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Abstract

Background: Breast cancer is the most commonly diagnosed cancers worldwide. It is

a cancer that develops from breast tissue and most common invasive cancer in women.

Recurrent events data have been increasingly important in clinical studies where indi-

viduals experience an event more than once and it is a major clinical indicator, which

represents the principal cause of breast cancer-related deaths.

Objective: The aim of the study was to investigate determinants of the recurrence of

breast cancer.

Methodology: To reach the aim, 421 women with breast cancer were included in

the study based on data taken from medical record card of patients enrolled starting

from 1st January 2013 to 30th January 2019. A retrospective study has been applied

to obtain data on women breast cancer that recorded in oncology department of Tikur

Anbessa Specialized Hospital. Unmeasured shared similarities due to the impact of

multiple events were modeled using a random effect. Cox-PH model and Shared frailty

model were used to identifies which factor was significantly affect the recurrence of

breast cancer.

Results: From the total of 997 recurrent events, about 609 (61.1%) of them expe-

rienced recurrence of breast cancer. The shared log-normal frailty model was chosen

as the best fit for this breast cancer data set based on the value of Likelihood cross-

validation criterion. From the result of shared log-normal frailty model age, stage of

breast cancer, tumor size, histology grade, breast feeding and oral contraceptives were

significantly associated with recurrence of women breast cancer.

Conclusion and recommendation: The result of shared log-normal frailty model

shows that the stage (II, III, IV), tumor size ((3-5) cm, >5 cm), histology grade (poorly

differentiated) and oral contraceptive were significantly increases the risk of recurrence

of breast cancer. While, breast feeding was significantly decreases the risk of recur-

rence of breast cancer. It is recommended that policy maker, ministry of health and

Tikur Anbessa Specialized Hospital are expected to make interventions based on these

hazardous groups for recurrence of breast cancer.

Key words: Breast cancer, Counting Approach, Recurrent events, Shared

frailty model

vii



1 Introduction

1.1 Background of the Study

Breast cancer is a cancer that develops from breast tissue and most common invasive

cancer in women (Adesina et al., 2013). It 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. Breast cancer occurs almost entirely in women, but men can get breast

cancer (Adams et al., 2017).

Breast cancer is the most-frequently diagnosed cancer and the leading cause of

cancer death among women worldwide, with an estimated 1.7 million cases and 521,900

deaths (IARC, 2013). It is a major life threatening and has become the major public

health problem of great concern and the most common cause of cancer death among

women in less developed countries (WHO, 2015). This cancer accounts for 25% of

all cancer cases and 15% of all cancer deaths among women. Both in developed and

developing countries breast cancer is a major health problem account for about one-

half of all cancer cases and more than 324, 300 deaths occurred respectively (FMOH,

2015). It becomes an issue of public health in both developed and developing nations

because of its high incidence-prevalence, the over-burdened health system and direct

medical expenditure. Thus, breast cancer is the most common leading cause of cancer

death problems in Africa (Parkin et al., 2012).

In Ethiopia breast cancer is the most leading cancer occurring among women. It

is estimated that around 9,900 Ethiopian women have breast cancer with thousands

of more cases unreported as women living in rural areas often seek treatment from

traditional healers before seeking help from the government health system. A retro-

spective study conducted in TASH from 1997-2012 indicates that of total 16,622 new

cancer cases registered 3460 were new cases of breast cancer with prevalence of 20.8%

and approximately 216 cases per annual (Abate et al., 2016). The incidence of the

breast cancer increases from year to year. Factors such as age, lymph node status,

stage, histology grade, and hormone therapy have statistical significant effect on the

recurrence of women breast cancer (Ahmedin et al., 2012).
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Repeated event processes, where individual subjects or units under consideration

experience the same or different types of events more than once over time are called

recurrent events. In many scientific investigations, the outcome variable of interest

is a recurrent event. Recurrent event data are ubiquitous across a great range of

diverse fields such as medicine, public health, insurance, social science, economics,

manufacturing and reliability (Cook and Lawless, 2007). A logical objective for such

kind of data is to assess the relationship of relevant predictors to the rate in which events

are occurring, allowing for multiple events per subject (David et al., 2005). Recurrent

events are also observed in breast cancer patients. The recurrence of breast cancer is a

major clinical indicator, which represents the principal cause of breast cancer-related

deaths. It is occurred when cancer cells are detected following the initial treatment

with surgery, radiotherapy or chemotherapy. Treatment options for recurrence of breast

cancer vary depending on the previous treatment, the location of the recurrence, and

the overall condition of the patient (Pan et al., 2005).

Recurrence of the disease may depend on the extent of the disease, primary treat-

ment and performance status/ co morbidity of the patient. The most simple analysis

approach in a recurrent event setting is to count the events observed within a given

time period. These counts may follow a Poisson, a quasi-Poisson or a negative bino-

mial distribution (Wang et al., 2009). Whenever patients are not all fully observed but

are subject to an underlying censoring mechanism, analysis strategies for event times

should be preferred over simple counting approaches. This situation is much more

common in clinical application, but our focus lies on models for event times rather

than on counting models.

In this study, the researcher applied survival analysis since it addresses the limita-

tion of classical regressions like logistic and linear regressions. The Cox proportional

hazard model is one of the common approaches to the analysis of time to event data.

That is, conditional on the covariates, every individual has the same risk of experienc-

ing an event such as disease recurrence. But the common Cox model only considers the

time until the first occurring event meaning that all events after the first are neglected.

The most frequently applied analysis method for recurrent time-to-event data is the

model by Andersen and Gill (1982) which is based on the common Cox proportional
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hazards model (Cox, 1972). The Andersen-Gill model assumes independence between

all observed event times irrespective whether these event times correspond to the same

patient or to different patients. In addition, The frailty is included in the model to

account for variability due to unobserved subject-specific factors that are otherwise un-

accounted for by the other predictors in the model. These unobserved subject-specific

factors can be a source of within-subject correlation. We use the term shared frailty

to indicate that observations are clustered by subject and each cluster (i.e., subject)

shares the same level of frailty.

The shared frailty model was extended by Pickels et al (1994) and Yashin et al

(1995) to allow different but correlated frailties among observations within a group.

Frailty models account for unobserved heterogeneity that occurs because some ob-

servations are more prone to failure, and therefore more frail than others in a data

set (Pickels et al., 1994; Yashin et al., 1995). Therefore, this study aims to review

survival analysis techniques with frailty models and apply these methods on breast

cancer data set to investigate determinants of recurrence of breast cancer and also to

examine whether unobserved heterogeneity or unobserved covariates help to explain

the recurrence of breast cancer using shared frailty model.

1.2 Statement of the Problem

Breast cancer is the most commonly diagnosed cancer in women both in the developed

and less developed world (WHO, 2015). It has the highest incidence rate of all cancers

in women worldwide around 1.67 million new cases and cause of over 500,000 deaths

annually (Ferlay et al., 2015). Breast cancer is the most common leading cause of

cancer death problems in Africa including Ethiopia and Sub-Saharan countries (Tefera

et al., 2016; Jemal et al., 2011). It is the most common cancer death occurs among

women in developing countries, particularly in SSA, and its survival tends to be poor

in this region because of a combination of a late stage at diagnosis and limited access

to timely and standard treatment (Parkin et al., 2012). A principal factor in decreasing

survival rate in breast cancer patients is recurrence. Recurrence risk is measured by

a collection of breast cancer natural history, prognostic, anatomic, biological factors,

and the type of treatment (Cardoso et al., 2012). Despite, the government concern on
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a cancer issue in order to reduce the recurrence, incidence, mortality and the survival

of women, breast cancer were still emergence in Ethiopia.

This study addresses research problem using the shared frailty models. Therefore,

this study provides an extension of Cox PH model called the frailty model, taking into

account any extra heterogeneity present in the data. In a different context, correlated

data may come from recurrent events, i.e., events that occur several times within the

same subject during the period of observation. Ignoring the existence of heterogeneity

will produce biased parameter estimates and inconsistent standard errors in survival

analysis.

Few authors have tried to determine the factors associated with recurrence of breast

cancer using Cox proportional hazard model but no one has taken into consideration

of unobserved heterogeneity in the data (Cheng et al., 2012). Therefore, the researcher

have employed a shared frailty model to investigate the factors associated with recur-

rence of breast cancer taking into account the heterogeneity. Generally, since we did

not yet found study conducted on recurrence of women breast cancer with counting

process at national level and the cases under study is found to be really a predominant

issue, it happened to be a reason to conduct this study.

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

• Which factors significantly affect the recurrence of women breast cancer?

• Which model is best model for analyzing the predictors of recurrence of women

breast cancer?

1.3 Objectives of the Study

1.3.1 General Objective

The aim of the study was to investigate determinants of recurrence of women breast

cancer The case of Tikur Anbessa Specialized Hospital, Ethiopia.

1.3.2 Specific Objectives

The specific objectives of the study are:
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• To explore appropriate model for recurrence of breast cancer among Cox PH,

shared gamma frailty and shared log-normal frailty models.

• To identify the significant risk factors associated with the recurrence of breast

cancer.

1.4 Significance of the Study

Studying the recurrence of women breast cancer is a mechanism of overcoming the

problem of healthy in the society by identifying factors associated with recurrence

of the disease. Modeling the recurrent events has been used to assess the possible

risk factors for the recurrence of women breast cancer and on the basis of this model

different prevention as well as treatment programs has been provided for the women.

