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Abstract

Background: Cervical Cancer is a cancer arising from the cervix. The cancer recurrence
is when cancer cells are detected following the initial treatment. When there are competing
risks, techniques like traditional survival analysis that censor the competing event produce
overestimate of the risks. The Fine-Gray model is favored in this case over other methods of
survival analysis.

Objective: The aim of the study was to investigate the determinants of time to first recur-
rence of woman with cervical cancer.

Methods: A retrospective study was used to obtain data on women with cervical cancer that
recorded in oncology department of Jimma Univeristy Medical Center. To reach the pro-
posed objective, 280 women with cervical cancer were included in the study based on data
taken from medical record card of patients enrolled starting from 1* January 2017 to 31*
December 2021. Fine-Gray model were used to identifies which factor significantly affect
time to first recurrence of cervical cancer by taking into account the occurrence of death as
competing events.

Results: Of 280 cervical cancer patients, 60 (21.4%) experienced first recurrence, 64 (22.9%)
died without recurrence, and 156 (55.7%) experienced censored. The International Fed-
eration of Gynecology and Obstetrics stage IV(SHR=3.71, 95%CI: 1.02-13.47, P=.046),
smoker(SHR=3.34, 95%CI:1.43- 7.81, P=.0053), HIV positive(SHR=2.08, 95%CI:1.09- 3.94,
P=.0058), age at diagnosis > 50 years (SHR=0.29, 95%CI:0.09- 0.9) and oral contraceptives
users(SHR=2.2, 95%CI:1.09- 4.47, P=.029) were independently associated with recurrence
of cervical cancer.

Conclusion and recommendation: The International Federation of Gynecology and Ob-
stetrics stage(IV), parity(Multipara and Grand multipara), HIV positive, smoker and oral
contraceptive users increased the risk of recurrence. Age at diagnosis of > 50 years and used
chemo for two cycles, and three and more than three cycles decreases the risk of recurrence.
To decrease the recurrence of cervical cancer, it is advised that policymakers, the ministry of
health, and Jimma University Medical Center pay attention to individuals who are at a more
advanced stage, smokers, HIV positive, and women who have several children.

Keywords: Cervical cancer, Competing risk, Cumulative incidence function and Re-

currence
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1 Introduction

1.1 Background of the study

Cervical Cancer(CC) is a cancer arising from the cervix(Razal, |2021). It is due to the abnor-
mal growth of cells that have the ability to invade or spread to other parts of the body. It is
caused primarily by a sexually transmitted infection with human papillomavirus (HPV), with
which people become infected shortly after the onset of sexual activity(Nallban1 & Agolli,
2022). The cervix is the lower part of the uterus, the place where a baby grows during preg-

nancy(Amabebe et al., [2022).

Worldwide, CC is the fourth most frequent cancer in women with an estimated 604,000 new
cases and 342,000 deaths in 2020, about 90% of these occur in low- and middle-income
countries(WHO, [2020). In developed countries, such as the United Kingdom(UK) and the
United States (US), the incidence of CC has fallen dramatically since the 1960s, owing to
the implementation of population-wide screening programmes, cytology-based, using HPV

DNA testing more recently(Jedy-Agba et al., [2020).

In contrast, the incidence of CC in developing countries continues to rise due to the absence
of an effective population-level screening programs, and a lack of knowledge about transmis-
sion routes, poor awareness about prevention, inequitable access to health services, poverty,
and low socioeconomic status(Ginsburg et al., 2017)). In Africa, where 267.9 million women
aged 15 and older are at risk of having CC, 80,000 women are diagnosed with the disease,
and slightly over 60,000 of them pass away every year(Masekwameng, 2020). In Ethiopia,
there are nearly 26 million women who are over the age of 15 and believed to be at risk of
getting HPV(Demissie et al., 2022)). About 35.9 new cases of CC are diagnosed and 22.6 die
from it, per 100,000 women annually(Asseffa, 2017).

According to different studies revealed, there are a variety of treatments for invasive CC
patients(Monk et al., 2022). Those are surgery, radiation therapy, chemotherapy, or any
combination of those. Despite these various available treatments, many patients experience
recurrences after primary treatment(L1 et al., 2022). A cancer recur when cancer cells are
detected following the initial treatment at the place of origin or another part of the human

body. Once the recurrence happens, the patients is left with very limited treatment options



and a risk of death for patients in general(Baiocchi et al., 2022). Shi et al.| (2022) pointed
out that CC survivors were at great risk of developing recurrence, and these patients were
even more likely to die from their recurrence than from their initial cancers. Reducing the
recurrence of CC requires an improved understanding of the actual recurrence rate, time to

recurrence, and its related risk factors(Gennari et al., 2022).

After standard treatment, the recurrence rates of International Federation of Gynecology and
Obstetrics (FIGO) reported that a 5 year recurrence rate of 28% and an overall mortality rate
of 27.8% for females with CC(Okubo et al.l 2021). According to some research, patients
with advanced CC have a recurrence incidence of up to 70%(Chao et al., [2020). According
to a study done in Ethiopia by Jaleta & Mokonnon! (2018]) at Tikur Anbessa Specialized Hos-
pital(TASH), the 5-year recurrence rate of CC was 21.7 %. Numerous variables, which have
prognostic relevance in the context of recurrence and thus alter patients’ survival times, have

been found to have prognostic significance in prior research(Origoni et al., 2022).

Survival data, failure time data or lifetime data are different names to describe data that deal
with the time to an event(Wang et al.,|2022). Survival analysis is a family of statistical tech-
niques aimed at analyzing time-to-event data and/or assessing the relationship between a
given exposure and the occurrence of an outcome after a follow-up period among a cohort of
individuals(Abd ElHafeez et al., 2021). The specific difficulties relating to survival analysis
arise largely from the fact that only some individuals have experienced the event and, subse-
quently, survival times will be unknown for a subset of the study group(Wreede et al.,[2022).
This phenomenon is called censoring. It may occur because the patient withdraws from a
study, is lost to follow-up, or did not experience the event of interest before the end of the
study(Xue et al., [2017). Standard survival models, such the Kaplan-Meier (KM) estimator,
logrank test, and Cox Proportional Hazards (Cox-PH) regression, are frequently used when

censoring is present, assuming that censoring is non-informative(Su et al., 2022).

