PO assumption, the advantage is that the coefficients

can be interpreted as odds ratios [22]. If survival times for individuals are assumed to
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have a log-logistic distribution, the Marginal survival distribution is given by:

Sj(tj|Zji) = {1 + λjt
kj

j eβ′Zji}−1, j = 1, 2; i = 1, ..., n (5)

where: tj > 0 is the failure time, λj > 0 and kj > 0 are the scale and shape parameters

of the baseline Log-logistic marginal distribution, Zji are the covariates for the ith

patient with jth margin and β are the coefficient of covariate.

Table 3.1: Summary of Marginal Baseline Distributions

Distribution S0(t) h0(t) Parameter space

Weibull exp{−λtk} λktk−1 λ, k > 0

Gompertz exp{− b
a
(eat − 1) beat a, b > 0

Log-logistic {1 + λtk}−1 λktk−1/1 + λtk λ, k > 0

3.6.3 Application of Copula for Bi-variate Events Time

Bi-variate survival analysis is a branch of survival analysis, that deals with two events

per subject. It deals with dependence between event times including influence of covari-

ates on event times in the presence of dependence [49]. The copula approach specifies

marginal distributions for each random variable and function (copula) that connects

them. The copula function can be parameterized to incorporate measures of depen-

dence between marginal distributions. If the copula is a product of two marginals,

then independence is gained, and each marginal should be estimated separately. It

is possible to estimate the joint distribution efficiently using a copula when there is

dependency. Because a copula may represent dependency patterns regardless of the

shape of the boundaries, statisticians may find a copula method to modeling correlated

variables to be highly beneficial [93].

Bivariate copula methods construct the joint distribution by directly connecting the

two marginal distributions through a copula function C, with the copula parameter

determining the dependence. This feature allows the modeling of the margins separa-

ble from the copula function [86]. Copulas have provided flexible survival models and

unified statistical methods. In addition, copulas provide measures of dependence on
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Kendall’s tau, free from the model specifications of the marginal survival distributions.

Copulas are useful tools for modeling multivariate outcomes because they allow us to

build the dependency structure separately of the marginal probabilities. To be clear

first define the notation for bivariate time to event data. Bi-variate survival analysis

involves studying events time, including the influence of covariates, in the presence of

dependence [49]. Copulas are functions that join multivariate distribution functions

to their specific one-dimensional marginal distribution functions. One unique feature

of copula is that it models the two marginal distributions and the between margin

dependence separately, allowing flexibility in marginal models and straightforward in-

terpretation for covariate effects [86].

Copula function is a way of linking the marginal distributions to obtain the joint dis-

tribution of two or more random variables and provide a parametric assumption about

the dependence between two correlated margins. The parameter η in copula function

describes the dependence between T1 and T2. By Sklar’s theory, one can model the

joint distribution by modeling the copula function and the marginal distributions sep-

arately [84] and he stated that if marginal survival functions S1(t1) = P (T1 > t1) and

S2(t2) = P (T2 > t2) for T1 and T2 are continuous, then there exists a unique copula

function Cη such that for all t1, t2 ≥ 0

S(t1, t2) = Cη[S2(t2), S1(t1)], t1, t2 ≥ 0 (6)

Here, the function Cη is called a copula function and its parameter η measures the

dependence between the two margins. Define the density function for Cη to be cη =

∂2Cη(u, v) = ∂u/∂v, then the joint density function of T1 and T2 can be expressed as:

f(t1, t2) = cη{S1(t1), S2(t2)}f1(t1)f2(t2), t1, t2 ≥ 0 (7)

The copula function is robust in modeling various dependence structures.

There are two major types of copula families. The first one is elliptical copula and

the second copula family is Archimedean copula family. Elliptical copulas are most

commonly used elliptical distributions with the multivariate normal and student-t dis-

tributions. The key disadvantage is that elliptical copulas do not have closed form

expressions and are restricted to radial symmetry and assume normal [34]. Therefore,
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in this study, we used the Archimedean copula family rather than elliptical because

the nature of the data is not normally distributed.

Why is Copula Preferable?

Survival times are frequently not independent of each other; there may be a natural

association because individuals share biological and/or environmental conditions. For

example, breasts within a patient will be more alike than breasts from different pa-

tients because of genetic influence. Such data are known as correlated survival data

[18]. In survival studies when the event times are dependent, performing the analysis

using methods based on independent assumption, leads to biased estimation. This is

why the alternative framework of the bivariate survival analysis for time to bi-variate

event endpoints has been developed [77].

The univariate survival analysis assumes that event times are independent of each

other. However, this assumption can be violated when the study units are paired such

as twins, married couples, or with bilateral diseases such as breasts. In the presence

of the dependence between the two event times, a bi-variate survival analysis needs

to be considered [46]. Bi-variate survival analysis involves the study of events time,

including the influence of covariates, in the presence of dependence [49]

The multivariate normal assumption also may be inappropriate in many applications.

Non-normality occur in different ways. First, the marginal distribution of some vari-

ables may not be normal. Second, even if all the marginal distributions are normal,

these variables jointly may not be multivariate normal. Therefore, copulas are more

flexible than the multivariate normal distribution [97, 66]. A copula is a multivariate

distribution function whose marginals are all uniform over the unit interval. It is well

known that any continuous random variable can be transformed to a uniform random

variable over the unit interval by its probability integral transformation [67]. Let X

and Y are continuous random variables representing the time to event of left and right

breast cancer, with cumulative distribution functions respectively:

Fx(x) = P(X ≤ x)

Fy(y) = P(Y ≤ y)
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According to Sklar [84], there is a unique function C such as

Pr(X ≤ x, Y ≤ y) = C(F (x), G(y))

Where

C(u, v) = Pr(U ≤ u, V ≤ v)

is the distribution of the pair

(U, V ) = (F (X), G(Y ))

from 0 to 1 ( u and v are strictly increasing functions).

3.6.4 Archimedean Copulas

The most popular copula family for bi-variate events data is the Archimedean copula

family, which is one of the popular copula families because of its flexibility and sim-

plicity. They are easily derived and can capture wide ranges of dependence [57]. In

this study, we used only Archimedean copula family because our data followed non-

normal probability density functions and the bivariate endpoints may have non-normal

dependence relationships. This research assumes that C is bivariate and restricts focus

to the Archimedean copulas, a subclass of copulas in which joint survival functions

have simple representations. Practically, survival time to event data is right-skewed.

A copula Cη belongs to an Archimedean family if it can be expressed as:

Cη(u, v) = ϕη{ϕ−1
η (u) + ϕ−1

η (v)},

where: u and v are two uniformly distributed margins, ϕη is the generator function,

which is a continuous, strictly decreasing, and convex function, ϕ−1
η is the inverse of

ϕη. Three most frequently used Archimedean copulas in survival analysis are:

Clayton Copula

The Clayton copula is a copula that allows any specific non-zero level of (lower) tail

dependency between individual variables. The Clayton copula is expressed as:

Cη (u, v) = (u−η + v−η − 1)
−1/η

, η ∈ (0,∞)

and its generator function is given by:
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ϕη (t) = η−1 (tη − 1),

For a Clayton copula, the association parameter η corresponds to Kendall’s tau as

τ = η/(2 + η). Thus, T1 and T2 are positively associated when η > 0 and are indepen-

dent when η → 0 [21].