The result of this study would help to reduce the recurrence of breast cancer by giving

awareness for the society on the factors that increase the probability of recurrence of

the breast cancer and also it helps policy makers in making policy specially policy that

are related to health.
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2 Literature Review

2.1 Overview of Breast Cancer Recurrence

Breast cancer is a malignant tumor that starts in the cells of the breast. A malignant

tumor is a group of cancer cells that can grow into surrounding tissues or spread

(metastasize) to distant areas of the body. The disease occurs almost entirely in women,

but men can get it, too. The normal female breast is made up mainly of lobules (milk

producing glands), ducts (tiny tubes that carry the milk from the lobules to the nipple),

and stroma (fatty tissue and connective tissue surrounding the ducts and lobules, blood

vessels, and lymphatic vessels). Most breast cancers begin in the cells that line the

ducts (ductal cancers). Some begin in the cells that line the lobules (lobular cancers),

while a small number start in other tissues (ACS, 2016).

Breast cancer is the most frequently diagnosed and leading cause of cancer related

deaths among females worldwide. According to estimates from GLOBOCCAN 2012,

there were 100,000 cases and 49,000 deaths due to female breast cancer in the African

region (Ferlay et al., 2015). International records suggest that about 30% of women will

develop recurrence after treatment for primary breast cancer, figures for early stage dis-

ease being lower (Geurts et al., 2017). Despite this increasing cancer burden in Africa,

it continues to receive a low public health priority, mainly due to limited resources and

other pressing public health problems, including communicable diseases such as Hu-

man Immunodeficiency Virus (HIV) /(Acquired Immunodeficiency Syndrome (AIDS)

infection, malaria, and tuberculosis (Ahmedin et al., 2012).

In sub-Saharan Africa, breast cancer is responsible for one in four diagnosed can-

cers and one in five cancer deaths in women. Although its emerging public health

importance, incidence rates are still generally low in Africa, presumably below 35 per

100,000 women in most countries as compared to over 90 - 120 per 100,000 women

in most European or North American countries. Precise incidence figures in Africa,

however, are lacking given the absence of cancer registration in most countries. Recent

data estimate that in 2012, 94,000 women developed breast cancer and 48,000 died

from it in sub-Saharan Africa. It has been estimated that by 2050, the incidence of
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Breast cancer in Africa will be double of current 2012 estimate (Brinton et al., 2014).

A study done on global burden of cancer showed 2.4 million women were diagnosed

With 523,000 related deaths due to breast cancer in 2015 (GLOBCAN, 2017). Approx-

imately 60% of deaths due to breast cancer occur in developing countries (da Costa

Vieira et al., 2017).

2.2 Risk factors of recurrence of Breast Cancer

There are many known cancer causes including lifestyle factors, such as tobacco use

and excess body weight, and non-modifiable factors, such as inherited genetic muta-

tions, hormones, and immune conditions. At least 42% of newly diagnosed cancers

in the United State about 729,000 cases in 2018 are potentially avoidable, including

19% that are caused by smoking and 18% that are caused by a combination of excess

body weight, physical inactivity, excess alcohol consumption, and poor nutrition. Like

most cancers, many of the known breast cancer recurrence risk factors includes family

history of breast cancer; personal history of breast cancer; early menarche (≤12 years);

late menopause (≥ 55 years); aging; alcohol; late age at first full-term pregnancy ( ≥

30 years); never breastfed a child; recent oral contraceptive use; high fat diet; tobacco

smoke; obesity (postmenopausal); recent and long-term use of hormone replacement

therapy; high-dose radiation to chest; lack of physical activity (ACS, 2018).

Age:- The risk of developing breast cancer increases as once get older. About 1 out

of 8 invasive breast cancers are found in young women less than 45, while about 2 of

3 invasive breast cancers are found in women age 55 or older. Also younger women,

particularly those under the age of 35, have a higher risk of recurrence of breast can-

cer. Breast cancer incidence and death rates generally increase with age (Dignam et

al., 2009). During 2010-2014, the median age at the time of breast cancer diagnosis

was 62. This means that half of women who developed breast cancer were 62 years of

age or younger at the time of diagnosis (Howlader et al., 2017).

Alcohol Consumption:- Alcohol consumption increases the relative risk of breast

cancer in women for about 7% to 10% (Chen et al., 2011). While only a few studies

have been done on drinking alcohol and the risk of recurrence, drinking even a few

alcoholic beverages per week (three to four drinks) increased the risk of breast cancer
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coming back in women who’d been diagnosed with early-stage disease. Women who

have 2-3 alcoholic drinks per day have a 20% higher risk of breast cancer recurrence

compared to non-drinkers (Liu et al., 2015).

Smoking:- Smoking may increase the risk of breast cancer recurrence, particularly

long term, heavy smoking and among women who start smoking before their first preg-

nancy. The 2014 US Surgeon General‘s report on smoking concluded that there is

“suggestive but not sufficient evidence that smoking increases the risk of breast cancer

recurrence (ACS, 2015). Women who initiated smoking before the birth of their first

child had a 21% higher risk of breast cancer recurrence than non smoker women (Gaud

et al., 2013).

Obesity:- Obesity increases the risk of postmenopausal breast cancer recurrence as

stated on American Institute for Cancer Research. The risk is about 1.5 times higher in

overweight women and about 2 times higher in obese women than in lean women. It is

a major risk factor for breast cancer recurrence and morbidity in both pre-menopausal

and postmenopausal women (Vecchia et al., 2011).

Breastfeeding:- Most studies suggest that breastfeeding for a year or more slightly re-

duces a women overall risk of breast cancer recurrence, with longer duration associated

with greater risk reduction (Faupel-Badger et al., 2013). In a review of 47 studies in 30

countries, the risk of breast cancer recurrence was reduced by 4% for every 12 months

of breastfeeding(Britt et al., 2007). Women treated for breast cancer that previously

breast fed their babies have lower risk of recurrence than those who did not (Anderson

et al., 2014).

Oral Contraceptives:- Oral contraceptives were associated with recurrence of breast

cancer (Lu Y, et al., 2011; Saxe et al., 1999). This implies that oral contraceptives

pose a higher risk of breast cancer recurrence.

Treatments Taken:- Breast cancer typically is detected either during a screening ex-

amination, before symptoms have developed, or after symptoms have developed, when

a woman feels a lump. Taking into account tumor characteristics, including size and

extent of spread, as well as patient preference, treatment usually given to women breast

cancer are surgery, radiotherapy, hormone therapy and chemotherapy. The recurrence

of women breast cancer affected by treatment they receive (ACS, 2017). There are
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different treatment options for breast cancer such as surgery which is recommended for

most women with early stage combined with other treatments to reduce the risk of re-

currence. It includes radiation therapy, chemotherapy, hormonal therapy and targeted

therapy. Systemic therapies like chemotherapy, targeted therapy and hormonal therapy

are primary treatment options for patients with metastatic diseases. The treatment

options are decided by both patients and physician based on the clinical stage and

biological characteristics of the cancer, the age of the patient and considering the risks

and benefits associated with each option (ACS, 2015).

Stages:- Stage of breast cancer has been categorized into four stages (I, II, III and

IV), using the tumor, node, metastasis system (AJCC, 2016). The recurrence of women

breast cancer are significantly affected by the stage at diagnosis of breast cancer. Stage

at diagnosis has a significant effect on the recurrence of breast cancer(Demicheli et al.,

2010). Patients with advanced-stage disease had much more hazard rates than those

with other stage disease (Dignam et al., 2009). From the results of these two studies

the hazard rate for recurrent events of women with breast cancer was greatest as the

stage increases.

Tumor Size:- Tumor size has been categorized as ≤ 2 cm, 3-5 cm and >5cm (AJCC,

2016). Tumor size has a significant effect on the increasing the risk of breast cancer

recurrences (Mauguen et al., 2013; Rondeau et al., 2007). In general, the larger the

tumor, the greater the chance of recurrence.

Histology Grade:- Histology grade (I, II and III) at diagnosis was significantly af-

fected the recurrence of women breast cancer (Baghestani et al., 2015). Histology grade

at diagnosis was significantly affected the recurrence of women with breast cancer and

the hazard rate was high for women in poorly differentiated grade(grade III) as com-

pared to women in well differentiated grade(grade I)(Dignam et al., 2009; Mauguen et

al., 2013).

2.3 Overview of Recurrent Models

Therneau (2000) and Clayton (1978) discusses recurrent event and compares them

to generalized linear models, such as Poisson and logistic regression. A number of

proportional hazard type models have been proposed for use with recurrent event data
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(Therneau, 2000) and (Clayton, 1978). The counting process approach is used when

recurrent events are treated as identical. If all recurrent events on the same subject are

treated as identical, then the analysis required of such data is different than what is

required if either recurrent events involve different disease categories and/or the order

that events reoccur is considered important (Anderson et al., 1993).

In Cox and parametric models, the hazard function may depend on unknown or

no measurable factors which can cause the regression coefficients estimated from such

models to be biased. In order to overcome the problem and better model recurrence

of diseases, the frailty models were introduced. In fact, these models are used to

explain the random variation of survival function due to unknown risk factors, such

as genetic factors and numerous environmental factors. Semi-parametric inference for

frailty models was introduced by (Klein et al., 1992; Nielsen et al., 1992). As suggested

by Gill (1982) they use an EM algorithm applied to the Cox partial likelihood (Gill,

1982). Hastie and Tibshirani (1993) proposed a general model with time varying

coefficients and suggested estimation through penalized partial likelihood. Therneau

and Grambsch (2000) noted a link between the gamma frailty model and a penalized

partial likelihood. In this study, we penalize the hazard function while Therneau and

Grambsch (2000) penalize the frailties.