In survival analysis, there are situations where the observation is not suitable for standard
survival method which is commonly used time to event analysis(Austin & Fine, 2017). One
such situation is when an individual can experience more than one type of event, and these
events prevent other events from occurring. In general, this situation is called a competing

risks(Ainurrochmah et al., 2021). A competing risk is, by definition, an event that either



hinders the observation of the event of interest or modifies the chance that this event oc-

curs(Buzkova, [2021)).

In the presence of competing risk, the effect of covariates on cause-specific hazard can be es-
timated with the cause-specific Cox-PH regression model(Schuster et al., 2020). This model
assumes the same functional relationship between the cause-specific hazard function and co-
variates as the popular Cox-PH model for survival data without competing risks does for the
relationship between the overall hazard and covariates(Wolbers et al., 2014). Even though
the Cox-PH model is used to analyze the relationship between exposure and outcome, it have
limitations(Noroozi et al., 2022). The major limitation of using cause-specific PH model in
a competing risk setup is that during estimation of regression parameters under a specific
cause it considers the individuals failing from causes other than cause of interest as censored
observations(Mohammad et al., 2017). This difficulty led to the development of regression
models that do not censor competing risks. Fine and Gray models were recommended for

this issue(Scheike et al., [2022).

Fine-Gray regression model is based on an alternative failure rate summary measure, the
sub-distribution hazard function(Bryson et al., [2021). The sub-distribution hazard for a spe-
cific cause is the instantaneous rate of experiencing that particular cause given the individual
have not yet experienced failure from that cause(Chandra & Rehman, [2021). With the sub-
distribution hazard, subjects who fail from competing risks cause remain in the risk set(Hsu
et al., |2017). This is in contrast to the cause-specific hazards approach which censors such
patients at the time of occurrence of the competing event. In Fine-Gray model, there is a

direct link between the sub-distribution hazards and CIF(Ghosh et al.,[2021)).

1.2 Statement of the Problem

Despite the fact that HPV infection is the necessary cause in the etiology of CC recurrence,
HPYV infection alone is not a sufficient cause for the occurrence of cases(éniadecki et al.,
2022)). Hence, there must be the factors that lead to the development of CC recurrence. To
identify the factors, most of the epidemiologic research has been done in developed coun-
tries where CC recurrence declined significantly in the last three decades(Chao et al., 2020

Taarnhgj et al.,[2018)). But there is limited evidence about the extent of which of these factors



are prevalent in developing countries like ours.

Even though a variety of research has been done on factors that lead to a recurrence of CC
using standard survival analysis, this approach in the presence of competing risks imposes
additional challenges for clinical investigators(Zhang,|[2017). The common survival models,
such as the KM estimator, log rank test, and Cox-PH regression, make the assumption that
censoring is “non-informative,” which means that subject censoring times and event timings
should be independent(Feakins et al., 2018). However, the assumption of non-informative
censorship is invalid if the occurrence of one event eliminates the possibility of the occur-
rence of an event of interest(Donoghoe & Gebskil, [2017). In presence of this event, conven-
tional survival techniques overestimated the risks as compared to methods that take into ac-

count the competing risks because it censored the competing risks(Schmid & Berger, [2021).

There are studies that were conducted on the time to recurrence of women with CC. For
instance, Li et al.| (2022) performed a retrospective study using Cox-PH model for time to
recurrence of women with CC. Since they considered the patients who experienced death
as censoring, alternative methods are required that are specifically designed for analyzing
competing risk data. The researcher used the Fine and Gray model to fill this gap. Unlike the
standard survival approach, the Fine and Gray model considers death as a competing event
rather than a censored event(Schellenberg et al., 2022). Generally, since the researcher did
not yet find a study performed on determinants of time to the first recurrence of women with
CC using the Fine and Gray model at the national level and the cases under study are found
to be really a predominant issue, it happened to be a reason to conduct this study.

Thus, this study addressed the following research questions:
e What are the factors that significantly affect the time to first recurrence of CC patients?

e [s there difference between the cumulative incidence of groups of covariates?

1.3 Objectives of the Study

1.3.1 General Objective

The general objective of the study is to assess the time to first recurrence of CC patients at

Jimma University Medical Center by using Fine and Gray Model.



1.3.2 Specific Objectives

The specific objectives of the study are

e To identify the risk factors associated with the time to the first recurrence of CC pa-

tients.

e To determine whether there is a difference between the cumulative incidence of groups

ofcovariates.

1.4 Significance of the Study

CC is one of the common gynecological malignancies with a high recurrence rate after initial
treatment(Micco et al., 2022)). However, there is insufficient data regarding the prognostic
variables that raise the risk of CC recurrence generally in Ethiopia. This study aims to iden-
tify prognostic factors which play a critical role in the time to first recurrence of women with
CC. For academicians or statisticians, it will be direct to thoughts and genuine interest in the
subject matter for further research, especially when competing events preclude the occur-
rence of an event of interest. Moreover, the study can be an input to policy makers, program
managers, and health professionals to decide based on evidence about the recurrence of CC

and serve as a base line data for further studies.

1.5 Limitations of the Study

Some of the limitations of the study are:-

e The study was conducted based on secondary data, which might have incomplete and

biased information.

e As the data is gathered from patients’ cards, the study has a limited number of variables

considered as risk factors for the recurrence of women with CC.

e The JUMC recently started providing radiotherapy services for patients, so patients
who received radiotherapy only or radiotherapy with other treatment during follow-up

were not included in this study.



1.6 Organization of the Study

This study is presented in five chapters. The first chapter gives a general background of the
study; a statement of the problem; an objective; its significance; and limitations of the study.
Chapter 2 deals with the review of literature on the recurrence of CC in Ethiopia and the
rest of the world, whereas chapter 3 specifies the data and methodology of the study, such as
sources of data and variables to be included in the study with their coding and description.
Methods of data analysis are also described in this chapter. Chapter 4 reports results from
the statistical data analysis and provides discussions. Finally, the last chapter presents a

conclusion and policy recommendations based on the findings of the study.



2 Literature Review

2.1 Overview of CC Disease

The cancer starts when cell in the body begin to grow out of control(Bozorgpour et al.,
2021). Cells nearly any part of the body can become cancer and can spread to other area of
the body(Soni & Soni, 2021). CC is a disease that results from failure of the mechanisms that
regulate normal cell growth and cell death leading to uncontrollable proliferation of cervical
cells(Zhu et al., 2021)). This cancer can affect the deeper tissues of their cervix and often the
lungs, liver, bladder, vagina, and rectum(Bhatla et al., 2021). It has a bad prognosis as it is
frequently diagnosed in advanced stages of disease, while CC identified in the early stages
has a good prognosis(Antunes & Cunhal 2013). It is curable disease if detected early and
adequately treated(WHO, 2022).