Gumbel Copula

The Gumbel copula is an appropriate choice if outcomes are known to be substan-

tially associated at high values but less correlated at low values [42]. The dependence

parameter is restricted to the interval [1,∞). Values of 1 and ∞ correspond to inde-

pendence. Gumbel, like the Clayton copula, does not allow negative dependency, but

unlike Clayton, Gumbel has a high right tail dependence and a relatively weak left tail

dependence2. The Gumbel copula is expressed as:

Cη(u, v) = exp[−{(−log(u))η + (−log(v))η}1/η, η ∈ [1,∞),

and its generator function is given by:

ϕη(t) = (−log(t))η,

for a Gumbel copula, τ = 1 − 1/η, meaning T1 and T2 are positively associated when

η > 1 and are independent when η = 1 [42].

Joe Copula

The Joe copula is expressed as:

C(u, v) = 1− {(ū)η + (v̄)η − (ūv̄)η}, η ∈ [1, ∞)

where ū = 1− u and v̄ = 1− v and its generator function is given by:

ϕη(t) = −log(1− (1− t)η),

for a Joe copula family, Kendall’s tau τ is given in the below equation, meaning T1 and

T2 are positively associated when η > 1 and are independent when η = 1 [49].

τ = 1−
∞X
k=1

1

k(η + 2)η(k − 1) + 2
(8)

2Tail dependence refers to measuring of the dependence between two margins in the lower and

upper tails
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When modeling joints with copula, the correlation coefficient loses meaning, and Kendall’s

coefficient is a regularly used alternative for measuring dependency (τ) [66].

Table 3.2: Archimedean copula families and its measures of dependence

Copula family Range of η ηind Generator:ϕη(t) Kendall’s tau(τ) Range of τ

Clayton 0 ≤ η < ∞ 0 η−1(tη − 1) η/(η + 2) 0 ≤ τ ≤ 1

Gumbel 1 ≤ η < ∞ 1 (−log(t))η 1− 1/η 0 ≤ τ ≤ 1

Joe 1 ≤ η < ∞ 1 −log(1− (1− t)η) 0 ≤ τ ≤ 1

For Joe, there is no closed form, but equation (8) is evaluated numerically.

3.6.5 Kendall’s Tau Dependence

Kendall’s rank correlation and spearman’s rank correlations are related to the cop-

ula parameter. Pearson’s correlation measures linear relationship between variables.

Kendall correlation is more robust and efficient than spearman correlation. For non-

normal random variables, the concept of Pearson correlation is not necessary important

because the nature of non-normal bivariate survival data may not satisfy the assump-

tion of linearity [49]. However, Kendall’s tau (τ) is most frequently used in practice

as a measure of dependence between time to bi-variate event endpoints. It means

that Kendall correlation is preferred when there are small samples. Survival data are

naturally right-skewed, which may cause a heteroscedasticity problem when we fit the

bivariate model [22]. Therefore, Kendall’s correlation coefficient was employed to de-

termine the relationship between those variables in this study.

To check whether a parametric survival copula model approximates the dependence

structure, we have used a method to compare event time one (T1) versus event time

two (T2) to measure the association between two margins, such as kendall’s τ . The

copula parameter η is one-to-one correspondence with the popular dependence mea-

sure kendall’s tau [66]. The dependence measurement kendall’s tau (τ) can be directly

obtained as a function of η in some copula models. It is well-known that Kendall’s tau

(τ) is in between [0, 1] because a joint copula follows a a uniform distribution. If the

copula C(u, v) = uv, where u, v ∈ [0, 1], then τ = 0. This means the two event time

has no significant association.
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The measure of dependency using Kendall’s tau when the marginal distributions are

uniform can be evaluated by integration of the bivariate survivor function:

τ = 4

Z 1

0

Z 1

0

f (t1, t2)S (t1, t2) dt1dt2 − 1 (9)

3.6.6 Novel Two-step Parameter Estimation Method

Likelihood estimation is required to fit a statistical model to the data and provide es-

timates for the model’s parameters, with the most common approach being maximum

likelihood estimation. Joint maximum likelihood estimation is used to obtain estimates

for parameters in the marginal distribution models and the dependence parameters.

Each patient experiences one of the four cases: (i) δ1 = δ2 = 1 if both breasts are at

the last stage, (ii) δ1 = 1 and δ2 = 0 if only right breast is reached at the last stage,

(iii) δ1 = 0 and δ2 = 1 if only left breast is reached at the last stage or (iv) δ1 = δ2 = 0

if both breasts are not in stage IV. Each case has its likelihood. The joint likelihood

for the observed data D = {Di}ni=1 by combining the above scenarios is given by:

Ln(θ | D) =
nY

i=1

f (yi1, yi2 | Zi1, Zi2)
δi1δi2 ×

�
−∂S (yi1, yi2 | Zi1, Zi2)

∂yi1

�δi1(1−δi2)

×
�
−∂S (yi1, yi2 | Zi1, Zi2)

∂yi2

�(1−δi1)δi2

× S (yi1, yi2 | Zi1, Zi2)
(1−δi1)(1−δi2)

=
nY

i=1

[cη {S1 (yi1 | Zi1) , S2 (yi2 | Zi2)} f1 (yi1 | Zi1) f2 (yi2 | Zi2)]
δi1δi2

×
�
−∂Cη {S1 (yi1 | Zi1) , S2 (yi2 | Zi2)}

∂yi1

�δi1(1−δi2)

×
�
−∂Cη {S1 (yi1 | Zi1) , S2 (yi2 | Zi2)}

∂yi2

�(1−δi1)δi2

× Cη {S1 (yi1 | Zi1) , S2 (yi2 | Zi2)}(1−δi1)(1−δi2)

(10)

where (δi1, δi2) ∈ {(0, 0), (0, 1), (1, 0), (1, 1)},

Di = {(Yij,∆ij, Zij) : Yij = min (Tij, Cij) ,∆ij = I (Tij ≤ Cij) , j = 1, 2}, Cij is the cen-

soring time of Tij, ∆ij is the censoring indicator and Zij is the covariate vector.

In this study, parametric two-step estimation methods were employed to focus on

marginal distributions, not their return-volume dependency. We have specified the
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parametric distribution of marginals. The estimation procedure for the unknown pa-

rameter θ is generally applicable for any selected Archimedean copula families and

marginal distribution models. For simplicity, we have used the general notation θ =

(β′
1, β

′
2, η, S01, S02)

′. In principle, we could maximize the joint log-likelihood function

based on the above formula directly, written as ln(θ) = logLn(θ|D) =
Pn

i=1 logL(θ|Di).

Due to the complex structure of the log-likelihood function, a novel two-step estimation

procedure was used, which is proven to be computationally more stable and efficient

than the one-step procedure [86]. Essentially, the two-step procedure implements an

extra step to obtain appropriate initial values for all the unknown parameters. In

step 1, we first obtained initial estimates of the parameters in marginal distributions

(βj, S0j) based on marginal likelihood functions. Then it maximized the pseudo joint

likelihood (with the initial estimates of (βj, S0j) plugged in) to get an initial estimate

of the dependence parameter η. Then in step 2, we maximize the joint likelihood with

estimates from step 1 being initial values to obtain the final estimate [85], [57]. The

estimation procedure is described below:

1. Obtain initial estimates of θn:

a.
h
β̂
(1)
jn , Ŝ

(1)
0j

i
= argmax

(βj ,S0j)

ljn(βj, S0j), where ljn denotes the log-likelihood for

the marginal model, j = 1, 2

b. η̂
(1)
n = argmax

η
ln{β̂(1)

n = β̂
(1)
1n , β̂

(1)
2n , η, Ŝ

(1)
01 , Ŝ

(1)
02 }; where β̂

(1)
jn and Ŝ

(1)
j2 are the

initial estimates and ln is the joint log-likelihood.