Ullah (2014) studied on the statistical modeling of recurrent events for sport injuries

and compared the survival models given below: Andersen-Gill (A-G), Frailty, Wei-

LinWeissfeld total time (WLW-TT) marginal, Prentice-Williams Peterson gap time

(PWP-GT) conditional models for the analysis of recurrent injury data (Ullah et al.,

2014). The extensions of frailty model like shared frailty model: cure frailty model

for a mixture of susceptible and insusceptible subjects for the event of interest, Nested

frailty model when the data are clustered at several hierarchical levels, and Joint frailty

model for the joint analysis of recurrent events and death are used for modeling recur-

rent events and death of cancer patients. They perform a semi-parametric penalized

likelihood approach for parameter estimation with the different extensions of the sim-

ple shared frailty models to analyze recurrent events not a comparison (Rondeau et al.,

2010).
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3 Data and Methodology

3.1 Description of the study area

The data set employed under this study is recurrence of breast cancer data which

were collected from TASH. It is the biggest referral public hospital in Ethiopia and

training center of health professionals. The hospital gives service to population of

Addis Ababa city and its surroundings majorly, but patients come to the hospital from

all over Ethiopia. The hospital gives service as both inpatient and ambulatory follow

up. It starts an organized oncology service in 1998 Ethiopian calendar. The cancer

unit at the TASH provides chemotherapy, radiation therapy, hormone therapy and

other supportive and palliative cares. It is the main center for cancer registry, early

detection, prevention, standard treatment and palliative care in Addis Ababa.

3.1.1 Study Population

This is a retrospective study aims to determine the recurrence of breast cancer based on

hospital registry in TASH, oncology center. The population of this study was all women

with breast cancer who had been registered at TASH starting from 1st January 2013

to 30th January 2019. All the data had been carefully reviewed from the registration

log book and patients’ registration card; if any inadequate information counters it has

been checked from the file and excluded from analysis if proven to be inadequate.

3.1.2 Inclusion and Exclusion Criteria

Inclusion Criteria:- All breast cancer women patients came for the reason of cancer

recurrence and registered with full information including in the registration log book

or in the patients identification card were considered to be eligible for the study.

Exclusion criteria:- Patients with insufficient information about one of the vital

variables either in the registration book or in the card were not eligible. Also the

patients lost from the study without starting any breast cancer recurrence treatment

was not included.
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3.1.3 Data Collection Procedure

Ethical permission has been obtained from the oncology department of the TASH. The

hospital based data collected by trained enumerator and principal investigator. This

study incorporates secondary data.

3.1.4 Data Structure for Modeling Recurrent Events on Breast Cancer

Breast Cancer data has been checked carefully to identify first, second, third and

additional times of time to recurrence on breast cancer (i.e. recurrent event data).

Table below illustrates data structures required for modeling recurrent events of

time to recurrence of breast cancer. The time from the start of the follow-up (1st

January 2013) to first time to recurrence, second time to recurrence, third time to

recurrence and the time to the last censorship in patients who did not have recurrence

time of breast cancer was considered to model recurrent event data. On the other

hand, data from breast cancer patients with both one and more time to recurrence

were accounted when modeling recurrent event data. The time interval for recurrent

events of time to recurrence for each patient was given by the difference between two

successive recurrence times of breast cancer patient.

Table 3.1: Data Structure for recurrence of Breast Cancer

ID Start Stop time Event status Tumor size Treatment taken

1 0 8 8 1 1 Combination of ≥2

1 10 16 6 1 2 Radiation

1 23 32 9 0 1 Chemotherapy

2 0 9 9 1 3 Combination of ≥2

2 13 19 6 1 3 Surgery

2 21 31 10 0 2 Hormonal

3 0 7 7 1 1 Surgery

3 14 24 10 0 3 Chemotherapy
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A pair of variable (start, stop) is used to define the time interval of the breast

cancer recurrence.

Start:- the start time of the interval (in months). The entry of the recurrent events

data would be considered from the day that the women starts diagnosis after breast

becomes abnormal. The start time is generally equal to zero for the 1st recurrence of

breast cancer.

Stop:- the time (in months) at which the event occurs or the time of censoring (death,

drop-out, or the end of study).

Time:-the number of months at risk that is calculated from the columns ‘Start’ and

‘Stop’. This structure of the data can used to fit Andersen and Gill model and frailty

model.

An indicator variable, Event, represents the status of every observation “1” if recur-

rence observed and “0” if the event is censored due to several reasons. For simplicity

it is assumed that the censoring mechanism was independent of the recurrent event

process in this study.

Among the breast cancer patients there are women that are dropped treatment, died,

does not re-occur at the end of study. This means that the type of the survival data is

random right censored.

3.2 Variables in the Study

3.2.1 Response Variable

The response variable for this study was time to recurrence of women breast cancer

which measured in months.

3.2.2 Explanatory Variables

The predictor variables which assumed to influence the recurrence of women breast

cancer were given in below:-

1. Age (≤ 35, 36-49, ≥ 50)

2. Alcohol(No, Yes)
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3. Smoking Status (No, Yes)

4. Residence (Urban, Rural)

5. Histology grade (I, II, III)

6. Breastfeeding (No, Yes)

7. Treatment taken (Chemotherapy, Radiation, Surgery, Hormone Therapy, Com-

bination of the two or more)

8. Stage (I, II, III, IV)

9. Oral contraceptives (Not used, used)

10. Obesity (underweight, normal, overweight)

11. Tumor size (≤ 2 cm, 3-5 cm, > 5cm)

12. Family History (No, With)

13. Menopause status (pre, post)

14. Marital status (Single, Married, Widowed, Divorced)

3.2.3 Description of variables

• Breast cancer recurrence:- Recurrent breast cancer is breast cancer that

comes back after initial treatment. It is not a new cancer; it is the same cancer

the person originally had.

• Family History of breast cancer: having a family who had breast cancer or not.

• Treatments Taken:- Taking into account tumor characteristics, including size

and extent of spread, as well as patient preference, treatment usually given

to women with breast cancer are surgery, radiotherapy, hormone therapy and

chemotherapy.
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- Hormone therapy:- Women with hormone receptor positive breast cancer may

reduce their risk of recurrent breast cancer by taking hormone therapy after their

initial treatment. Hormone therapy may continue for at least five years.

- Chemotherapy:- For women with breast cancer who have an increased risk of

cancer recurrence, chemotherapy has been shown to decrease the chance that

cancer will recur, and those who receive chemotherapy live longer.

- Radiation therapy:-Women who have had a breast sparing operation to treat

their breast cancer and those who had a large tumor or inflammatory breast can-

cer have a lower chance of the cancer recurring if they are treated with radiation

therapy.

3.3 Methods of Data Analysis

3.3.1 Descriptive Statistics

The description of survival data utilizes non-parametric methods to compare the sur-

vival functions of two or more groups and Kaplan-Meier plot(s) would be employed

for this purpose (Kaplan and Meier, 1958). The frequency distribution table was also

used to summarize the data based on the study variables.

3.3.2 Survival Data Analysis

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

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

months, weeks, or days from the beginning of follow-up of an individual until an event

occurs. By event, we mean death, disease incidence, relapse from remission, recovery

or any designated experience of interest that may happen to an individual (Aalen et

al., 1980).

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

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

observation is finite certain patients may not experience the event of interest over the

study period. Most survival analyses consider a key analytical problem of censoring.
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In essence, censoring occurs when we have some information about individual survival

time, but we do not know the survival time exactly. The censoring used in this paper

is right censoring. Survival time is said to be right censored when it is recorded from

its beginning to a defined time before its end time.

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

• Death from unrelated causes

• Loss of follow-up

• Termination of study

Survival Function:- The survivor function is the probability that the survival time

of a randomly selected subject is greater than or equal to some specified time. Thus, it

gives the probability that an individual surviving beyond a specified time. The distri-

bution of survival time is characterized by survivor ship, probability density function

and hazard function.

Let T be a random variable associated with the survival times and t be the specified

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

of the survival time T. The survivor function, S(t), is given by:-

S(t) = P (T > t) = 1− F (t), t ≥ 0 (1)

where, F(t) is cumulative distribution function, which represents the probability that

a subject selected at random have a survival time less than or equal to some stated

value t, given by:-

F (t) = P (T ≤ t) =

∫ t

0

f(u)du, t ≥ 0 (2)

The probability density function, f(t), is given by:-

f(t) =
d

dt
F (t) =

−d
dt
S(t) (3)

The hazard function is the instantaneous probability of having an event at time t (per

unit time) given that one has survived (i.e. Not had an event) up to time t (Kleinbaum

and Klein, 2012). It is given by:-

λ(t) =
f(t)

S(t)
F (t) =

−d
dt
lnS(t) (4)
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The cumulative hazard function is defined as:-

Λ(t) =

∫ t

0

λ(u)du = −lnS(t) (5)

Thus;

S(t) = e−Λ(t)

3.3.3 Cox-Proportional Hazard Model

The most frequently applied analysis method for recurrent data is the model by An-

dersen and Gill (1982) which is based on the common Cox proportional hazards model

(Cox, 1972). The Andersen-Gill model assumes independence between all observed

event times irrespective whether these event times correspond to the same/different

patients. The assumption of proportional hazards is that the hazard of time-to-event

at any given time for an individual in one group is proportional to the hazard at that

time for an individual in the other group. Further assumptions of the Cox PH model

are: the ratio of the hazard function for two individuals with different sets of covari-

ates does not depend on time, time is measured on a continuous scale, censoring occurs

randomly and uninformative censoring.