Yet it remains one of the most common cancers cases and causes of cancer-related death in
women across the globe(Khurshid et al., 2022). A study conducted by |Arbyn et al. (2020)
show that the annual number of new cases of CC has been projected to increase from 570,000
to 700,000 between 2018 and 2030 with the annual number of deaths projected to increase
from 311,000 to 400,000. About more than 85% of those affected are young, women who
live in the world’s poorest countries(Mailhot Vega et al., 2019). CC is the second most
commonly diagnosed cancer among Ethiopian women, killing an estimated 4700 women
each year(Burrowes et al., [2022). As the government rolls out the countrys first national
cancer control strategy, information on patient and provider experiences in receiving and

providing CC screening, diagnosis, and treatment is critical.

2.2 Risk Factors of Cervical Cancer Recurrence

Age at diagnosis is independent risk factors of CC recurrencelLi et al.| (2022). They conducted
a long-term prospective cohort study on time to recurrence of CC using cox-PH regression
model. Their findings revealed the risks of recurrence for age group >55 is 0.63 [HR=0.63,
95% 0.45-0.89] times lower than that of less than 55 years. Furthermore, (Gurmu (2018])
conducted the study using retrospective study design at TASH to assessing survival time of

women with CC shows that age at diagnoses has significance effect on risk of death of CC



patients. Finally, the study conducted by (Oga et al.| (2016) on the recurrence of cervical
intraepithelial lesions after thermo-coagulation in HIV-positive and HIV-negative Nigerian
women shows that women aged 30 years or older were much less likely to develop recur-

rence (HR=0.34,95%CI:0.13-0.93) as compared to those younger age.

Smoking is an important risk factor for the development of several squamous cell cancers,
and smokers often present with more advanced tumor stages(Agarwal, 2021). A retrospec-
tive study conducted by Lu et al.| (2006)) shows that the odds of recurrence is 3.945 for smoker
(HR, 3.945;95% CI: 1.545- 10.35; p=0.0044) as compared to non smoker. A retrospective
study conducted by Jaleta & Mokonnon (2018) on recurrence of CC among patients under
follows up since 2012 to 2015 in Ethiopia shows that the hazard of smoker is 1.711 times
greater than that of non-smoker (HR=1.711, 95% CI:1.071-2.732, p=0.024). Finally, he con-

cluded that women who smoke are about twice as likely as non-smokers to get CC.

HIV is the most common risk factors among women with CC(Stelzle et al., [2021). A study
conducted by Behanzin et al.|(2022) on perceptions and knowledge about CC among women
living with HIV in parakou using Cox-PH model. Their finds revealed that the patients
with sero-positive HIV status were 2.8 times (HR=2.8; 95% CI:2.14-7.65) more likely to
have recurrence of CC disease as compared to those with sero-negative HIV status. Addis
(2010) conducted a retrospective study to identify the combating CC in Ethiopia. This finds
showed that women living with HIV are more readily infected with certain types of HPV,
more likely to develop precancerous lesions, and more vulnerable to rapid development of
recurrence than HIV-negative women. Lod1 et al. (2011)) conducted a retrospective study on
the factors associated with recurrence of cervical intraepithelial neoplasia after conization
in HIV-infected and noninfected women. Their results shows that recurrence occurred in
75.6% of HIV-infected women versus 24.4% of non-HIV infected women (p = 0.001). In
contrast to non-HIV, odds of recurrence were 4.29 (HR=4.29, 95% CI: 1.72-10.1) in women
with HIV.

Tumors were staged according to guidelines set by the FIGO(Pecorelli et al., [2009). It has
been categorized into four stages (I, II, Il and IV) and reported as the most common risk
factor for CC recurrence(Li1 et al., 2022). The study conducted in China reported that the

risk of recurrence for subjects with clinical state II was 1.52 (95%CI 1.07-2.16) and clinical



stage III or IV was 1.84 (95%CI 1.17-2.90) compared to those with stage I(Li et al., 2022).
In addition to this, [Takehara et al.| (2001) conducted the study on recurrence of invasive CC
for more than 5 years after initial therapy. Their results shows that the probability of late
recurrence in patients with stage I disease was significantly lower than that in stage II and
stage III diseases (stage I compared with stage II, P=.038, stage I compared with stage III,
P=.002).

There was much histology of cervical malignancy(Young, 2014). The predominant ones
were squamous cell carcinoma and adenocarcinomas. The other histologies, such as small
cell carcinoma, melanoma, and lymphoma, were included as different histology types. [Ponce
et al. (2020) conducted study the multi-center retrospective on risk factors for recurrence
after robot-assisted radical hysterectomy for early-stage CC. Their result revealed that the
risk of recurrence for adenocarcinoma is 2.51(1.03-6.07) times that of squamous cell carci-
noma(Ponce et al., 2020). Another a retrospective study conducted by |[H. Li et al.| (2016)
revealed that the risk of recurrence is 2.25(HR = 2.25, 95% CI: 1.30-3.90)for non-squamous

cell carcinoma as compared to squamous cell carcinoma.

Parity is the number of times the patients have given birth to a baby(Tidy & Paynel, [2019).
It was categorized into three groups, namely grand multipara (given birth more or equal to 5
times), multipara (given birth 2- 4 times), and primipara/ nullipara (for the patients gave birth
once or never). Multiparity is believed to be a risk factor for CC, especially among human
papilloma virus (HPV)-positive women(Eluf-Neto et al., [1994). A retrospective study con-
ducted in Indonesia revealed that the women who have given birth more than 3 can increase
the incidence of cancer by 3 times that of have 3 and below children(Teguh et al., [2021).
Another retrospective study conducted by [Sharma & Pattanshetty| (2018) revealed that, the
odds of recurrence was 4.55 times in women with parity > 3 compared to women with par-
ity 3. The study conducted on prognostic factors and relapse patterns in early-stage CC after
brachytherapy and radical hysterectomy revealed that risk of recurrence is almost five times
for those patients who had three and more children as compared to those had less than three

children( relative risk, RR = 4.6)(Ye et al., 2022).