2. Simultaneously maximize the joint log-likelihood to get final estimates. θ̂n =

(β̂n, η̂, Ŝ
(1)
01 , Ŝ

(1)
02 = argmax

(β,η,S01,S02)

ln(β, η, S01, S02) with initial values (β̂
(1)
n , η̂

(1)
n , Ŝ

(1)
01 , Ŝ

(1)
02 ),

obtained from step 1 in the above.

3.6.7 Model Comparison

To select the parsimonious model appropriate to the given data, it is necessary to com-

pare different models using different techniques and methods. Hence, the comparison

between different models is an important issue in statistical inference. Many mod-

els have been proposed, such as that by Gumbel in 1960 [42], Clayton in 1978 [21],
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and Hougaard in 2000 [46], where the continuous joint survival function S(t1, t2) of

(T1, T2) can be expressed in terms of their survival marginal distributions S1(t1), S2(t2)

respectively and their associated dependence function C, such that we have the form:

S(t1, t2) = C{S1(t1), S2(t2)} (11)

where: C is called a copula and is itself a survival function on [0, 1]2. Because of

their simple form and a special feature that the dependence function and hence the

dependence relationship does not rely on the form of the marginal distributions, copula

models have been widely applied to model multivariate data. The global association

between T1 and T2 of the left ad right last stage breast cancer of the patients can be

measured by Kendall’s tau [49, 66].

Several model selection procedures have been proposed for the copula-based time to

events model. In 2000, a model selection procedure based on a non-parametric esti-

mation of the bivariate joint survival function within the class of Archimedean copulas

was proposed [94]. For model diagnostics, researchers conducted a penalized pseudo-

likelihood ratio test for copula models in noncensored data [20]. Recently, a researcher

proposed goodness of fit test for copula models using the pseudo in and out of sample

(PIOS) method [100]. Then Mei extended this PIOS method to censored survival data

without covariates [61].

It is essential to select appropriate copula families and marginal baseline distributions.

However, there is no known model comparison method for a specific copula-based

bivariate survival models. Copulas are not nested relative to each other. Thus infor-

mation criteria such as: Akaike Information Criterion (AIC) or Bayesian Information

Criterion (BIC) is useful to choose the best-fitting copula. To explore the best statisti-

cal model which fits the breast cancer data set, the researcher has been used AIC and

BIC were used:

Akaike Information Criterion (AIC)

Most commonly AIC is used as model selection criteria for comparison of non-nested

models based on the joint log-likelihood function. The AIC model selection criteria are
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summarized as follows:

AIC = −2logL(D, θ̂) + 2k

where k is the number of parameters in the model, L(D, θ̂) = the joint maximized value

of the likelihood function of the model, θ̂ are the parameter values that maximize the

likelihood function and the smaller the value AIC the better the model.

Bayesian Information Criterion (BIC)

Bayesian information criteria (BIC) is also the other method to compare different

models and was proposed by Schwarz (1978)[65].

BIC = −2logL(D, θ̂) + kln(n)

where n is the sample size of the given data, k is the number of parameters in the

model, L(D, θ̂) = the joint maximized value of the likelihood function of the model,

and θ̂ are the parameter values that maximize the likelihood function. Note that AIC,

and/or BIC’s smaller value is considered as an appropriate or good model.

3.6.8 Model Adequacy Checking

Evaluation of marginal distribution by graphical method

Regardless of which model is fitted and how the variables are selected, it is important

to evaluate how well the model fits the data. A model with weibull distribution has

the property that the log of cumulative hazard is linear with the log of time, where

S(t) = exp(−λtk), log of cumulative hazard is log(λ) + klog(t). This property allows

a graphical evaluation of the appropriateness of the weibull model by plotting the log

of cumulative hazard versus the log of time [25]. The plot should resemble a straight

line if the weibull assumptions hold.

A model with the Gompertz distribution has a property that the log of hazard is linear

with the time, where S(t) = exp{−a
b
(eat − 1)}. Hence, the log of hazard is log(b) + at.

This property allows a graphical evaluation of the appropriateness of a Gompertz model

by plotting the log of hazard versus time [22]. The plot should resemble a straight line

if the assumption holds. The plot should resemble a straight line if the assumption
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holds.

The log-failure odds versus log time of the log-logistic model is linear, where the failure

odds of the log-logistic survival model can be computed as:

1−S(t)
S(t)

= λtk ⇒ log
�

1−S(t)
S(t)

�
= log(λ) + klog(t)

Therefore the appropriateness of the model with the log-logistic distribution can be

graphically evaluated by plotting log{(1− S(t))/S(t)} versus log time [52]. The plot

should resemble a straight line if the assumption holds.

Checking the adequacy of Archimedean copula families

To check the copula family, it is possible to use scatter plots of joint survival distri-

bution or scatter plot of bi-variate event times [34] [95]. In this study, the researchers

used scatter plots of joint survival distribution for various copula families to choose

Archimedean copula families which fit the breast cancer dataset well.
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4 RESULTS AND DISCUSSIONS

4.1 Results

4.1.1 Descriptive Results

A total of 516 female breast cancer patients were considered in this study. The following

two tables summarize the percentage of patients with left or right or both breast cancer.

This means, it is illustrated how many patients reached on the last stage either one

breast or two breasts or neither in percentage from the total of 516 patients. Most

patients 260(50.4%) reached with the last stages (IV) of cancer during diagnosis. Of

516 patients, 59 (11.4%) of patients reached at the last stage only right breasts, 55

(10.7%), 146 (28.3%) of patients reached at the last stage only left and both breasts

respectively, whereas about 256 (49.6%) of patients were not reached at the last stage

only both breasts. The overall mean and median time of the last stage of breast cancer

was 25.5 (765 days) months and 24 (720 days) months.

Table 4.1: The four scenarios with frequencies for left and right BC laterally

Right breast cancer (BC) Left breast cancer (BC) %

Censored (δ = 0) Censored (δ = 0) 49.6%

Event occur (δ = 1) Censored (δ = 0) 11.4%

Censored (δ = 0) Event occur (δ = 1) 10.7%

Event occur (δ = 1) Event occur (δ = 1) 28.3%

From Table 4.2, the majority of the patient were between 36 and 49 years old. From

among patients below 36 years, in about 11(2.1%), 17(3.3%), 36(7%) of them only

left breast, only right breast, and both breasts were in the last stage of breast cancer,

respectively, whereas about 109(21.1%) patients were censored. Breast cancer patients

who were in the age between 36 and 49 were 184(35.8%). Of those, about 22(4.3%),

19(3.7%), and 39(7.6%) patients had only left breast, only right breast, and both

breasts reached the last stage breast cancer respectively, whereas about 104(20.2%)

patients were not at the last stage breast cancer. Total patients who are above 50
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years old were 159(30.9%). Of those patients about 22(4.3%), 23(4.5%), 71(13.8%) pa-

tients were reached the last stage only left breasts, only right breasts, and both breast,

respectively.

Considering the pathology type of breast cancer, most of breast cancer disease were

ductal carcinoma in-situ. About 273(53%) patients had Ductal Carcinoma in-situ

(DCIS) and of those about 29(5.6%), 33(6.4%), and 72(14%) patients only left breast,

only right breast, and both breasts were reached at the last stage breast cancer respec-

tively. About 207(40%) patients experienced disease in the lobes and called lobular

carcinoma in-situ (LCIS) breast cancer disease. Of those patients in about 25(4.8%),

25(4.8%), and 62(12%) patients only left, only right, and both breasts cancer reached

at the last stage breast cancer respectively. About 36(7%) patients had invasive ductal

carcinoma in-situ (IDCIS). Of all patients, about 159(30.9%) patients had anemia. Of

patients with anemia, about 22(4.3%), 16(3.1%), and 67(13%) patients had only left

breast, only right breast and both breast reached cancer at the last stage, respectively.