According to Kleinbaum and Klein (2005), modeling recurrent survival data can be

carried out using a Cox PH model with the data layout constructed so that each subject

has a line of data corresponding to each recurrent event. The model is typically use to

carry out the counting Process approach is the standard Cox PH model. For recurrent

survival data, a subject remains in the risk set for more than one time interval until his

or her last interval, after which the subject is removed from the risk set. The hazard

function for the jth individual in the ith group can be obtained by:-

λij(t) = λ0(t)eβ
′X (6)

where λ0(t) is baseline hazard, β is a p x l vector of regression coefficients and Xij is

the value of x for the jth individual in ith group i=1,..., G and j=1, ..., ni

Checking the Assumption of Proportional Hazards

It is always a good practice to check the assumption of proportional hazards before

proceeding further with other inferential activities. Schoenfeld residuals are useful to
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check the proportionality of the covariates over time, that is, to check the validity of

the proportional hazards assumption.

3.3.4 Frailty Models

Inference for Cox proportional hazards model (Cox, 1972) was developed under the

assumption that the observations are statistically independent, at least conditionally

upon covariates. However, this assumption may be violated. Thus in many epidemio-

logical studies, failure times are clustered into groups such as families or geographical

units: some unmeasured characteristics shared by the members of that cluster, such as

genetic information or common environmental exposures could influence time to the

studied event. In a different context, correlated data may come from recurrent events,

i.e. events which occur several times within the same subject during the period of ob-

servation. In frailty models, dependence is produced by sharing an unobserved variable

which is treated as a random effect, or frailty (Clayton, 1978; Petersen, Andersen and

Gill, 1996).

The term frailty itself was introduced by Vaupel et al., (1979) in univariate survival

models and the model was substantially promoted by its application to multivariate

survival data in a seminal paper by Clayton (1978) (without using the notion “frailty”)

on chronic disease incidence in families. Frailty models are extensions of the propor-

tional hazards model, known as the Cox model (Cox, 1972), the most popular model

in survival analysis. The frailty approach is a statistical modeling concept that aims

to account for heterogeneity caused by unmeasured covariates. In statistical terms, a

frailty model is a random effect model for time-to-recurrence where the random effect

has a multiplicative effect on the baseline hazard function.

3.3.5 A Shared Frailty Model

A natural extension of the uni-variate frailty model will be multivariate frailty models

where individuals are allowed to share the same frailty value. The assumption of a

shared frailty model is that both individuals in a pair share the same frailty Z, and

this is why the model is called the shared frailty model. It was introduced by Clayton

(1978) and extensively studied in Therneau and Grambsch (2010), Duchateau et al.,
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(2003). These frailties may be individual-specific or group-specific thus giving rise

to the nomenclature “individual frailty” or “shared frailty” models. Shared frailty

models are appropriate when you wish to model the frailties as being specific to groups

of subjects, such as subjects within families. Here a shared frailty model may be used

to model the degree of correlation within groups.

3.3.6 A Shared Gamma Frailty Model

The gamma distribution Γ(k, λ) has been widely applied as a frailty distribution. The

two parameter gamma density function is given by:-

fz(Z) =
kλzλ−1e−kz

Γ(λ)
(7)

with λ >0 the shape parameter and k > 0 the scale parameter. The Laplace transform

is

L(s) =

∫ ∞
0

e−zsfz(Z)dz = kλ(s+ k)−λ (8)

In frailty modeling the typical choice of the parameters of the gamma distribution is

k= λ Using θ as notation for the variance of Z, we the have E(Z) = 1 and V ar(Z) =

θ - 1
k

.

This distribution with parameters (1
θ
, 1
θ
) is called a one-parameter gamma distribution

with variance parameter θ. With the assumption k = λ (necessary for identify-ability

reasons), the two-parameter gamma distribution turns to a one parameter distribution

Γ(1
θ
, 1
θ
). The functional form of the one parameter gamma distribution is given by:

fz(z) =
z

1
θ
−1e

−z
θ

θ
1
θΓ(1

θ
)

(9)

where Γ(.) is gamma function with Laplace transform that is given by:

L(s) = (1 + θs)
−1
θ , θ > 0 (10)

Thus, the expectation and variance of the frailty variable will be 1 and θ respectively.

The shared gamma frailty model (conditional hazard) for individual j in cluster i is:-

λij(t|Xij, Zi) = ziλ0(t)exij ‘β = Zih(tij)
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where

h(tij) = λ0(t)exij ‘β

in the Cox regression model for individual j in cluster i. The Zi are independent

identically distributed following a gamma distribution, like in the uni-variate frailty

models.

3.3.7 Shared Log-Normal Frailty Model

Another important frailty distribution is the log-normal distribution. The popularity

of the log-normal frailty model stems mainly from the link with mixed models, where

the standard assumption is that the random effects follow a normal distribution. Let

W ˜ N(0,σ2) be a normally distributed random effect and let the frailty be given by

Z=eW . The corresponding frailty has a log-normal distribution. It is function has the

form:-

fz(z) =
1

Z
√

2πσ2
e
−(log(z))2

2σ2 , σ > 0, z > 0 (11)

Consequently, in the gamma frailty model the parameter θ denotes the variance of

the frailty Z whereas in the log-normal model σ2 denotes the variance of the random

effect W = ln(Z). Both expressions can not be directly compared. Furthermore, in

the log-normal model the expectation of the frailty variable is usually not one despite

the fact that the expectation of the random effect W is zero. The shared log-normal

frailty model has the form:-

λij(t) = λ0(t)Xij‘β +Wi (12)

where λij(t) the hazard function is for the th individual from the ıth group λ0(t) is the

baseline hazard at time t, Xij is the vector of p covariates recorded for the individual

and Wi is the random effect for the ıth group. In this model λ0(t) can be left arbitrary.

The wi‘s, i =1,..., G are a sample (independent and identically distributed) from a

density fw(.). The frailty model can be rewritten as follows:-

λij(t) = λ0(t)eWieXij ‘β = λ0(t)Zie
Xij ‘β (13)

Where Zi=e
Wi is known as the frailty. Model (13) is a conditional hazard function

given the independent Zi, i =1,..., G which are assumed to have a common density

fz(.).
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3.3.8 Penalized Likelihood Approach

Semi-parametric hazard models without frailty terms are fitted by maximization of

the partial likelihood (Cox, 1972). For semi-parametric frailty models, however, we

need to account for the contribution of the unobserved frailty terms. In this study we

focus mainly on semi-parametric frailty models, which mean that traditional maximum

likelihood estimations procedures are not appropriate for parameter estimation. An

appropriate estimation method could be used to fit semi-parametric frailty models

that are the expectation-maximization (EM) algorithm and the penalized likelihood

approach as discussed in (Therneau and Grambsch, 2000; Duchateau and Janssen,

2008).

Penalized likelihood approach used in this study because the idea of Cox partial

likelihood does not carry out in a simple manner, since the integration over frailty

induces a complicated form of this likelihood. In the gamma frailty model, a compact

formula for the full likelihood can be obtained by integrating out the frailty Zi from the

joint likelihood (Klein et al., 1992; Nielsen et al., 1992). Thus, the penalized likelihood

approach has the advantage that while making no parametric assumption on the hazard

or intensity functions, it yields smooth estimates of these functions.

3.3.9 Choice of Smoothing Parameter

Sometimes it is sufficient to choose the smoothing parameter heuristically, by plotting

several curves and choosing the one that seems most realistic. An empirical estimate of

the smoothing parameter can be provided or the smoothing parameter can be chosen

by maximizing cross-validation as in (Joly et al., 1999).

CV (k) =
1

n
lj(η̂(k))− 1

n
[Î(η̂) + 2kΩ]−1Î(η̂) (14)

where:- lj is the log-likelihood contribution of individual j. In this study, the goodness

of fit of the Cox and frailty models is provided by an approximate likelihood cross-

validation criterion (LCV) (Gray, 1992). Likelihood cross-validation criterion (LCV) is

approximately equivalent to Akaike’s criterion. Lower values of LCV indicate a better

fitting model.
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3.3.10 Computational Procedure (Algorithm)

The estimated parameters for the models we employed were obtained by the ro-

bust Marquardt algorithm (Marquardt, 1963) which is a combination of the Newton-

Raphson algorithm and steepest descent algorithms. It is more stable than the Newton-

Raphson algorithm but preserves its fast convergence property near the maximum. The

iteration stops when the difference between two consecutive log-likelihoods is small, the

coefficients are stable and the gradient is small enough.

3.3.11 Assessing Model Adequacy

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

the model, it is important to evaluate how well the model fits the data. A survival model

is adequate if it represents the survival patterns in the data to an acceptable degree.

This aspect of a model is known as goodness of fit. Residuals are a useful method

for checking the fit of a statistical model. Residuals are central to the evaluation of

model adequacy in any setting. Cox-Snell residual is the most widely used residual in

the analysis of survival data (Cox and Snell, 1968). The Cox-Snell residual for the ith

individual is given by:

rci = eβ‘XijĤ0(ti) = Ĥi(ti) = −logŜ0(ti) (15)

where Ĥ0(ti) is an estimate of the baseline cumulative hazard function at time ti, the

observed survival time of that individual, Ĥi(ti) and Ŝi(ti) are the estimated values of

the cumulative hazard and survivor functions of the ith individual at ti. The hazard

function follows approximately 45 degree line at which plot depicts for −logŜ0(ti) vs

time a straight line and/or for plot log(−logŜ0(ti)). Log (time) a straight line through

the origin with slope =1, we can say the model fit the data better.

3.4 Ethical Consideration

The research ethics review board of Jimma University would provide an ethical clear-

ance for the study. The data has been collected after written permeation is obtained

from oncology department of TASH and department of statistics write an official co-

operation letter to the Hospital for the permeation. The study conducted without
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informed consent since retrospective study design has been applied. Confidentiality of

any information related to the patients and their clinical history has been maintained

by keeping both the hard-copy and soft-copy of every collected data in a locked cabinet

and password secured computer. Only the researcher would access to the de-identified

data that has been kept in a secure place. All data has been coded with numbers

and hospital numbers and without personal identifiers. All analysis has been on de-

identified and coded data. During the study, there is no contact between the patients

and the researcher. The study is noninvasive and without any harm to the patients.