Family history of CC patients is also one factor that significantly predicts the survival of the

patients. Women with a family history of CC, especially an affected mother or sister, have



a two-fold risk of developing CC, suggesting an inherited susceptibility(Shah et al., [2014).
Bellinger et al.| (2013) were conducted study on the role of family history of cancer on CC
screening behavior in a population-based survey of women in the south-eastern united states
founded those women who had no family history had long survival time than those who had
family history. Some researchers suspect that some instances of this familial tendency are
caused by an inherited condition that makes some women less able to fight off HPV infection

than others(Sahoo et al., 2014).

Another most important risk factors of CC recurrence are treatment. The type of treatment
applied individually or in combination depends on the stage of CC at time of diagnosis. For
stage I CC, surgery such as conization or total/modified hysterectomy with internal radiation
therapy is used. Within stage II CC, combinative radiation and chemotherapy following rad-
ical hysterectomy and removal of pelvic lymph nodes is often considered. For stage III CC
combinative radiation and chemotherapy, followed by internal radiation therapy to shrink the
tumor before full surgical hysterectomy and removal of pelvic lymph nodes, with follow-up
chemotherapy often applied. Within stage IV CC chemotherapy and radiation therapy can
be administered as palliative care to relive cancer symptoms, as well as for comfort. Other
possible treatment options for stage [V CC however can include drastic surgical pelvic exen-
teration or clinical trials of targeted immunotherapies(Rydzewska et al., 2010; |Brookfield et

al.,2009).

A study was conducted on the time to recurrence of women with CC at TASH using a ret-
rospective study design(ALTAYE, [2011). This study shows that the hazard rate for the time
to recurrence of women with CC who took one, two, three, four, five, and six cycles of
chemotherapy treatment was 0.083(HR = 0.083, 95%CI: 0.040-0.171, P=0.000), 0.507(HR
=0.507, 95% CI: 0.17-1.51, P=0.223), 0.382(HR = 0.382, 95% CI: 0.172-0.852, P=0.019),
0.214(HR=0.214, 95% CI=0.081-0.567,P=0.002), 0.432(HR=0.432,95% CI = 0.185-1.009,
P=0.0052) and 0.801(HR=0.801, 95% C1=0.231-2.78,P=0.727) as compared to patients who

did not take the chemotherapy treatment, respectively.

Oral contraceptive (OC) pills are known to be a risk factor for CC recurrence. In an interna-
tional collaborative epidemiological study of CC, the relative risk in current users increased

with an increase in the duration of OC use. It has been reported that the use of OC for 5
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years or more can double the risk of cancer(Cervical Cancer et al., 2007). And in a multi-
center case-control study, among women who tested positive for HPV DNA, the risk of
CC increased by 3 times for those who have used OC pills for 5 years or more(Munoz et al.,
2002)). In addition, a recent systematic review and meta-analysis also suggested that OC pills
use had a definite associated risk for developing CC especially for adenocarcinoma. Their
study concluded that use of OC pills is an independent risk factor in causing CC(Asthana
et al., [2020). The study conducted by Medeiros et al.| (2005) compared the women without
history of oral contraception, the risk in patients using oral contraception was increasing in

accordance with duration of usage.

A retrospective study conducted in Ethiopia on the predictors of advanced stage and pro-
longed time to diagnosis of CC by Begoihn et al.|(2019) shows the adjusted Hazard Ratio of
CC for rural residence was 1.23 (CI: 1.11-1.36) as compared to those live in urban residence.
The study conducted on the risk factors associated with CC by |Panjaliya et al.| (2015) re-
vealed that maximum number of the patients belonged to the rural areas (81.6%) and 18.4%
belonged to urban areas. They reports that the incidence of CC is higher among the patients

living in the rural areas.
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2.3 Overview of Competing Risk Models

The effect of competing risks was first acknowledged by d’Alembert and Bernoulli in the
1760s in relation to the effects of inoculation on short- and long-term mortality from small-
pox (Messerli et al., 2013). In the presence of competing risk events, different models were
proposed to take into account the relationship between the effect of predictors and the out-

come of interest(Fine & Grayl, 1999a).

Prentice et al.| (1978) proposed the use of standard survival models like Cox-PH regression
on the cause-specific hazard. In the cause-specific hazard model the effect of the investigated
covariates on the competing event(s) is ignored, so there is no direct connection between the
regression coefficients and the incidence of events. Fine & Gray| (1999a) introduced a re-
gression approach focusing on the so called sub-distribution hazard. In the Fine and Gray
model the regression coefficients are monotonously linked to the CIF and the occurrence of
competing events has an influence on the coefficients. The modified standard survival mod-
els can be fit to estimate the influence of the investigated covariates on the sub-distribution

hazard.

In the last three decades, different articles in the presence of competing risks have been pub-
lished. Saeedi et al.| (2020) was conducted the study to determine the significant prognostic
factors for the recurrence of pediatric Acute lymphoblastic leukemia by considering the first
recurrence in children with Acute lymphoblastic leukemia to be the event of interest and
non-relapse mortality to be the competing event. In addition to this Brandstorp-Boesen et al.
(2016)) conducted the study on the risk of recurrence in laryngeal cancer by taking recurrence
as event of interest and death due to any cause as competing event by using competing risk

model.

In addition to investigation of the factors that affect the recurrence of CC, we need to com-
pute and compare the CIF estimate for groups of covariates. CIF of an event is often of
interest in medical research and is frequently presented in medical articles. The KM method
has been a widely used tool for estimating survival function and CIF(Kim, 2007). However,
if there is more than one type of event (or failure), and if these events are dependent, KM
estimates are biased. This bias arises because the KM method assumes that all events are

independent, and thus, censors events other than the event of interest. To overcome the lim-
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itation of the KM estimator, Prentice et al. (1978) introduced the CIF. The CIF approach
partitions the probability of all events to their constituent probabilities such that at any point
in time, the probability of all events is the sum of the probabilities of interest and those of

the competing risks (Pintilie, [2007).