The majority of breast cancer patients 334(64.7%) did not have hypertension. Of pa-

tients who had hypertension in 24(4.7%), 21(4.1%), 74(14.3%) of them only left, only

right, and both breasts reached at the last stage of breast cancer, respectively.
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Table 4.2: Patient characteristics in number (%) at different pair event scenarios

# Pairs(%)

Variables Category (0, 0) (0, 1) (1, 0) (1, 1) Total

≤35 109(21.1%) 11(2.1%) 17(3.3%) 36(7%) 173(33.5%)

Age 36− 49 104(20.2%) 22(4.3%) 19(3.7%) 39(7.6%) 184(35.8%)

≥ 50 43(8.3%) 22(4.3%) 23(4.5%) 71(13.8%) 159(30.9%)

DCIS 139(26.9%) 29(5.6%) 33(6.4%) 72(14%) 273(53%)

Pathology type LCIS 95(18.4%) 25(4.8%) 25(4.8%) 62(12%) 207(40%)

IDCIS 22(4.3%) 1(0.2%) 1(0.2%) 12(2.3%) 36(7%)

Anemia status Negative 202(39.1%) 33(6.4%) 43(8.3) 79(15.3%) 357(69.1%)

Positive 54(10.5%) 22(4.3%) 16(3.1%) 67(13%) 159(30.9%)

Obesity No 155(30%) 37(7.2%) 41(7.9%) 95(18.4%) 328(63.5%)

Yes 101(19.6%) 18(3.5%) 18(3.5%) 51(9.9%) 188(36.5%)

Metastasis No 95(18.4%) 26(5%) 24(4.7%) 54(10.5%) 199(38.6%)

Yes 161(31.2%) 29(5.6%) 35(6.8%) 92(17.8%) 317(61.4%)

Residence Urban 147(28.5%) 24(4.7%) 26(5%) 51(9.9%) 248(48.1%)

Rural 109(21.1%) 31(6%) 33(6.4%) 95(18.4) 268(51.9%)

Hypertensive No 193(37.4%) 31(6%) 38(7.4%) 72(14%) 334(64.7)

Yes 63(12.2%) 24(4.7%) 21(4.1%) 74(14.3%) 182(35.3)

A 22(4.3%) 4(0.8%) 3(0.6%) 20(3.9) 49(9.6%)

Blood type B 94(18.2%) 17(3.3%) 21(4.1%) 47(9.1%) 179(34.7%)

AB 76(14.7%) 19(3.7%) 19(3.7%) 48(9.3%) 132(31.4%)

O 64(12.4%) 15(2.9%) 16(3.1%) 31(6%) 126(24.4%)

Family History No 199(38.6%) 37(7.2%) 47(9.1%) 95(18.4%) 378(73.3%)

Yes 57(11%) 18(3.5%) 12(2.3%) 51(9.9%) 138(26.7%)

I 80(15.5%) 12(2.3%) 22(4.3%) 46(8.9%) 160(31%)

Histology Grade II 107(20.7%) 24(4.7%) 17(3.3%) 54(10.5%) 202(39.2%)

III 69(13.4%) 19(3.7%) 20(3.9%) 46(8.9%) 154(29.9)

Chemotherapy 163(31.6%) 32(6.2%) 42(8.1%) 97(18.8%) 313(64.7%)

Treatment Chemo & surgery 64(12.4%) 15(2.9%) 11(2.1%) 36(7%) 126(24.4%)

Hormonal 29(5.6%) 8(1.6%) 6(1.2%) 13(2.5%) 56(10.95%)

Source: Felege Hiwot Comprehensive Specialized Hospital female cancer patients from 1

January, 2018 to 1 January, 2022. Key: # indicates ’number of’.
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Checking Extreme Values

Figure 4.1: Box-plot and Q-Q plot for checking extreme values

The minimum and maximum observed event times were 3 and 50 months, respectively.

We observed that the patients after two or three visits, became dropouts for different

reasons. That is why some patients time were minimum. In order to check the extreme

values of the observed time, a box-plot and normal Q-Q plot were used. Therefore,

according to Figure 4.1.1, there is no indication that extreme values exist. This implies

that no far observations were found in both the box and Q-Q plots.

Survival Probability

In Table 4.5, the fitted marginal survival probability for the two bivariate events time

of breast cancer (S1, S2) and the joint survival probability of left and right last stage

breast cancer p(S12) survival probabilities at the observed times (t1, t2) for 10 subjects

or patients are listed below. The survival probability of the first patient is 0.1733 or The

proportion of breast cancer patients surviving for time 36 month, 3 and both (36, 3) is

1.33%, 98.57%, and 17.22% for the time of right BC (t1=36), right BC (t2=3) patient.

This indicates that the survival probability is high at the beginning of the study and the

survival probability drops for patients for left and right BC jointly when the events time
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of both breasts, are t1 and t2, high. From Table 4.5, the shape parameter k=1.9328 is

greater than one, indicating the hazard increases as time increases.

Table 4.3: The survival probability of the event time of left, right and both breast

cancer patients

id time1 (t1) time2 (t1) (S2) (S1) Joint S12

1 36 3 0.1733 0.9857 0.1722

2 39 39 0.6724 0.6724 0.4810

3 6 15 0.9560 0.7678 0.7378

4 30 18 0.5082 0.7771 0.4215

5 12 12 0.9261 0.9261 0.8600

6 45 36 0.3007 0.4581 0.1859

7 45 45 0.4591 0.4591 0.2595

8 12 24 0.9596 0.8541 0.8220

9 12 32 0.8534 0.3482 0.3155

10 21 15 0.6391 0.7917 0.5277

Keys: (t1), (t2) is event time of right and left breast cancer respectively, and (S1),

(S2), and S12 are the survival probability of right, left, and both breast cancer patients,

respectively.

Figure 4.2: Marginal survival probabilities for the two margins
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Figure 4.3: Survival probability for the two margins jointly

As we can see from the graph 4.2, the slope of left side breast cancer is dropping faster

than right breast cancer, which shows that it has a higher probability of reaching the

final stage than right sided breast cancer. The 3D joint graph also shows that women

with cancer in both breasts are more likely to develop last stage breast cancer than

women with cancer in one breast.

4.2 Model Comparison

We fitted parametric marginal distributions weibull, gompertz and log-logistic with

Archimedean copula family, i.e Clayton, Gumbel and Joe at 5% level of significance.

AIC, BIC and loglk were used to compar candidate parametric marginal distribution

with copula family models. As we observe from Table 4.4, weibull marginal model with

Clayton copula family has a smaller AIC (3913.267), BIC (3998.189) as compared to

other parametric models with Archimedean copula family. This indicates that weibull

marginal distribution with Clayton copula model is the best statistical model that

fits the breast cancer dataset well. The estimated measure of dependence parameter

kendall’s tau τ value when we estimate using the parameter η is high in the weibull

marginal distribution with Clayton copula model (Table 4.5).
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Table 4.4: Model comparison of copulas with marginal distributions

Marginal distribution Type of copula AIC BIC Loglk

Gumbel 3919.392 4004.314 -1939.696

Weibul Clayton 3913.267 3998.189 -1936.634

Joe 3921.559 4006.481 -1940.78

Gumbel 3953.679 4038.601 -1956.839

Loglogistic Clayton 3931.266 3999.204 -1949.633

Joe 3956.418 4041.34 -1958.209

Gumbel 4127.008 4279.341 -1989.325

Gompertz Clayton 4001.874 4082.367 -1964.997

Joe 3998.369 4135.295 -2001.251

4.2.1 Model Diagnosis

Evaluation of Weibull Marginal Baseline Distribution

Figure 4.4: Evaluation of Weibull marginal distributions

According to Figure 4.4, the slope of weibull marginal distribution graph is approxi-
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mately straight line and linear than the gompertz plot, and log-logistic distributions,

only a few observations are scattered at the beginning time and others are scattered

near or condensed. The patterns suggest that the weibull marginal distribution fits the

last stage breast cancer dataset well. Adequacy of Clayton Copula

Figure 4.5: The scatter plots for survival distribution for Clayton copula jointly

The scatter plot shows that the dependence between the time to right and left last

stage breast cancer of the patient is positive. The Clayton scatter plot shows the time

to right and left last stage breast cancer of the patient appear to behave more closely

or condense than Gumbel and Joe copula. The scatter plot suggests that the Clayton

copula family fit the last stage breast cancer dataset well.