Then, the data obtained from the hospital has been secured.

Statistical Software Used

The statistical software used was:-

• R version 3.6.1 used for data analysis.
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4 Results and Discussion

4.1 Descriptive Analysis

In this study, 421 women‘s who followed breast cancer treatment in TASH between

1st January 2013 and 30th January 2019 were considered. The response was time to

recurrence of breast cancer. From the total of 997 recurrent observation, about 609

(61.1%) of them experienced recurrence of breast cancer and the remaining 388 (38.9%)

were censored.

From the total of the patients 42(10%) have taken surgery of which 6(1.4%) were

events. Of this total patients 153(36.3%) were those who took chemotherapy from

this 77(18.3%) of them were events. And also, about 40(9.5%) breast cancer patients

treated in the hospital with radiotherapy out of this 14(3.3%) of them experienced the

events. About 35(8.3%) recurrent observation treated with a hormone therapy out of

this 13(3.1%) of them experienced the events and 151(35.9%)patients in the hospital

treated with a combination of two or more treatments out of this 56(13.3%) of them

experienced the events.

Similarly, smoker incorporates 68(16.2%) of the total patients where the events

experienced in 42(10%). Looking for tumor size of women with recurrent events, about

26(6.2%), 60(14.3%) and 80(19%) have a tumor size of ≤ 2cm, 3-5 cm and > 5cm

experienced the events respectively, this indicate the recurrence of women with breast

cancer seems higher for higher tumor size. Most of the patients come to the TASH

at stage III and stage IV which is advanced stage of breast cancer and of all patients

143(34%) and 146(34.7%) stage III and IV patients, 89(21.1%) and 110(26.1%) of

them were events respectively. Almost half of patients, about 199(47.3%))use oral

contraceptive out of this the events experienced on 94(22.3%). Finally from the total

of patients 318(75.5%) of them were married and from this 122(29%) of them experience

the events. The minimum and maximum times of recurrence of women breast cancer

were 5 and 32 months respectively. The median recurrence time of the breast cancer

patients was 10 months in the recurrent events of women breast cancer.
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Table 4.1: Frequency distribution of independent variables among the patients with

breast cancer

Recurrent Status

Variable Names Category Censored Events Total

treatment taken Surgery 36(8.6%)) 6(1.4%) 42(10%)

Chemotherapy 76(18.1%) 77(18.3%) 153(36.3%)

Radiation 26(6.2%) 14(3.3%) 40(9.5%)

Hormonal-therapy 22(5.2%) 13(3.1%) 35(8.3%)

Combination of ≥2 95(22.6%) 56(13.3%) 151(35.9%)

Age ≤ 35 55(13.1%) 51(12.1%) 106(25.2%)

36-49 88(20.9%) 90(21.4%) 178(42.3%)

≥50 112(26.6%) 25(5.9%) 137(32.5%)

Smoking non-smoker 229(54.4%) 124(29.5%) 253(83.8%)

Smoker 26(6.2%) 42(10%) 68(16.2%)

Stage I 18(4.3%) 7(1.7%) 25(5.9%)

II 58(13.8%) 49(11.6%) 107(25.4%)

III 54(12.8%) 89(21.1%) 143(34%)

IV 36(8.6%) 110(26.1%) 146(34.7%)

Tumor size ≤ 2cm 119(28.3%) 26(6.2%) 145(34.4%)

3cm-5cm 95(22.6%) 60(14.3%) 155(36.8%)

>5cm 41(9.7%) 80(19%) 121(28.7%)

Obesity Normal 62(14.7%) 41(9.7%) 103(24.5%)

Underweight 74(17.6%) 62(14.7%) 136(32.3%)

Overweight 119(28.3%) 63(15%) 4182(43.3%)
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Recurrent Status

Variable Names Category Censored Events Total

Histology grade Well differentiated 89(21.1%) 34(8.1%) 123(29.2%)

moderately differentiated 95(22.6%) 67(15.9%) 162(38.5%)

poorly differentiated 71(16.9%)) 65(15.9%) 136(32.3%)

Alcohol No 121(28.7%) 79(18.8%) 200(47.5%)

Yes 134(31.8%) 87(20.7%) 221(52.5%)

Family history No 128(30.4%) 85(20.2%) 213(50.6%))

Yes 127(30.2%) 81(19.2%) 208(49.4%)

Breast feeding No 83(19.7%) 95(22.6%) 178(42.3%)

Yes 172(40.9%) 71(16.9%) 243(57.7%)

Residence Urban 2161(38.2%) 113(26.8%) 274(65.1%)

Rural 94(22.3%) 53(12.6%) 147(34.9%)

Menopausal status pre-menopausal 135(32.1%) 74(17.6%) 209(49.6%)

post-menopausal 120(28.5%) 92(21.9%) 212(50.4%)

Oral contraceptive Not used 150(35.6%) 72(17.1%) 222(52.7%)

Used 105(24.9%) 94(22.3%) 199(47.3%)

Marital status Single 323(5.5%) 17(4%) 40(9.5%)

Married 196(46.6%) 122(29%) 318(75.5%)

Widowed 22(5.2%) 18(4.3%) 40(9.5%)

Divorced 14(3.3%) 9(2.1%) 23(5.5%)

Total 255(60.6%) 166(39.4%) 421(100%)
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4.2 Cox Proportional Hazard Model

To determine the biological, clinical and socio demography covariates which are associ-

ated with the observed time to recurrent event of breast cancer patients, first fitted Cox

proportional hazard model for each risk factor before proceeding to more complicated

models. Result of the uni-variable Cox proportional hazard regression model is shown

in the appendix-1 (Table 5.1). Variables with p-value less than or equal to 25% in

the uni-variable analysis were considered for multivariable model (Hosmer et al., 2008;

Bursac et al., 2008). The full multivariable Cox proportional hazard model was fitted

including all the potential covariates that were significant at 25% at the uni-variate

level. For multivariable analysis, variables with P-value less than or equal to 5% were

selected as significant covariates.

The result from the standard Cox PH model is presented on table 4.2 below. It is

observed that age, stage, tumor size, histology grade, breast feeding and oral contra-

ceptive were significantly associated with time to recurrence of breast cancer patients.

The Standard Cox PH model considers different line of data contributed by the same

subjects as independent contributions from different subjects.

Table 4.2: Parameter Estimates of Cox-PH Model using penalized likelihood

Variable names category β̂ exp(β̂) SE coef (H) p-value 95% CI

Age 36-49 -0.0022 0.9978 0.0979 0.98225 [0.82 , 1.21]

≥50 -0.3117 0.7322 0.1175 0.0080 [0.58 , 0.92]

Stage II 0.2976 1.3466 0.1123 0.0081 [1.08 , 1.68]

III 0.2865 1.3318 0.1077 0.0078 [1.08 , 1.64]

IV 0.6330 1.8833 0.1586 <0.0001 [1.38 , 2.57]

Tumor size 3cm-5cm 0.4786 1.6138 0.1197 <0.0001 [1.28 , 2.04]

>5cm 0.6448 1.9055 0.1215 <0.0001 [1.50 , 2.42]
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Variable names category β̂ exp(β̂) SE coef (H) p-value 95% CI

Histology grade II 0.1455 1.1566 0.1134 0.1993 [0.93 , 1.44]

III 0.2364 1.2667 0.1117 0.0342 [1.02 , 1.58]

Breast feeding Yes -0.3301 0.7188 0.0859 0.00012 [0.61 , 0.85]

Oral Contraceptive Used 0.2083 1.2316 0.0850 0.0142 [1.04 , 1.45]

4.2.1 Checking the Assumption of Cox-PH

The PH assumption of all variables included in the model was checked using the Schoen-

feld residuals as described in table 4.3 below. The results show that the covariates are

not statistically significant implying that the covariates are time independent because

all the p-values are greater than 5%. The test of correlation (Rho) is a relation between

time and residuals. It is insignificant that indicates proportional hazards assumption

is fulfilled. The overall proportionality test is also not statistically significant imply-

ing that the proportionality assumption was not violated. The scatter plots of Scaled

Schoenfeld residuals in appendix also used to check PH assumption. If the PH assump-

tion is met, Schoenfeld residuals should look horizontal since the scaled Schoenfeld

residuals are independent of recurrence time.