After estimating the CIF of an event, it is often of interest to determine whether there is a
difference in the CIF among different groups. In standard survival analysis, this is done using
the log-rank test with the KM method. The log-rank statistic is a non-parametric test based
on the difference between the observed and expected numbers of events summed over all
time points(Gaubatz et al.,[2019). In the presence of competing risks, the CIF was compared
by the gray’s test rather than the log-rank test(Gray, |1988)). Generally this study is conducted
to assess the most risk factors of the CC recurrence by taking into account the patients those

who died during follow-up period as competing risk.
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3 Data and Methodology

3.1 Description of the study area

The study was conducted at Jimma University Medical Center(JUMC). JUMC is one of the
oldest public hospitals in Ethiopia. It was established in 1930 E.C by Italian invaders for
service of their soldiers. After the withdrawal of the colonial occupants, it has been gov-
erned by the name of Ras Desta Damtew Hospital and later Jimma Hospital during Dergue
regime and currently it called JUMC. This time the hospital provides services for more than
2 million patients with 800 bedded. The hospital is located in Jimma city and, Jimma is
the largest city in South-western of Oromiya Region at a distance of 355.2 Km from Addis
Ababa, the capital city of Ethiopia. It has latitude and longitude of 7040’N 36050’E. Jimma
has relatively cool tropical monsoon climate. The temperatures are in comfortable range,

with the daily mean staying between 200°C and 250°C year-round.

The oncology department of the JUMC is providing chemotherapy, radiation therapy, com-
plain therapy and other supportive and palliative cares. It is the main center for cancer
registry, early detection, prevention, standard treatment and palliative care in Jimma and it is

the only the second cancer center in the Ethiopia.

3.2 Study Design

A retrospective cohort study design was carried out to retrieve relevant information.

3.3 Study Population and Period

The CC patients were the source of the population for the study. The data was collected
from the medical chart and patient’s registration card in the Oncology department at JUMC

starting from 1% January 2017 to 31*' December 2021.

3.4 Inclusion and exclusion criteria

Inclusion criteria: All CC patients diagnosed and treated at JUMC starting from 1* January

2017 to 31%" December 2021.
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Exclusion criteria:- Patients with insufficient information about one of the vital variables

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

3.5 Data Collection Procedure

The data set used for this study was collected from patients’ individual cards. All the data
had been carefully reviewed from the registration log book and patients’ registration cards.
For the data collection, health professional and the experienced data collectors under the

supervision of the researcher were contributed.

3.6 Data Structure for Time to First Recurrence of CC

The table below illustrates the standard way of representing competing risks data for deter-
minants of time to first recurrence of CC as an event of interest and death due to any cause

of CC patients as a competing risk event.

Table 3.1: Data Structure for the Time to First Recurrence of CC

Id Time Code Event status Treatment taken Family History

1 5 1 Recurred Chemotherapy Yes

2 10 0 Censored Combination No

3 20 2 Death Chemotherapy yes

4 22 2 Death Combination yes

5 20 1 Recurred Surgery No
Where:

Id:- Patients

Time:- Time in months at which the event of interests, competing events or censoring events
occurs from the day at patients registered at hospital.

Events status:- 1 event of interest, 2 competing risk event and O censoring.

Survival times in this data set are the actual time at first recurrence in months and death due
to any causes of CC patients. Censoring is caused by refer to other hospital or end of the

study. Treatment and the family history are covariates.
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3.7 Study Variables

3.7.1 Response Variable

The response variable in this study is the time in months to the first recurrence of CC starting

from the day the CC patients registered at the hospital.

3.7.2 Independent Variables

The predictor variables that are thought to influence the recurrence of CC in women are listed

below:-
1. Smoking habit(Non-smoker, Smoker)
2. Age(<34, 35-49, >50)
3. Family history(No, Yes)
4. HIV status(Negative, Positive)
5. Stage(L, IL, II1, IV)
6. Treatment taken (Chemotherapy, Surgery, Combination of two)
7. Parity(Nullipara, Multipara, Grand multipara)
8. Use oral contraceptive(No, Yes)
9. Histology type(Squamous cell carcinoma, Adenocarcinoma, other)
10. Place of residence(Rural, Urban)

11. Cycle of chemotherapy(No chemo, One cycle of chemo, Second cycles of chemo,

Third and more cycles of chemo)

3.8 Statistical Methods

3.8.1 Survival Data Analysis

Survival 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

16



surviving beyond a specified time. The distribution of survival time is characterized by

survivorship, 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—-CIF(t). (1)

where CIF(t) is cumulative distribution function
Cumulative Incidence Function(CIF) is represents the probability that a subject selected

at random have a survival time less than or equal to some stated value t, given by:-
t
cmvy:mrgo:i/fwumzza @)
0

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

£l = 5 CcIF () = —s00). 3)

The hazard function is the instantaneous probability of having an event at time t given that

one has survived up to time t(Klembaum et al., 2013)). It is given by
t
A =10 (4)

The cumulative hazard function is defined as the sum of the hazard function going from

duration O to t. It is given as:-

A@:Aﬂmmzqwm. )

Where A(t) and S(t) are hazard and survival function at time t, respectively.

The relationship between survivor function and hazard function are:-

S(t) = e M) (6)
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3.9 Competing Risk Analysis of Survival Data

In this classic analysis, there is a favorite event and all other events are censored(Mansournia
et al., 2022). The assumption of this method is that of non-informative censoring which is
based on the idea that censored patients are more likely to experience the event as follow-
up patients. However, this assumption has not been confirmed in the presence of numerous
competing risks(Teixeira et al., 2013). Competing risks encountered in studies where the
subjects under study are at risk of multiple failure causes(Noroozi et al., [2022). For exam-
ple, in a follow-up study of recurrence of patients, patients may die due to any case before

occurrence of recurrence, and death is said to be a competing risk(Schellenberg et al., [2022).

39.1 CIF

The primary interest in describing competing risks data is often to estimate the absolute risk
of the occurrence of an event of interest up to a follow-up time point t. This risk is formalized
by the CIF which is defined for each event type separately and increases with time t(Andersen
et al., 2012). Let T and C denote the failure and censoring times, respectively. For data with
k causes of failure, the pair (X, Y, 0) is observed, where Y=min(T,C), X= covariates and 6=
0,1..., k is an indicator with values O for censoring and other values that designate specific

failure causes. Then CIF for k’” of event can be written as(Andersen et al., 2012)
t
CIF (1) = / S(1) A (1)d. )
0

k . . . . . .
where S(t) = eXi=1 —A(t) s the survival function at time t and is determined by the event of
interest and competing events. Ay(¢) is hazard of k" failure case, and Ay(t) is cumulative
hazard of k" failure case at time t. In our case k=1,2. The cuminc() function shipped with

the cmprsk package can estimate the CIFs for different causes of failure(Zhang, [2017).