4.2.2 Kendall’s Tau to Measure Dependence

The dependence measurement kendall’s tau (τ) can be directly obtained as a function

of η in some copula models. The analysis of Clayton copula with weibull marginal

distribution shows that the copula dependency parameter is statistically significant

at 5% level of significance Table 4.5. From Table 4.5, the association parameter η

corresponds to kendall’s tau could be obtained either manually by substituting the
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dependency parameter value or directly from the output:

τ =
η

(2 + η)
=

0.4647

2 + 0.4647
= 0.1885

This result indicates a dependency between the time to last stage right and left breast

cancer of female patients. Numerically the value for the correlation between the two

events is 0.189 (P-value =0.0024). Therefore, the dependence between the time to last

stage of right and left breast cancer of female patients is 18.9%. This might be due to

different reasons, like when left breast cancer metastasis in to different parts of patients

body. Then right breast also attacked and others.

4.2.3 Model Fitting and Parameter Estimation

Prior to directly fitting the model some preliminary analysis was done to select the

best fit model with appropriate covariates. The output in Table 4.5 first recalls the

structure of the weibull regression model including the covariates. Next, the coefficients

of each covariate are shown together with standard error and p-values. Accordingly, the

selected Clayton with weibull joint model age (≥ 50), residence, hypertensive, anemia,

treatment (chemotherapy) are statistically significance at 5% level of significant and

the remaining variables with corresponding categories (if variables have more than two

categories) are not statistically significant (Table 4.5). Variables that are statistically

significant means those variables are the risk factor that leads to last stage breast

cancer of the patients. In Table 4.5, the estimated shape parameter (k) value is 1.9328,

this indicates that an exponential marginal distribution is not appropriate as the shape

parameter value in not equal to 1.

The joint Clayton copula model would be:

Cη (u, v) =
�
u−0.6594 + v−0.6594 − 1

�−1/0.6594

where: u and v are marginal distribution and η is the dependency parameter. The

estimated hazard ratio of patients who living in rural area was 1.3307 [95%CI: 1.0649,

1.6629] and p-value=≤ 0.0121. This implieds that the hazard ratio of patients in rural

areas was 1.3307 times that of those in urban areas keeping other factors constant.

Living in rural areas increases the risk of reaching to the last stage of breast cancer
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compared to patients who live in urban by 33.1% (HR =1.3307). The estimated hazard

ratio for last stage breast cancer patients with hypertension was 1.3841 [95% CI: 1.1064,

1.7315]. This reveals that a hypertensive patient had a 1.3841 times more risk of

reaching last stage breast cancer than a non-hypertensive patient. Keeping all other

variables constant, those patients with hypertension had a greater probability of having

end-stage breast cancer than those without hypertension. The estimated HR for breast

cancer patients who had anemia was 1.4327 [95% CI: 1.1298, 1.8168]. This implies that

breast cancer patients with anemia were 1.4327 higher than those without anemia to

develop last stage breast cancer by keeping all other factors constant.

The hazard rate of breast cancer patients who took a chemotherapy treatment was

1.3196 and the p-value=0.0394. This implies that by when all other predictors held

constant, the estimated hazard ratio of breast cancer patients who took chemotherapy

treatment was 1.3196 [95% CI: 1.0136, 1.7180] higher than those patients who took

combined surgery and chemotherapy. Breast cancer patients who took chemotherapy

have a higher hazard rate than those who took the combined treatment. The estimated

hazard rate for age to those patients who are grouped in the age of 50 or above is 1.7432

with [95% CI: 1.2421, 1.24463] and (p-value= 0.0013), which implies that older women

had a higher risk of developing last stage breast cancer than patients whose age is 35

or below keeping all other variables constant.
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Table 4.5: Clayton copula with Weibull marginal distribution jointly

Variables Estimate SE P-Value HR (95% CI)

Scale parameter λ 69.0240 9.8626 ≤ 0.001

Shape parameter k 1.9328 0.0809 ≤ 0.001

Residence (Rural) 0.2857 0.1137 0.0121 1.3307 [1.0649, 1.6629]

Hypertensive (Yes) 0.3251 0.1143 0.0045 1.3841 [1.1064, 1.7315]

Pathology(Lobular CIS) -0.0464 0.1161 0.6892 0.9547 [0.7603, 1.1986]

Pathology(Invasive CIS) 0.0544 0.1958 0.7814 1.0559 [0.7192, 1.5501]

Obesity(Yes) -0.0281 0.1154 0.8077 0.9723 [0.7755, 1.219]

Metastasis (Yes) 0.1997 0.1177 0.0899 1.221 [0.9694, 1.5379]

Anemia status (Positive) 0.3595 0.1211 0.0030 1.4327 [1.1298, 1.8168]

Treatment (Chemotherapy) 0.2773 0.1346 0.0394 1.3196 [1.0136, 1.718]

Treatment (Hormonal Therapy) 0.3205 0.1789 0.0731 1.3779 [0.9704, 1.9565]

Age (36-49) 0.1515 0.2122 0.4750 1.1636 [0.7678, 1.7636]

Age(≥ 50) 0.5557 0.1729 0.0013 1.7432 [1.2421, 2.4463]

Family History (Yes) 0.0839 0.1192 0.4811 1.0876 [0.861, 1.3737]

Blood type (B) -0.2909 0.2159 0.1779 0.7476 [0.4896, 1.1416]

Blood type (AB) -0.2582 0.2163 0.2327 0.7725 [0.5055, 1.1804]

Blood type (O) -0.2827 0.2236 0.2061 0.7537 [0.4862, 1.1684]

Histology(moderately differentiated) 0.0329 0.1881 0.8608 1.0335 [0.7148, 1.4943]

Histology(poorly differentiated) -0.1008 0.1628 0.5359 0.9041 [0.657, 1.2441]

Dependency parameter(η) 0.4647 0.1531 0.0024

4.3 Discussion

This study aimed to model the time to last stage of breast cancer patients in Felege

Hiwot Comprehensive Specialized Hospital (FHCSH), Bahir Dar, Ethiopia and deter-

mined the factors that affect the last stage breast cancer of patients by considering

the total number of patients between the date January 1, 2018 to January 1, 2022
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from patient registry card. This study also checked the dependency between the time

to left and right last stage breast cancer of patients. This study considered different

statistical marginal models: weibull, gompertz, and log-logistics marginal distributions

with different copula families: Clayton, Gumbel, and Joe copulas. A model with good

data fit was identified for this study by comparing AIC, BIC and Loglk between the

nine combined candidate models. Of those models weibull-Clayton model was chosen

to be the best model that manifest the data in the study.