Table 4.3: Cox PH assumption checking test statistics

Variable Category Rho Chisq p-value

Treatment taken Chemotherapy 0.05218 -1.58611 0.2079

Radiotherapy 0.03978 0.90082 0.3426

Hormonal 0.01692 0.17448 0.6762

Combination of two or more 0.05864 2.03430 0.1538

Age 36-49 -0.00549 0.00973 0.9214

≥50 0.03850 0.35782 0.5497

Smoking Yes -0.09713 2.00309 0.1570

Stage II -0.02969 0.15248 0.6962

III -0.05021 0.46661 0.4946

IV -0.07048 1.05617 0.3041
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Tumor size 2cm-5cm 0.10263 3.42868 0.0641

> 5cm 0.10073 3.79636 0.0514

Obesity Underweight -0.05153 0.59943 0.4388

Overweight -0.01558 0.05379 0.8166

Histology grade Moderately differentiated -0.04014 0.53773 0.4634

poorly differentiated -0.07704 1.91115 0.1668

Alcohol Yes -0.00560 0.00883 0.9251

Breast feeding Yes -0.05511 0.66005 0.4165

Oral contraceptive Used -0.07222 1.44803 0.2288

GLOBAL - NA 18.66570 0.4785

4.3 Shared Gamma Frailty Model

In recurrent events data, subjects may have more than one events of interest. Thus,

patients with the same id are considered as correlated. An extension of the Cox model

can be considered by taking into account the clustered structure of the data. Thus

clustering can be considering as a random effect. Here the main interest is rather

in the heterogeneity between subjects. In the shared gamma frailty model, first uni-

variable analysis was conducted and significant variables at 25% level of significance

were taken to the multiple shared gamma frailty model. Result is presented in table

5.2 of the appendix. Treatment taken, age, stage, tumor size, histology grade, breast

feeding and oral contraceptive were significant covariates selected from the saturated

multiple shared gamma frailty model.
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Table 4.4: Parameter Estimates for Shared Gamma Frailty Model uses penalized like-

lihood

Variable names category β̂ exp(β̂) SE coef (H) p-value 95% CI

Treatment taken Chemotherapy 0.3679 1.4445 0.19778 0.0629 [0.98 , 2.13]

Radiotherapy 0.3250 1.3840 0.2365 0.1694 [0.87 , 2.20]

Hormonal 0.1762 1.1927 0.2467 0.4752 [0.74 , 1.93]

Combination of ≥ 2 0.4343 1.5438 0.1961 0.0268 [1.05 , 2.27]

Age 36-49 -0.0061 0.9939 0.0980 0.9506 [0.82 , 1.20]

≥50 -0.3192 0.7267 0.1178 0.0067 [0.58 , 0.92]

Stage II 0.3104 1.3640 0.1126 0.0059 [1.09 , 1.70]

III 0.3084 1.3612 0.1079 0.0043 [1.10 , 1.68]

IV 0.66744 1.9492 0.1592 <0.0001 [1.43 , 2.66]

Tumor size 3cm-5cm 0.5216 1.6847 0.1195 <0.0001 [1.33 , 2.13]

>5cm 0.6798 1.9734 0.1216 <0.0001 [1.55 , 2.50]

Histology grade II 0.1387 1.1488 0.1135 0.2217 [0.92 , 1.44]

III 0.2565 1.2923 0.1118 0.0218 [1.04 , 1.61]

Breast feeding Yes -0.3672 0.6927 0.0860 <0.0001 [0.59 , 0.82]

oral contraceptive Used 0.2236 1.2506 0.0853 0.0088 [1.06 , 1.48]

Frailty parameter, Theta:6.49157e−14 SE (H): 2.53472e−08 p = < 0.5

penalized marginal log-likelihood = -2207.38

Convergence criteria: parameters =1.08e-05 , likelihood = 7.1e-05, gradient = 5.63e-09

LCV = the approximate likelihood cross-validation criterion in the semi parametric

case = 2.23908

Coef: estimated coefficient for each covariates; exp (coef): exponentiation value of

coefficient, se coef (H) and se coef (HIH): estimator of standard error direct and

the Hessian (“sandwich estimator”) respectively; the First Category of covariates‘ is

Reference.

Parameter estimates of the shared gamma frailty model are presented in table

4.4 above interpreted as following after controlling for others prognostic factors and
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accounting for frailty. The estimated hazard rate for age implied those patients who

are grouped in age interval 50 or above 50 is ĤR = eβ̂ = e−0.31921178 = 0.727 with [95%

CI: 0.58 ,0.92] and the p-value are small (p-value = 0.007) which implies that age has

been increase the recurrence of the diseases. Thus, the result revealed that recurrence

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

of about 0.727 times less than patients who were grouped to age interval ≤35.

Looking for stages of women with breast cancer, the estimated hazard rate of breast

cancer with stage II, III and IV were 1.364 with [95% CI: 1.09, 1.70], 1.361 with [95%

CI: 1.10, 1.68] and 1.950 with [95% CI: 1.43, 2.66] respectively and p-value (0.006, 0.004,

<0.0001) this indicates that stage II, III and IV of breast cancer has a significant effect

on the increasing recurrence of women with breast cancer and the risk of recurrence

breast cancer increased by 1.364, 1.361 and 1.950 for stage II, III and IV of women

with breast cancer respectively as compared to stage I.

Regarding tumor size of women breast cancer, the estimated hazard rate of breast

cancer patients for tumor size 3 to 5 and above 5 centimeters are estimated to be

1.685 with [95% CI: 1.33, 2.13] and 1.973 with [95% CI: 1.55, 2.50] respectively and

p-value are small (<0.0001) which implies that both tumor size of women with breast

cancer has a significant effect on the increasing recurrence of breast cancer and the

expected hazard rate of breast cancer patients increased by 1.685 for tumor size 3 to 5

centimeters and 1.973 for tumor size above 5 centimeters as compared to women with

breast cancer of tumor size 2 or below 2 centimeters.

Moreover, for those patients having histology grade III, the estimated hazard rate

is to be 1.292 with [95% CI: 1.04, 1.61] in which the expected hazard rate is 1.292 times

more than women having histology grade I and p-value is small (0.022) this implies that

women having histology grade III has a significant effect on the increasing recurrence

of breast cancer.

By observing breast feeding of women with breast cancer, the estimated hazard

rate of breast cancer recurrence for women in breastfeed a child is estimated to be

0.693 with [95% CI: 0.59, 0.82] in which the expected hazard rate is 0.693 times less

than women did not breastfeed child and p-value is small (<0.0001) which implies that

women with breast feeding were significantly decreases the risk of recurrence of breast
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cancer.

Finally, observing for women oral contraceptive use, the estimated hazard rate of

breast cancer patients using oral contraceptive is 1.251 with [95% CI: 1.06, 1.48] which

indicate the expected hazard rate is 1.251 times more than women did not use oral

contraceptive and the p-value is small (0.0088) this indicated that a women using oral

contraceptive were significantly increases the risk of recurrence of breast cancer.

4.4 Shared Log-Normal Frailty Model

Similarly, we conducted uni-variable analysis for the shared log-normal frailty model.

The result of uni-variable analysis indicate treatment taken, age, smoking habit, stage,

tumor size, histology grade, breast feeding and oral contraceptive were statistically

significant at 25% level of significance as presented in the appendix-1 (Table 5.3).

The result from the shared log-normal frailty model is presented on table 4.5 below.

It is observed that age, stage, tumor size, histology grade, breast feeding and oral

contraceptive were the only significant covariates selected from the saturated multiple

shared log-normal frailty model.

Table 4.5: Parameter Estimates of Shared Log-normal Frailty Model using penalized

likelihood

Variable names category β̂ exp(β̂) SE coef (H) p-value 95% CI

Age 36-49 -0.0124 0.9877 0.1052 0.9062 [0.80 , 1.21]

≥50 -0.3346 0.7156 0.1245 0.0072 [0.56 , 0.91]

Stage II 0.3428 1.4090 0.1187 0.0039 [1.12 , 1.78]

III 0.3137 1.3685 0.1126 0.0053 [1.10 , 1.71]

IV 0.7286 2.0722 0.1696 <0.0001 [1.49 , 2.89]

Tumor size 3cm-5cm 0.4598 1.5838 0.1234 0.00019 [1.24 , 2.02]

>5cm 0.6640 1.9425 0.1253 <0.0001 [1.52 , 2.48]
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Variable names category β̂ exp(β̂) SE coef (H) p-value 95% CI

Histology grade II 0.1160 1.1231 0.1183 0.3266 [0.89 , 1.42]

III 0.2492 1.2831 0.1162 0.0319 [1.02 , 1.61]

Breast feeding Yes -0.3514 0.7037 0.0894 <0.0001 [0.59 , 0.84]

oral contraceptive Used 0.2233 1.2503 0.0900 0.0130 [1.05 , 1.49]

Frailty parameter, Sigma Square:0.075618 SE (H): 0.00864336 p = < e−16

penalized marginal log-likelihood = -2162.87

Convergence criteria: parameters =5.95e-07, likelihood = 0.000894, gradient = 6.81e-09

LCV = the approximate likelihood cross-validation criterion in the semi parametrical

case = 2.19644

Coef: estimated coefficient for each covariates; exp (coef): exponentiation value of

coefficient, se coef (H) and se coef (HIH): estimator of standard error direct and

the Hessian (“sandwich estimator”) respectively; the First Category of covariates’ is

Reference.

Parameter estimates of the shared log-normal frailty model are presented in table

4.5 above are interpreted as following after controlling for others prognostic factors and

accounting for frailty. The estimated hazard rate for age implied those patients who are

grouped in age interval 50 or above 50 is ĤR = eβ̂ = e−0.3345833 = 0.716) with [95% CI:

0.56- 0.91] and p-value are small (p-value= 0.0072) which implies that younger women,

particularly those under the age of 35, have a higher risk of recurrence of breast cancer

and the result revealed that age interval 50 or above 50 of breast cancer patients has

rate of recurrence 0.716 times less than patients who were grouped to age interval ≤35.

Looking for stages of women with breast cancer, the estimated hazard rate of breast

cancer for stage II, III and IV were 1.409 with [95% CI: 1.12 - 1.78], 1.368 with [95%

CI: 1.10 - 1.71] and 2.0722 with [95% CI: 1.49 - 2.89] and the p-value are small (0.0039,

0.0053, <0.0001) respectively and this indicates that women with advanced stages have

a greater risk for recurrence of breast cancer. Thus, the expected hazard rate of women

with recurrence of breast cancer increased by 1.409, 1.368 and 2.0722 for stage II, III
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and IV respectively as compared to stage I.

Regarding tumor size of women breast cancer, the estimated hazard rate of recur-

rence for tumor size 3 to 5 and above 5 centimeters are estimated to be 1.584 with

[95% CI: 1.24 - 2.02] and 1.942 with [95% CI: 1.52 - 2.48] respectively and p-value are

small (<0.0001, <0.0001) which implies that both tumor size of women with breast

cancer has a significant effect on the increasing recurrence of women breast cancer and

women with larger tumors have a greater risk of recurrent breast cancer and also the

expected hazard rate of women with breast cancer increased by 1.584 for tumor size 3

to 5 centimeters and 1.942 for tumor size above 5 centimeters as compared to tumor

size 2 or below 2 centimeters.