3.9.2 Gray test

In addition to estimating the CIF of an event, it is often of interest to determine whether
there is a difference in the CIF among different groups(Austin et al., 2021). In standard
survival analysis, this is done using the log-rank test to compare curves generated with the

KM method(Mondal et al., 2021). However, when competing risks are present, the CIF of an
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event is not defined solely by its corresponding cause-specific hazard(Zhang), [2017). Instead
of Log-rank, Gray’s investigated this issue and proposed a class of tests for comparing the
CIF curves of a particular type of failure among different groups in the presence of competing
risks(Ainurrochmah et al., 2021). Grays test is a g-sample test that was introduced by (Gray,
1988)). This test is performed under the null hypothesis that there is no difference in CIF
between the g-groups versus the alternative hypothesis that at least one of the CIF curves

differs. The concept of Grays test can be written as follows:

®)

with,

U— Z Rit, di (l’) d; (l’) —I—dz(l’) )

and

(10)

1-CIF (t(rfl))
Si(t—1))

d.(t,) = number of events of interest in the type ¢ event group at time t. The test criterion
is that Hy is rejected if X2 > Xé_‘ o1 Where g is many groups of event types or if P-value <

a(Z. Zhang et al., 2017)).

3.9.3 Fine-Gray Model

Fine and Gray is the modified Cox-PH model to allow for the presence of competing risks(Schuster
et al., 2020). The technical modification consists of keeping the competing risks observa-
tions in the risk set with a diminishing weight(Noroozi et al., [2022)). The risk set is the
set of individuals /subjects under investigation and vulnerable to the event. In this way the
Fine and Gray not censored the subjects who experienced the competing risks(Donoghoe &
Gebski, 2017). It directly models the covariate effect on CIF and reports sub-distribution
hazard ratio (SHR). However, just like standard survival analysis and cause-specific hazard

model approach, the subdistribution hazard can be modelled in a proportional hazards frame-
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work(Rossello & Gonzalez-Del-Hoyol, 2022).

The sub-distribution hazard denotes the instantaneous risk of the event of interest in subjects
that have not (yet) experienced the event of interest. In our example, this means that the
risk set consists of both individuals that have not (yet) developed recurrence and individu-
als that died before the onset of recurrence. Because of there is direct relation between the
covariates and the CIF in Fine-Gray model, the subdistribution hazard model is considered
the right model in presence of competing events(F. Zhang et al.,|2019). The sub-distribution

hazard function for event type k can be expressed as:

t<T <t+A|T, >tUTy <t k+k
l*(t): hmp( S <t+ ‘ k —Z U K =1 7é )
k At—0 At

(1)

Fine & Gray|(1999b) proposed a semi-parametric proportional regression model for the sub-

distribution hazard function

X (1) = gy (1)exp(X Br) (12)

Where A, () is the baseline sub-distribution hazard for the cause of k and ePr is the relative
risk probability of k" cause associated with the given X covariates. The Fine-Gray model
can be fit using FGR() function shipped with riskRegression package. This function calls

another function crr() from the ecmprsk package(Zhang, 2017).

3.10 Method of Parametric Estimation

3.10.1 Likelihood Ratio Test

Estimation of parameters in the Fine-Gray model uses the partial likelihood approach similar
to the standard Cox model since a proportional hazard assumption is imposed on the sub-
distribution hazards(Kuk & Varadhan, 2013). However, in this model, the parameters are
estimated by incorporating weights in the partial likelihood. The weight partial likelihood
for the Fine-Gray model is given as(Kuk & Varadhan, 2013)

r exp(X Bj)
. 13
(ﬁ) 11:11 ZieR* (t)) Wji€XP(Xﬁi) ( )
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The product is taken over all r time points t; < #; < .... < t,, where r is the total number of
primary events (Y7, 1(& = 1)). The risk set, R*(¢;) is a set of individuals who are still at
risk for the primary event at time t (i.e., those who did not experience the primary event and
are not censored by time t)(Fine & Gray, [1999b)). This is an unusual risk set in that it also
includes those who have experienced one of the competing events (note that these individuals
will never experience the primary event), but it facilitates the mathematical development
necessary for direct estimation of the CIF. The weight, w j;,is defined as

G(1))

S(min(t;.1)) (1

wiji =
where t; = min(T;; C;) for i such that & # 1 and 7 is the time of the j'" primary event. G is the
KM estimate of the survivor function of the censoring distribution (G(¢) = P(C >t)). The
weight is 1 for the individuals who did not have any type of event by time #; and less than
1 for those who had a competing event before ;. As a result, individuals who experience
a competing event at time #; do not participate fully in the partial likelihood; the further the
time point #; is from the time of the competing event #;, the smaller the weight. When there is
only one event of interest, the weights are all equal to 1, and the risk set contains only those

at risk at the specified time point (Pintiliel, 2006).

3.11 Model Diagnostics

The main assumption when modeling survival data is the proportionality of hazards. When
the Fine-Gray model is used, the hazards of the CIF must be proportional whereas, in the
Cox proportional hazard model, it is the cause-specific hazards that need to be propor-
tional(Katsahian et al., 2006). The proportionality assumption is the most common in com-
peting risk regression model, which considers the sub-distribution with covariates X is a
constant shift on the complementary log-log scale from a baseline sub-distribution function.
If the curves do not cross with each other then we say that the model does not violate the

assumption of proportionality(Kuk & Varadhan, 2013)).
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3.11.1 Proportionality of the sub-hazards of the CIF

The proportional hazard assumption is used to measure whether the relationship between
cumulative hazards is constant over time(Kleinbaum & Klein, 2012). To investigate the
proportionality assumption for the competing risks regression, log (-log (1-F)) can be plotted

against log (time) where F is the CIF for the event of interest (Pintilie, 20006).

3.12 Ethical Consideration

The research ethics review board of Jimma University provided an ethical clearance for the
study. The data have been be collected after written permeation was obtained from oncology
department of JUMC and department of statistics write an official co-operation letter to the
Hospital for the permeation. The study was conducted without informed consent since ret-
rospective study design would be applied. Confidentiality of any information related to the
patients and their clinical history would be 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 would be coded with numbers and without personal identifiers. Since this study would
be secondary data analysis, researcher did not have direct contact with the participants. The
study was noninvasive and without any harm to patients.