The descriptive result shows that of all 516 patients, 260 (50.4%) reached the last stage

of breast cancer with at least one breast during the follow-up period, while 256 (40.6%)

patients did not reach the last stage breast cancer. The median breast cancer time was

24 months, while the minimum and maximum observed event times were 3 months and

50 months, respectively. The percentage of dependence between the time to right and

left last stage of breast cancer patients was 18.9%.

The results of this study showed that the last stage of cancer on one side of the patient’s

breast which was either the right or left breast predicts the last stage of the other side

breast and the positive value of the dependency parameter indicates that positive cor-

relation between the time to last stage of right and left breast cancer (The dependency

parameter η = 0.4647). The association parameter was statistically significant in the

weibull-Clayton model (p-value = 0.0024) and this finding is contradicted with a study

[58].

Patients treated at old age were significantly associated with shortening time to last

stage of breast cancer. This implies that survival time for breast cancer patients was

highest in the youngest women and decreases with increasing age. The current study

is consistent with other findings of [6, 80, 92, 17, 74, 15]. This revealed that the elder

women experienced the greatest hazard rate for last stage of breast cancer. Moreover,

the patients whose age were greater than and equal to 50 were a low survival rate.

When a patient gets older, she couldn’t survive the disease because of influence of age

and limit of immunity to survive caused by age. Blood type is associated with an

increased risk of last stage breast cancer based on the study [69, 62, 71]. In contrast,

there is no significant association between blood group and cancer risk which in this
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study. This could be due to near proportion of the patients A or B or AB or O blood

type.

The result of the weibull marginal distribution with Clayton copula analysis shows that

hypertension is significantly associated with the time to last stage breast cancer of the

patients. The meta-analysis demonstrated a positive association between hypertension

and breast cancer risk [23]. Weibull-Clayton results showed that women with hyper-

tension may have 32.5% increased risk of last stage breast cancer which is consistent

with [15, 44], but these results are contradicted with the study done by Grossman [41].

Metastasis had no significant association with breast cancer and this result is consistent

with the study by [92]. However a study in American society [72] contradicts with this

study on metastasis, this American study on breast cancer reports that the advances

in breast cancer 12% of patients with a breast cancer diagnosis will develop metastatic

disease. It could be due to life expectancy for American society, what the study shows

in [72], is quite different from life expectancy of developing countries like Ethiopia.

Anemia status of breast cancer patients has a significant effect on last stage breast

cancer that conforms with the study by [33] which states that anemia is a common

manifestation especially for advanced cancer but the above study contradicts with this

finding.

The study done by [10, 53, 76] showed interesting results that obesity was associated

with women breast cancer. This implies that obese women with breast cancer had a

lower survival rate than non-obese women with breast cancer whereas the present study

shows obesity has no association with last stage breast cancer. The findings of this

study reveal that family history of breast cancer disease is not significantly associated

with the time to last stage breast cancer of the patients. In contrast, a study on risk

factors of breast cancer [70] suggests that women who have a first relative (mother,

sister, or daughter) are more likely to acquire breast cancer.
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5 CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

The present study employed marginal distributions (weibull, gompertz, log-logistic)

with different copulas (Clayton, Gumbel, Joe) to model the time to last stage breast

(left and right) cancer of FHCSH patients. This approach provides a flexible method

to model the bivariate distributions in which variables might not follow the normal

distribution. In this study, the weibull-Clayton model was chosen to be the best model

according to AIC and BIC values.

Based on the findings in the descriptive and inferential results, the following main

points can be conclude in this study. The data consisted of a total of 516 patients.

Of whom 260 patients had at least one of their breast reached at the last stage of

breast cancer during the follow-up period. The dependence of the time to right and

left last stage breast cancer of the patient was 18.9%. The result of weibull marginal

distribution with the Clayton copula model shows that residence (rural), hypertension,

anemia complication, chemotherapy treatment, age ≥ 50 of breast cancer patients are

the risk factors significantly associated with time to last stage breast cancer of the

patients. Patients who have anemia complication at diagnosis were more likely to get

last stage BC than those of patients who do not have anemia complication. Aging also

leads to last stage breast cancer. The patients who took a chemotherapy treatment has

a high hazard rate than those who took combined treatment. The other main finding

of this study is that the copula parameter shows the dependence between the time to

right and left last stage breast cancer of the patient. In conclusion, among different

models Weibull marginal distribution with Clayton model was the best to fit for the

data of last stage reast cancer of patients.

The limitations in this study: The data did not include some important patient and

tumor characteristics, such as smoking status, marital status and number of tumors

that might be associated with breast cancer disease.
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5.2 Recommendations

Based on the findings of the study, we recommend further studies by incorporating

other important covariates which were not included in this study, because lack of

openness of patients to list out all risk factors and the physicians are record additional

information of the patients history such as physical activities, educational level, age

at marriage etc., because these are the expected risk factors from many literature.

In addition, the ministry of health of the country, policy makers and Felege Hiwot

Comprehensive Specialized Hospital should work on awareness of last stage of breast

cancer disease to the community to protect themselves from the diseases by being

treated early stage of the disease.

As hypertension is the risk factor of time to last stage breast cancer of the patients,

controlling the high blood pressure and overweight might prevent the aggravating of

breast cancer. Type of treatment was also a risk factor for last stage breast cancer

patients. So, chemotherapy treatments should given for patients with in appropriate

time and situation. Moreover, the time to last stage breast cancer risk is high for

older adults, so it is better to give them special care and give things what they need

if necessary for their life. At the end, this study only modeled the time to last stage

breast cancer of the patients using the copula approach. But patients are coming

to Felege Hiwot Comprehensive Specialized Hospital from different districts. Hence,

future studies should apply other models to account for the effect of clusters.
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6 APPENDICES

Appendix-I: Multivariable Models 1. Loglogistic-Clayton Multivariable Analysis

Variables Estimate SE P-Value HR(95% CI)

Age (36-49) 0.190 0.2921 0.5154 1.2090 [0.6821, 2.1437]

Age(≥ 50) 0.7133 0.2361 0.0025 2.0407 [1.2847, 3.2416]

Residence (Rural) 0.3324 0.1508 0.0274 1.3943 [1.0375, 1.8738]

Obesity(Yes) -0.0271 0.1587 0.8646 0.9733 [0.7131, 1.3284]

Hypertensive (Yes) 0.3922 0.1546 0.0112 2.5401 [1.0933, 2.0041]

Metastasis (Yes) 0.2351 0.1547 0.1286 1.2650 [0.9342, 1.7131]

Anemia status (Positive) 0.5120 0.1683 0.0023 1.6686 [1.1998, 2.3207]

Treatment (Chemotherapy) 0.3662 0.1793 0.0411 1.4423 [1.0149, 2.0496]

Treatment (Hormonal Therapy) 0.4790 0.2428 0.0485 1.6145 [1.0031, 2.5984]

Family History (Yes) 0.1055 0.1662 0.5257 1.1113 [0.8023, 1.5392]

Blood type (B) -0.3173 0.2930 0.2788 0.7281 [0.4100, 1.2930]

Blood type (AB) -0.3753 0.2948 0.2030 0.6871 [0.3869, 1.2245]

Blood type (O) -0.2402 0.3067 0.4334 0.7865 [0.4311, 1.4347]

Histology(moderately differentiated) 0.0494 0.2752 0.8574 1.0506 [0.9537, 1.8018]

Histology(poorly differentiated) -0.0789 0.2291 0.7303 0.9241 [0.5898, 1.4479]

Pathology(Lobular CIS) -0.0357 0.1587 0.8221 0.9649 [0.7070, 1.3170]

Pathology(Invasive CIS) 0.0999 0.2629 0.7039 1.1051 [0.6601, 1.8500]