Moreover, for those patients having histology grade three, the estimated hazard

rate is estimated to be 1.283 with [95% CI: 1.02 - 1.61] in which the expected hazard

rate is 1.283 times more than women having histology grade one and the p-value is

small (0.032) which implies that women having histology grade three has a significant

effect on the increasing recurrence of breast cancer.

By observing breast feeding of women with breast cancer, the estimated hazard rate

of breast cancer recurrence for women in breastfeed a child is estimated to be 0.7037

with [95% CI: 0.59 - 0.84] which is the expected hazard rate is 0.7037 times less than

women did not breastfeed child and the p-value is small (<0.0001) which implies that

women breast feeding a child is significantly decreases the risk of recurrence of breast

cancer.

Finally, observing for women oral contraceptive use, the estimated hazard rate of

breast cancer patients using oral contraceptive is estimated to be 1.250 with [95% CI:

1.05 - 1.49] which implies the expected hazard rate is 1.250 times more than women

did not use oral contraceptive and the p-value is small (0.013) this implies that women

use oral contraceptive is significantly increases the risk of recurrence of breast cancer.

Test hypothesis for the variance term of shared log-normal frailty term is given by:

H0:σ2 = 0 vs H1: σ2 >0

variance of frailty term (Sigma Square): σ2= 0.0756 (SE(H):0.0086) is significantly

different from zero, meaning that there is heterogeneity between the subjects explained
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by non-observed covariates. We can deduce this by using a modified Wald test:Wm(σ2)

= 0.075618 /0.00864336=8.75, with the critical value for a normal one-sided test. The

modified Wald test (Wm) is a significance test for the variance of the random effects

distribution occurring on the boundary of the parameter space. The usual squared

Wald statistic is simplified to a mixture of two distributions and hence the critical

values must be derived from this mixture (Molenberghs and Verbeke, 2007). In the

case our result we have a p-value that is less than 5% for shared log-normal frailty but

not for shared gamma frailty distribution. This mean that there is a significant frailty

effect, that within subject correlation cannot be ignored for shared log-normal frailty

but not for shared gamma frailty.

4.5 Assessment of Model Adequacy

From the plot of Cox-Snell residuals against the cumulative hazard given in the figure

below, if the model fits the data, the plot of cumulative hazard function against Cox-

Snell residuals should be approximately a straight line with slope one. Thus, the

Cox-Snell residuals indicated that shared log-normal frailty model fit the data better.

Figure 4.1: Cox-Snell residuals plot for cox-Ph model
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Figure 4.2: Cox-Snell residuals plot for shared gamma frailty model

Figure 4.3: Cox-Snell residuals plot for shared log-normal frailty model
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4.6 Comparison of the Cox-PH and Shared Frailty Models

Efficiency of the fitted models was compared using penalized marginal log-likelihood

and LCV (likelihood cross-validation) criterion. The likelihood cross-validation crite-

rion assesses the goodness of fit of a statistical model (Gray, 1988). In case of paramet-

ric approach, LCV is approximately equivalent to Akaike Information criterion (AIC).

Lower values of LCV indicate a better fitting model. Table 4.6 depicts the LCV results

of Cox PH, shared gamma frailty and shared log-normal frailty models. The shared

log-normal frailty model was chosen as the best fit for our recurrent events data on

breast cancer based on the residual analysis and minimum value of LCV. The Wald

test results indicated that the heterogeneity parameter was significant, implying that

there is a significant frailty effect, or that within subject correlation cannot be ignored.

Table 4.6: Comparison of Cox PH, Shared Gamma and Log-normal Frailty Models

Model Frailty Parameter SE PMlogL LCV

Cox-PH − − -2217.487 2.24721

Shared Gamma Frailty 6.49157 e−14 2.53472 e−8 -2207.38 2.23908

Shared Log Normal Frailty 0.0756 0.0086 -2162.87 2.19644

From the above model comparison using penalized marginal log-likelihood and LCV

(likelihood cross-validation) criterion. Using LCV The shared log-normal frailty model

was chosen as the best fit for the recurrent events data on breast cancer based on the

residual analysis and minimum value of LCV.
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4.7 Discussion

The main aim of this study is to identify factors affecting the recurrence of women

breast cancer, which was obtained from TASH. The most frequently applied analysis

method for recurrent time-to-event data is the model by Andersen and Gill was used

to analyze breast cancer data set. The Andersen-Gill model assumes independence

between all observed event times (Andersen and Gill, 1982). In addition, frailty models

used to account for the dependence among the recurrent event times based on Andersen-

Gill (A-G) survival model (Pickels et al., 1994; Yashin et al., 1995).

From the total of 997 case of recurrent observation, 609 (61.1%) them experienced

the event. From the total of 421 patients 42(10%),153(36.3%), 40(9.5%), 35(8.3%),

151(35.9%) breast cancer patients treated in the hospital with surgery, chemotherapy,

radiotherapy, hormone-therapy and combination of two or more treatments respectively

and out of this 6(1.4%), 77(18.3%), 14(3.3%), 13(3.1%), 56(13.3%) of them experienced

the events respectively. The minimum and maximum times of recurrence of women

breast cancer were 5 and 32 months respectively. The median recurrence time of the

breast cancer patients was 10 months in the recurrent events of women breast cancer.

Efficiency of the fitted models was compared using penalized marginal log-likelihood

and LCV (likelihood cross-validation) criterion and shared log-normal frailty model

found to be the best fit from the Cox PH and shared gamma frailty model (Gray,

1992).

Under uni-variable analysis the shared log-normal Frailty model shows that treat-

ments taken, age, smoking, tumor size, stages of breast cancer, obesity, histology grade,

alcohol use, family history of breast cancer, breast feeding and oral contraceptives were

significantly associated with recurrence of women breast cancer at 25% level of signifi-

cance (Hosmer et al., 2008; Bursac et al., 2008).

From result of multivariable analysis of shared log-normal Frailty model the recur-

rence of women breast cancer were significantly affected by age, tumor size, stages of

breast cancer, histology grade, breast feeding and oral contraceptives.

From the result of this study the younger women experienced the greatest hazard

rate for recurrence of breast cancer. The study by Dignam in 2009 shows the same
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results. In addition, the histology grade at diagnosis was significantly affected the

recurrence of breast cancer and the hazard rate was high for women in histology grade

III as compared to women in histology grade I. This was also indicated by study done

(Dignam et al., 2009; Mauguen et al., 2013).

Similarly the hazard rate of women with breast cancer for tumor size 3 to 5 centime-

ters and above 5 centimeters were increase as compared to women with breast cancer

of tumor size 2 or below 2 centimeters this implies that tumor size has a significant

effect on increasing the risk of breast cancer recurrences. This study was justified by

study by Mauguen et al., (2013) and Rondeau et al., (2007).

The stages of breast cancer have significant effect on the recurrence of women breast

cancer. The study done by Demicheli in 2010 and Dignam in 2009 also shows that

the stages of breast cancer at diagnosis have been significantly affect the recurrence

of women breast cancer. From the results of these two studies the hazard rate of

recurrence of breast cancer was greatest as the stage increases(Demicheli et al., 2010

and Dignam et al., 2009).

Oral contraceptives were associated with increasing recurrence of women breast

cancer. This implies that oral contraceptives facade a higher risk of breast cancer

recurrence. The current study was consistent with the study ((Lu, et al., 2011; Saxe,

et al., 1999). Furthermore, Women treated for breast cancer that previously breast fed

their babies have lower risk of recurrence than those who did not. These findings are

consistent with a study conducted by (Anderson et al., 2014).

The model adequacy of shared log-normal frailty model checked by plotting Cox-

Snell residuals against cumulative hazard function of residuals and it’s result shows

that the log-normal frailty model fit women breast cancer data well, since the plot

makes approximately straight lines through the origin for women breast cancer data

set.
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5 Conclusion and Recommendation

5.1 Conclusion

The data consisted of 997 observations from a total of 421 patients. About (61.1%) of

them experienced the event of interest while the remaining (38.9%) of observations did

not experience the event of interest throughout the study period.

The main goal of this study was to investigate determinants of recurrence of women

breast cancer and to fit best model for recurrence of breast cancer. The standard Cox

PH, shared gamma frailty and shared log-normal Frailty models were fitted. The value

of the LCV was used to identify the best model. Accordingly, the shared log-normal

frailty models provide suitable choice for the recurrent event time of the breast cancer

as compared to standard Cox proportional hazard and shared gamma frailty models.

From the result of shared log-normal frailty model age, stage, tumor size, histology

grade, breast feeding and oral contraceptive were found to be statistically significant

factors for recurrence of women breast cancer. Of all this significant covariates stage

(II, III, IV), tumor size ((3-5)cm, >5 cm), histology grade (poorly differentiated) and

oral contraceptive (use) were significantly increases the risk of recurrence of women

breast cancer. While, breast feeding was significantly decreases the risk of recurrence

of women breast cancer.

5.2 Recommendations

Based on the study finding the following recommendations are forwarded:-

• Our result showed age, stage, tumor size, histology grade, breast feeding and

oral contraceptive were statistically associated with recurrence of breast cancer.

This calls for actions on improvement of patients health status based on these

significant risk factors.

• The ministry of health of the country, policy makers and Tikur Anbessa Spe-

cialized Hospital should work on awareness of the disease so that the women has

been protect themselves from the diseases by being treated at early stage of the
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disease because of the disease is curable.