Statistical Software Used

The statistical software used was:-

e R version 4.1.2 used for data analysis.
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4 Results and Discussion

4.1 Descriptive Analysis

The researcher reviewed a total of 304 CC patients from medical records who registered at
JUMC from 2017 to 2021 GC for inclusion in this study. Among these, 280 records qualified
for inclusion, while 24 were excluded. Of 280 patients, 60 (21.4%) of them experienced first
recurrence, 64(22.9%) died without evidence of recurrence, and 156 (55.7%) experiences
censored. The minimum of time to the first recurrence was 9 months and a maximum of
time to the first recurrence was 52 months after registering at JUMC. The median time to the

first recurrence of CC is 19 months.

About half of patients 141(50.4%) took chemotherapy from this 45(16.1%) of them were
experienced of recurrence while 66(23.6%) and 30(10.7%) of them were censored and died
respectively. From the total of the patients 80(28.6%) have taken surgery of which 11(3.9%)
were experienced recurrence while 47(16.8%) and 22(7.9%) of them were censored and died,
respectively. Among 59(21.1%)patients treated in the hospital with a combination of surgery
and chemotherapy, 4(1.4%) of them experienced recurrence and 12(4.3%)of them were died.
Regards to smoking status, non-smoker incorporates 245(87.5%) of the total patients where,
152(54.3%), 30(10.7%)and 63(22.5%) of them were experience of censored, recurrence and
death respectively. About 202(72.1%) patients were from rural communities, 100(35.7%),

51(18.2%) and 51(18.2%) were experience of censored, recurrence and death,respectively.

This study included 186 (66.4%) participants, who had not taken oral contraceptives, 129(46.1%),
23(8.2%) and 34(12.1%) of them were experience of censored, recurrence and death, respec-
tively. Similar to this, 224 (80.0%) of all patients were those without a family history of CC
disease, among them 35(48.2%), 30(10.7%) and 59(21.1%) were experience of censored, re-
currence and death, respectively. From the total of patients, 240(85.7%) were HIV negative
during the follow-up period, among this, 153(54.6%), 31(11.0%) and 56(20.0%) of them

were experienced censoring, recurrence and death, respectively.
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Table 4.1: Descriptive Statistics of Variables in the Study.

Event
Variables Category Censored Recurrence  death Total

Smoking status Non-smoker 152(54.3%) 30(10.7%) 63(22.5%) 245(87.5%)
Smoker 4(1.4%) 30(10.7%) 1(0.4%)  35(12.5%)

Age <34 30(10.7%)  22(7.9%) 16(5.7%)  68(24.3%)
35-49 87(31.1%)  34(12.1%)  41(14.7) 162(57.9%)

> 50 39(13.9%) 4(1.4%) 7(2.5%)  50(17.8%)

Family History No 135(48.2%) 30(10.7%) 59(21.1%) 224(80.0%)
Yes 21(7.5%)  30(10.7%)  5(1.8%)  56(20.0%)

HIV status No 153(54.6%) 31(11.0%) 56(20.0%) 240(85.7%)
Yes 3(1.1%) 29(10.4%)  8(29%)  40(14.3%)

FIFO Stage I 41(14.6%) 3(1.0%) 0(0.0%) 44(15.7)

I 69(24.6%) 17(6.1%)  26(9.3%) 112(40.0%)

111 39(13.9%)  21(7.5%) 28(10.0%) 88(31.4%)

v 7(2.5%) 19(6.8%) 10(3.6%)  36(12.9%)

Histology Squamous cell carcinoma 125(44.6%) 31(11.1%) 40(14.3%) 196(70.0%)
Adenocarcinoma 10(6.8%) 13(4.6%) 12(4.3)  44(15.7%)

other 12(4.3%) 16(5.7%))  12(4.3%) 40(14.3%)

Treatment Chemotherapy 66(23.6%) 45(16.1%) 30(10.7%) 141(50.4%)
Surgery 47(16.8%) 1139%)  22(7.9%) 80(28.6%)

Combination of two 43(15.4%)  4(1.4%)) 12(4.3%)  53(26.0%)
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Event

Variables Category Censored Recurrence death Total
Parity Nullipara 5921.1%) 5(1.8%) 7(2.5%) 71(25.4%)
Multipara 56(20.0%) 25(8.9%) 34(12.1) 115(41.0%)

Grand multipara  41(14.6%) 30(10.7%)) 23(8.3%) 94(33.6%)

Oral contraceptive No 129(46.1%) 23(8.2%) 34(12.1%) 186(66.4%)
Yes 27(9.6%) 37(13.2%) 30(10.1%) 94(33.6%)
Place of residence Rural 100(35.7%) 51(18.2%) 51(18.2%) 202(72.1%)
Urban 56(20.0%) 9(3.2%) 13(4.7%) 78(28.9%)

Cycles of chemotherapy =~ No chemo cycle 54(19.3%) 43(15.4%) 28(10.0%) 125(44.7%)

First cycle 19(6.8%) 7(2.5%) 8(2.9%) 34(12.1%)

Second cycles 42(15.0%) T7(2.5%) 20(7.1%) 69(24.6%)

Third cycles and above 41(14.6%) 3(1.0%) 8(2.9%) 52(18.6%)

Source: JUMC, Ethiopia, from 1*' January 2017 to 31*" December 2021.

4.2 Non-parametric estimate for CIF

4.2.1 The CIF Estimate of Time-to-First Recurrence of CC Patients

The time to the first recurrence of women with CC patients was used as the event of interest,
and death was considered as competing risk. The CIF of time to first recurrence at 10-, 20-,

30-, 40-, 50-, and 60-months was 0.01, 0.14, 0.27, 0.33, 0.33, and 0.35, respectively.
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4.2.2 The CIF Curves for Different Groups of Covariates

From the results of this study, the CIF curve is higher for those patients who had used oral
contraceptives as compared to those who had not used oral contraceptives(p-value< 0.0011).
It is higher for those whose histology type was adenocarcinoma as compared to those who
had squamous cell carcinoma(p-value< 0.001). It was higher for those patients who had a
family history of CC when compared to those whose family had no CC (p-value = 0.001).
According to the study’s findings, the CIF curve is lower for patients aged 35 to 49 years and
50 and older during the follow-up period than for those aged less than or equal to 34 years
(p-value = 0.004). Regarding HIV status, patients who are HIV positive have a higher CIF
than patients who are HIV negative(p-value = 0.000). The CIF curve was higher for smokers

as compared with non-smokers(p-value = 0.001)(Appendix [A.1).
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4.2.3 The Comparison of CIF Curves for Different Groups of Covariates

To test for equality of the CIF curves for categorical predictor variables the Gray’s test was
performed. From the Gray’s test the researcher have observed that the CIF curves are sta-
tistically significant different for all the groups of predictors(p<0.05) except for place of
residence variable(p=0.074)(Table 4.2).