Dependency parameter(η) 0.6594 0.1731 0.0001
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2. Weibull-Gumbel Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.3384 0.1123 0.0026 1.4027 [1.1256, 1.7481]

Hypertensive (Yes) 0.3352 0.1137 0.0032 1.3982 [1.1189, 1.7473]

Pathology(Lobular CIS) -0.0271 0.1138 0.8121 0.9733 [0.7787, 1.2165]

Pathology(Invasive CIS) 0.0712 0.1941 0.7136 0.9376 [0.7496, 1.1729]

Obesity(Yes) -0.0644 0.1142 0.5730 1.265 [1.0062, 1.5905]

Metastasis (Yes) 0.2351 0.1168 0.0441 1.5256 [1.2139, 1.9173]

Anemia status (Positive) 0.4224 0.1166 0.0003 1.3083 [1.0077, 1.6985]

Treatment (Chemotherapy) 0.2687 0.1332 0.0438 1.4325 [1.0116, 2.0285]

Treatment (Hormonal Therapy) 0.3594 0.1775 0.0428 0.7147 [0.4714, 1.0835]

Blood type (B) -0.3358 0.2123 0.1136 0.7575 [0.4995, 1.1489]

Blood type (AB) -0.2777 0.2125 0.1911 0.6936 [0.45, 1.0693]

Blood type (O) -0.3658 0.2208 0.0976 0.6936 [0.4500, 1.0693]

Age (36-49) 0.2069 0.2127 0.33074 1.2299 [0.8106, 1.866]

Age(≥ 50) 0.6629 0.1696 < 0.0001 1.9404 [1.3916, 2.7056]

Family History (Yes) 0.1182 0.1165 0.3101 1.1255 [0.8957, 1.4142]

Histology(moderately differentiated) 0.0006 0.1865 0.9997 1.0006 [0.6942, 1.4422]

Histology(poorly differentiated) -0.1623 0.1617 0.3157 0.8502 [0.6193, 1.1672]

Dependency parameter(η) 0.1085 0.0382 < 0.0001
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3. Weibull-Joe Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.3412 0.1111 0.0022 1.4066 [1.1314, 1.7488]

Hypertensive (Yes) 0.3363 0.1127 0.0028 1.3998 [1.1223, 1.7458]

Pathology(Lobular CIS) -0.0290 0.1122 0.7959 0.9714 [0.7796, 1.2104]

Pathology(Invasive CIS) 0.0749 0.1913 0.6951 1.0778 [0.7408, 1.5681]

Obesity(Yes) -0.0699 0.1123 0.5357 0.9325 [0.7483, 1.1621]

Metastasis (Yes) 0.2402 0.1155 0.0377 1.2715 [1.0139, 1.5945]

Anemia status (Positive) 0.4285 0.1150 0.0002 1.535 [1.2252, 1.923]

Treatment (Chemotherapy) 0.2687 0.1332 0.0438 1.3068 [1.0095, 1.6917]

Treatment (Hormonal Therapy) 0.3625 0.1752 0.0385 1.4369 [1.0193, 2.0257]

Blood type (B) -0.3439 0.2095 0.1007 0.7090 [0.4702, 1.069]

Blood type (AB) -0.2806 0.2095 0.1805 0.7553 [0.5010, 1.1389]

Blood type (O) -0.3742 0.2182 0.0864 0.6878 [0.4485, 1.0549]

Age (36-49) 0.2068 0.2104 0.3257 1.2297 [0.8142, 1.8574]

Age(≥ 50) 0.6657 0.1679 < 0.0001 1.9459 [1.4002, 2.7041]

Family History (Yes) 0.1211 0.1148 0.2919 1.1287 [0.9013, 1.4136]

Histology(moderately differentiated) 0.0011 0.1838 0.9952 1.0011 [0.6983, 1.4353]

Histology(poorly differentiated) -0.1639 0.1597 0.3045 0.8488 [0.6207, 1.1608]

Dependency parameter(η) 1.0913 0.04938 < 0.0001

By: Alehegne Adamu 57



Modeling Time to last stage of Breast Cancer: Application of Copula

4. Log-logistic with Gumbel Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.4076 0.1480 0.0058 1.5032 [1.1247, 2.0091]

Hypertensive (Yes) 0.4165 0.1526 0.0064 1.5166 [1.1246, 2.0454]

Pathology(Lobular CIS) -0.0379 0.1544 0.8063 0.9628 [0.7114, 1.3031]

Pathology(Invasive CIS) 0.1036 0.2566 0.6863 1.1092 [0.6708, 1.8341]

Obesity(Yes) -0.1083 0.1549 0.4843 0.8974 [0.6624, 1.2157]

Metastasis (Yes) 0.2970 0.1524 0.0512 1.3458 [0.9983, 1.8143]

Anemia status (Positive) 0.6013 0.1614 0.0002 1.8245 [1.3297, 2.5034]

Treatment (Chemotherapy) 0.3499 0.1761 0.0469 1.4189 [1.0048, 2.0038]

Treatment (Hormonal Therapy) 0.5306 0.2371 0.0252 1.7000 [1.0681, 2.7056]

Blood type (B) -0.4388 0.2876 0.1272 0.6448 [0.3670, 1.133]

Blood type (AB) -0.4582 0.2901 0.1142 0.6324 [0.3582, 1.1167]

Blood type (O) -0.4239 0.3014 0.1595 0.6545 [0.3625, 1.1816]

Age (36-49) 0.2907 0.2915 0.3186 1.3374 [0.7553, 2.3680]

Age(≥ 50) 0.8695 0.2331 < 0.0001 2.3857 [1.5108, 3.7674]

Family History (Yes) 0.1506 0.1616 0.3513 1.1625 [0.8469, 1.5957]

Histology(moderately differentiated) -0.1842 0.2259 0.4150 0.9832 [0.5793, 1.6688]

Histology(poorly differentiated) -0.1639 0.1597 0.3045 0.8318 [0.5342, 1.2951]

Dependency parameter(η) 1.0787 0.0366 < 0.0001
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5. Log-logistic with Joe Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.4089 0.1462 0.0051 1.5032 [1.1247, 2.0091]

Hypertensive (Yes) 0.418 0.1510 0.0056 1.5166 [1.1246, 2.0454]

Pathology(Lobular CIS) -0.0430 0.1521 0.7760 0.9628 [0.7114, 1.3031]

Pathology(Invasive CIS) 0.1066 0.2523 0.6723 1.1092 [0.6708, 1.8341]

Obesity(Yes) -0.1117 0.1531 0.465 0.8974 [0.6624, 1.2157]

Metastasis (Yes) 0.3051 0.1505 0.0425 1.3458 [0.9983, 1.8143]

Anemia status (Positive) 0.6049 0.1591 0.0001 1.8245 [1.3297, 2.5034]

Treatment (Chemotherapy) 0.3504 0.1738 0.0438 1.4189 [1.0048, 2.0038]

Treatment (Hormonal Therapy) 0.5325 0.2338 0.0227 1.7000 [1.0681, 2.7056]

Blood type (B) -0.4470 0.2836 0.1151 0.6448 [0.3670, 1.133]

Blood type (AB) -0.4606 0.2858 0.1070 0.6324 [0.3582, 1.1167]

Blood type (O) -0.4312 0.2975 0.1472 0.6545 [0.3625, 1.1816]

Age (36-49) 0.2853 0.2882 0.3223 1.3374 [0.7553, 2.3680]

Age(≥ 50) 0.8655 0.2309 0.0001 2.3857 [1.5108, 3.7674]

Family History (Yes) 0.1519 0.1593 0.3400 1.1625 [0.8469, 1.5957]

Histology(moderately differentiated) -0.0130 0.2663 0.9609 0.9832 [0.5793, 1.6688]