• The physicians are expected to record additional information of the patients

history such as Physical activities, age at marriage, nutritional diets and etc.,

because these are the expected risk factors from many literature’s.

• Awareness has to be given for the society regarding oral contraceptive and breast

feeding. The mass media can play an effective role in this regard.

• Further studies considering other methods of recurrent events such as marginal,

conditional for the calendar time scale, gap time scale and also joint shared frailty

model for recurrent events and terminal event (death) are recommended.

5.3 Limitations of the Study

Some of the limitations of the study are:-

• The study was conducted based on secondary data which might have incomplete

and biased information.

• Even if the study is hospital based retrospective study, on follow-up it is often a

physical and financial burden for them to return for follow-up, so the study may

have some limitation in covering all patients that take the first treatment.

• As the data is gathered from patients card the study has limited number of

variables considered as risk factors for the recurrence of breast cancer.
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Appendices

Appendix-1:-Some selective relevant summary tables and graphs

Table 5.1: Parameter Estimation of univariable Coxph Model

Variable names category β̂ exp(β̂) SE coef (H) p-value

Treatment taken Chemotherapy 0.4729 1.6047 0.1945 0.0150

Radiotherapy 0.4121 1.5100 0.2330 0.0770

Hormonal 0.1116 1.1180 0.2442 0.6480

Combination of ≥ 2 0.5072 1.6606 0.1929 0.0086

Age 36-49 0.0065 1.0065 0.0966 0.9462

≥50 -0.3833 0.6816 0.1150 0.0009

Smoking Yes 0.2471 1.2803 0.1146 0.0310

Residence rural -0.0934 0.9108 0.0857 0.2760

Number of child 3-5 -0.0396 0.9612 0.0915 0.6652

5 0.0115 1.0116 0.1094 0.9161

Stage II 0.4926 1.6366 0.1107 0.0001

III 0.3622 1.43644 0.1064 0.0007

IV 0.7616 2.1417 0.1577 0.0001

Tumor size 3cm-5cm 0.4569 1.5791 0.1187 0.0001

>5cm 0.8237 2.2790 0.1178 0.0001

Obesity underweight -0.0236 0.9766 0.1084 0.8274

overweight -0.0117 0.9884 0.1032 0.9098
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Variable names category β̂ exp(β̂) SE coef (H) p-value

Histology grade II 0.2041 1.2264 0.1120 0.0685

III 0.3379 1.4020 0.1102 0.0022

Alcohol consumption Yes 0.0360 1.0368 0.0811 0.6565

Family history With -0.0290 0.9714 0.0812 0.7208

Breast feeding Yes -0.3744 0.6877 0.0842 0.0001

Menopausal status postmenopausal -0.0117 0.9884 0.0811 0.8856

Oral Contraceptive Used 0.2477 1.2811 0.08254 0.0027

Coef: estimated coefficient for each covariates; exp (coef): exponentiation value of

coefficient, se coef (H) and se coef (HIH): estimator of standard error direct and the

Hessian (“sandwich estimator”) respectively

Table 5.2: Parameter Estimates of uni-variable Shared Gamma Frailty Model

Variable names category β̂ exp(β̂) SE coef (H) p-value

Treatment taken Chemotherapy 0.4155 1.5152 0.1944 0.0326

Radiotherapy 0.3641 1.4392 0.2327 0.1177

Hormonal 0.1728 1.1887 0.2439 0.4786

Combination of ≥ 2 0.4960 1.6423 0.1934 0.0103

Age 36-49 0.0065 1.0066 0.0966 0.9462

≥50 -0.3833 0.6816 0.1149 0.0008

Smoking Yes 0.2471 1.2803 0.1146 0.0311

Residence rural -0.0934 0.9108 0.0856 0.2760

Number of child 3-5 -0.0396 0.9612 0.0916 0.6652

5 0.0115 1.0116 0.1094 0.9161

Breast feeding Yes -0.3744 0.6877 0.0843 <0.0001
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Variable names category β̂ exp(β̂) SE coef (H) p-value

Stage II 0.4927 1.6368 0.1107 <0.0001

III 0.3622 1.4366 0.1064 0.0007

IV 0.7617 2.1419 0.1577 <0.0001

Tumor size 3cm-5cm 0.4569 1.5791 0.1187 <0.0001

>5cm 0.8238 2.2790 0.1177 <0.0001

Obesity underweight -0.0236 0.9766 0.1084 0.8274

overweight -0.0117 0.9884 0.1033 0.9098

Histology grade II 0.2041 1.2264 0.1120 0.0685

III 0.3378 1.4019 0.1102 0.0022

Alcohol consumption Yes 0.0361 1.0368 0.0812 0.6565

Family history With -0.0290 0.9714 0.0812 0.7208

Menopausal status postmenopausal -0.0116 0.9885 0.0812 0.8868

Oral Contraceptive Used 0.2477 1.2810 0.0825 0.0027

Coef: estimated coefficient for each covariates; exp (coef): exponentiation value of

coefficient, se coef (H) and se coef (HIH): estimator of standard error direct and the

Hessian (“sandwich estimator”) respectively.

Table 5.3: Parameter Estimates of uni-variable Shared Log-normal Frailty Model.

Variable names category β̂ exp(β̂) SE coef (H) p-value

Treatment taken Chemotherapy 0.5051 1.6571 0.1977 0.0106

Radiotherapy 0.4386 1.5505 0.2380 0.0653

Hormonal 0.1231 1.1309 0.2493 0.6216

Combination of ≥ 2 0.5368 1.7106 0.1961 0.0062

Breast feeding Yes -0.3986 0.6712 0.0879 <0.0001
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Variable names category β̂ exp(β̂) SE coef (H) p-value

Age 36-49 0.0127 1.0127 0.1031 0.9022

≥50 -0.4013 0.6694 0.1211 0.0009

Smoking Yes 0.2539 1.2891 0.1210 0.0360

Residence rural -0.0983 0.9064 0.0912 0.2811

Number of child 3-5 -0.0390 0.96178 0.0972 0.6885

5 0.01137 1.0114 0.1167 0.9226

Stage II 0.5182 1.6789 0.1163 <0.0001

III 0.3850 1.4697 0.1109 0.0005

IV 0.8157 2.2607 0.1681 <0.0001

Tumor size 3cm-5cm 0.4788 1.6141 0.1227 <0.0001

>5cm 0.8694 2.3856 0.1218 <0.0001

Obesity underweight -0.0273 0.9730 0.1149 0.8120

overweight -0.0159 0.9842 0.1094 0.8841

Histology grade II 0.2124 1.2366 0.1163 0.0679

III 0.3662 1.4422 0.1145 0.0014

Alcohol consumption Yes 0.0349 1.0355 0.0864 0.6862

Family history With -0.0343 0.9663 0.0862 0.6910

Menopausal status postmenopausal -0.0135 0.9866 0.0862 0.8752

Oral Contraceptive Used 0.2688 1.3084 0.0867 0.0019

Coef: estimated coefficient for each covariates; exp (coef): exponentiation value of

coefficient, se coef (H) and se coef (HIH): estimator of standard error direct and the

Hessian (“sandwich estimator”) respectively.
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Figure 5.1: Plots of Scaled Schoenfeld Residuals for age categories

Figure 5.2: Plots of Scaled Schoenfeld Residuals for stage categories
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Appendix-2:-Information Sheet

Introduction:- this information sheet is prepared for Tikur Anbessa Specialized Hos-

pital, oncology department, Addis Ababa, Ethiopia. The aim of the form is to make

clear about the purpose of thesis, data collection procedures and to get permission for

data collection.

Objective:- The aim of the study is to investigate determinants of the survival of

women breast cancer patients recurrence in Tikur Anbessa Specialized Hospital, Ethiopia

using shared frailty models.

Data Collection Procedure:- In order to achieve the above objective, information,

which is necessary for the study, will be taken from the registration log book and pa-

tients‘ registration card; if any inadequate information is countered it is checked from

the file and excluded from analysis if proven to be inadequate. In order to come up

with the above mentioned findings, total document of program clients enrolled during

1st January 2013 to 30th January 2019 will be seen and a review of the required infor-

mation from the records are made by using the checklist.

Risk:- Since the study will be conducted by taking appropriate information from medi-

cal chart, it will not inflict any harm on the patients. The name or any other identifying

information will not be recorded and all information taken from the chart will be kept

strictly confidential and in a safe place. The information extracted will be kept secured

and the information retrieved will only be used for the study purpose.

Benefits:- the thesis has no direct benefit for those whose document/ record is in-

cluded in this thesis. However, indirectly the result of this study might be used to

improve awareness on the factors that triggers the recurrence of breast cancer patients.

It also enables to provide scientific information about the finding to Ministry of health

in Ethiopia that helps policy makers to enhance the awareness of the society about fac-

tors that increase the probability of recurrence due to breast cancer which is protected

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

Confidentiality:- To ensure confidentiality the data on the chart will be collected

by those individuals who are working in oncology unit nurse and information will be

collected without the name of the clients. The information collected from this thesis

will be kept confidential and will be stored in a file. In addition, it will not be revealed
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to anyone except the investigator and it will be kept in key and locked system with

computer password.

Person to contact:- This thesis will be reviewed and approved by the institutional

review board of college of Natural sciences, Jimma University.

Permission:- Lastly but not least, you are kindly requested to permit and forward

your permission to concerned body in your organization so that the I can get cooper-

ation from the data clerks and other responsible bodies in place.

Data Extraction Form

Data extraction form, for the Determinants of the recurrence of Women Breast Cancer

in Tikur Anbessa Specialized Hospital, Addis Ababa, Ethiopia, of women breast cancer

data (Starting from 1st January 2013 to 30th January 2019).
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