Histology(poorly differentiated) -0.1844 0.2235 0.4093 0.8318 [0.5342, 1.2951]

Dependency parameter(η) 1.0728 0.0435 < 0.0001
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6. Gompertz-Clayton Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.3089 0.1321 0.0001 1.3619 [1.0513, 1.7644]

Hypertensive (Yes) 0.4272 0.131 0.0015 1.5329 [1.1858, 1.9817]

Pathology(Lobular CIS) -0.1889 0.1523 0.4751 0.8278 [0.6142, 1.1158]

Pathology(Invasive CIS) 0.2135 0.1954 0.6723 1.2380 [0.8441, 1.8157]

Obesity(Yes) -0.1413 0.1531 0.465 0.8682 [0.6624, 1.2157]

Metastasis (Yes) 0.2149 0.1524 0.0425 1.2397 [0.9983, 1.8143]

Anemia status (Positive) 0.5124 0.2419 0.0001 1.6692 [1.3297, 2.5034]

Treatment (Chemotherapy) 0.3424 0.2155 0.0438 1.4083 [1.0048, 2.0038]

Treatment (Hormonal Therapy) 0.5511 0.2954 1.7352 1.7000 [1.0681, 2.7056]

Blood type (B) -0.1586 0.1636 0.1151 0.8533 [0.6192, 1.133]

Blood type (AB) -0.1146 0.1358 0.1070 0.8917 [0.3582, 1.1167]

Blood type (O) -0.4312 0.2975 0.1472 0.6545 [0.3625, 1.1816]

Age (36-49) 0.0220 0.2222 0.9211 1.022[0.6613, 1.5801]

Age(≥ 50) 0.7645 0.2309 0.0001 2.1479 [1.5108, 3.7674]

Family History (Yes) 0.1159 0.1593 1.1229 1.1625 [0.8469, 1.5957]

Histology(moderately differentiated) -0.0130 0.2663 0.9609 0.9871 [0.5857, 1.6635]

Histology(poorly differentiated) -0.1484 0.1235 0.4093 0.8621 [0.6767, 1.0982]

Dependency parameter(η) 0.0728 0.0435 < 0.0001
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7. Gompertz-Gumbel Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.4084 0.1230 0.0016 1.5044 [1.1821, 1.1.9145]

Hypertensive (Yes) 0.3425 0.1217 0.0032 1.4084 [1.1100, 1.7834]

Pathology(Lobular CIS) -0.0413 0.2131 0.7231 0.9595 [0.6319, 1.4570]

Pathology(Invasive CIS) 0.0623 0.1732 0.6236 1.0643 [0.7579, 1.4945]

Obesity(Yes) -0.0524 0.1323 0.4735 0.9489 [1.0062, 1.5905]

Metastasis (Yes) 0.3512 0.2113 0.0041 1.5256 [1.2139, 1.9173]

Anemia status (Positive) 0.4224 0.1166 0.0003 1.3083 [1.2139, 1.9173]

Treatment (Chemotherapy) 0.2781 0.1934 0.1506 1.321[0.9039, 1.9294]

Treatment (Hormonal Therapy) 0.3594 0.1775 0.0428 0.7147 [0.4714, 1.0835]

Blood type (B) -0.3358 0.2123 0.1136 0.7575 [0.4995, 1.1489]

Blood type (AB) -0.2777 0.2125 0.1911 0.6936 [0.45, 1.0693]

Blood type (O) -0.3658 0.2208 0.0976 0.6936 [0.4500, 1.0693]

Age (36-49) 0.2069 0.2127 0.33074 1.2299 [0.8106, 1.866]

Age(≥ 50) 0.6629 0.1696 < 0.0001 1.9404 [1.3916, 2.7056]

Family History (Yes) 0.1182 0.1165 0.3101 1.1255 [0.8957, 1.4142]

Histology(moderately differentiated) 0.0264 0.1265 0.4967 1.1348 [0.8012, 1.3157]

Histology(poorly differentiated) -0.3123 0.4117 0.1731 0.8502 [0.3265, 1.6399]

Dependency parameter(η) 0.064 0.0382 < 0.0001
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8. Gompertz-Joe Multivariable Analysis

Variables Estimate SE P-Value HR[95% CI]

Residence (Rural) 0.8582 0.3216 0.002 2.3589 [1.2559, 4.4306]

Hypertensive (Yes) 0.3641 0.1273 0.0008 1.4392 [1.1214, 1.8471]

Pathology(Lobular CIS) -0.0140 0.0122 0.6659 0.9861 [0.9628, 1.0100]

Pathology(Invasive CIS) 0.0749 0.1913 0.6951 1.0778 [0.7408, 1.5681]

Obesity(Yes) -0.0699 0.1123 0.5357 0.9325 [0.7483, 1.1621]

Metastasis (Yes) 0.2402 0.1155 0.0377 1.2715 [1.0139, 1.5945]

Anemia status (Positive) 0.4285 0.1150 0.0002 1.535 [1.2252, 1.923]

Treatment (Chemotherapy) 0.2687 0.1332 0.0438 1.3068 [1.0095, 1.6917]

Treatment (Hormonal Therapy) 0.3625 0.1752 0.0385 1.4369 [1.0193, 2.0257]

Blood type (B) -0.3439 0.2095 0.1007 0.7090 [0.4702, 1.069]

Blood type (AB) -0.2806 0.2095 0.1805 0.7553 [0.5010, 1.1389]

Blood type (O) -0.3742 0.2182 0.0864 0.6878 [0.4485, 1.0549]

Age (36-49) 0.2161 0.1806 0.2315 1.241[0.8712, 1.7684]]

Age(≥ 50) 0.6657 0.1679 < 0.0001 1.9459 [1.4002, 2.7041]

Family History (Yes) 0.1211 0.1148 0.2919 1.1287 [0.9013, 1.4136]

Histology(moderately differentiated) 0.0011 0.1838 0.9952 1.0011 [0.6983, 1.4353]

Histology(poorly differentiated) -0.1639 0.1597 0.3045 0.8488 [0.6207, 1.1608]

Dependency parameter(η) 1.8123 0.1938 < 0.0001

By: Alehegne Adamu 62



Modeling Time to last stage of Breast Cancer: Application of Copula

Appendix-II: Structure of the Data

Table 6.1: Data Structure for Bi-variate Time to Event Endpoints.

id ind obs-times status obesity metastasis hypertensive

1 1 24 0 no no yes

1 2 24 0 no yes yes

2 1 36 0 yes no no

2 2 6 1 yes no yes

3 1 24 1 no no no

3 2 48 0 no no no

4 1 3 1 yes no yes

4 2 30 1 yes no no

where:

id: patient identification number

ind: margin indicator (1 for right and 2 for left breast)

obs-times: times at which the event occurs or censoring.

status: 1 event and 0 censoring.
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Appendix-III: Independent Variables

Table 6.2: Independent Variables and their Codes.

Variables Categories Codes

≤ 35 0

Age 35-49 1

≥ 50 2

Obesity No 0

Yes 1

Ductal Carcinoma in-situ 0

Pathology type Lobular Carcinoma in-situ 1

Invansive Ductal CIS 2

Anemia status Negative 0

Positive 1

Metastasis No 0

Yes 1

Residence Urban 0

Rural 1

Family History No 0

Yes 1

I 0

Histology II 1

III 2

Hypertensive No 0

Yes 1

A 0

Blood type AB 1

B 2

O 3

Chemotherapy and surgery 0

Treatment taken Chemotherapy 1

Hormonal therapy 2

Source: Felege Hiwot Comprehensive Specialized Hospital from January, 2018 to

January, 2022
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