Table 4.2: Gray Test of the Difference Between Pairs of CIF for Time to First Recurrence of
CcC

Variables df p-value
Age 2 0.004
Family history 1 0.0001
Smoking status 1 <0.0001
HIV status 1 0.000
Treatment taken 2 <0.0001
FIGO Stage 3 0.0001
Histology type 2 <0.0001
Oral contraceptive 1 < 0.0001
Parity 2 0.0015
Place of residence 1 0.074
Cycles of chemotherapy 3 < 0.0001

Source: JUMC, Ethiopia; from 1°" January 2017 to 31" December 2021.
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4.3 Model Diagnostics

Checking the Assumption of Proportional sub-distribution hazard

FIGO stage Smoking status Age at diagnosis
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Figure 4.1: The Plot of Proportionality of Sub-Distribution Hazard

The log-minus-log of CIF with the log of time to first recurrence was used to test the pro-
portional assumption for a Fine-Gray model. A parallel curve is visible on the plot. The
researcher concluded that since the curves do not cross, the model does not deviate from the
proportionality condition. Simply, the proportionate sub-distribution hazard assumption is

valid(Appendix [B.T| for other covariates)

28



4.4 Fine and Gray Model

Uni-variable and multi-variable analysis were applied. In uni-variable analysis, the model
was fitted one covariate at a time to determine the variables that could be included in the
multi-variable analysis. Covariateswith a p-value less than or equal to 25% in the uni-variable
analysis were considered for multi-variable analysis(Assemie et al., 2018). For multi-variable

analysis, variables with a p-value of less than 5% were selected as significant covariates.

4.4.1 Uni-Variable Fine and Gray Model Analysis

The prognostic factors considered in the study were age at diagnosis, family history, HIV
status, FIGO stage, smoking status,treatment taken, oral contraceptives, parity, area of resi-
dence, cycles of chemotherapy, and histology type of CC patients. Outputs from uni-variable

analysis Table 4.3 showed that all covariates were statistically significant at a 25% level of

significance.

Table 4.3: Uni-Variable Fine and Gray Model Analysis for Recurrence of CC

Variables Categories SHR[95%] P-Value
Smoking status Non smoker - -
Smoker 12.7[7.81- 20.7] 0.0001
Age <34 - -
35-49 0.6[0.35-1.02] 0.061
> 50 0.212[0.07-0.61] 0.0039
Treatment taken Chemotherapy - -
Surgery 0.39[0.2- 0.76] 0.0053
Combination 0.18[0.07 -0.5] 0.0009
FIFO Stage I - -
II 2.37[0.71 -7.93] 0.16
I 3.89[1.19-12.78] 0.025
v 10.46[3.14- 34.8] 0.00013
Family history No - -
Yes 5.13 [3.11-8.46] 0.0000

Source: JUMC, Ethiopia; from I*' January 2017 to 31*" December 2021.
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Variables Categories SHR[95%] P-Value

HIV status Negative - -
Positive 8.71[5.3-14.3] 0.000
Oral contraceptive Not used - -
Used 3.82[2.28-6.39] < 0.0001
Parity Nullipara -
Multipara 3.41[1.33-8.73] 0.01
Grand multipara 5.39[2.14-3.58] 0.00035
Type of histology Squamous - -
Adenocarcinoma 2.0[1.07-3.84] 0.03
Others 3.02[1.65-5.51] 0.00033
Place of residence Rural - -
Urban 0.4[0.21-0.85] 0.016
Cycles of chemotherapy No chemo cycle - -
First cycle 0.54[0.24-1.18] 0.12
Second cycle 0.25[0.11-0.55] 0.0005
Third cycle and above 0.14[0.04-0.44] 0.00075

Source: JUMC, Ethiopia; from 1*' January 2017 to 31*" December 2021.

4.4.2 The Multi-Variable Fine-Gray Model Analysis

After fitting a uni-variable Fine and Gray model, all the predictor variables were found to be
significant predictors for the recurrence of CC at a 25% level of significance. This means
that all covariates were fitted to the multi-variable Fine and Gray model. As a result, a
multi-variable Fine and Gray model revealed that FIGO stage, age at diagnosis, HIV sta-
tus, smoking habits, oral contraceptives, chemotherapy cycles, and parity were risk factors
for the recurrence of CC patients. The estimated parameters for the sub-distribution hazard
model are presented in Table §.4] below and are interpreted as following after controlling for

other prognostic factors and accounting for competing risk.

For patients who smoke, the sub-hazard ratio of recurrence is 3.34 [aSHR= 3.34:95%: CI:
1.43-7.81] and the p-value 1s 0.0058. This demonstrates that smokers have a sub-hazard of

CC recurrence that is three times higher than that of non-smokers. The sub-hazard ratio of
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recurrence for patients diagnosed with CC at age 50 and older is 0.29 (aSHR= 0.29:95%:
CI:0.09-0.9). This suggests that the sub-hazard of recurrence is 0.29 times lower for indi-

viduals diagnosed at 50 years and older than for those diagnosed at 34 years and younger

(aSHR= 0.29:95%: CI:0.09-0.9).

Taking into account the parity of women with CC, the sub-hazard ratio of recurrence for
multi-para women is 2.37 with [95% CI:1.07-5.25] and p-value 0.034, and grand multi-
para is 3.34 with [95% CI: 1.61-6.94] and p-value 0.0012. This indicates that multi-para
and grand multi-para women were increasing risk of recurrence as compared to nulli-para
women. The sub-hazard of recurrence for multi-para women is 2.37 times that of nulli-para
women. Similarly, the sub-hazard of recurrence for grand multi-para women is 3.34 times

that of nulli-para.

The sub-hazard ratio of CC recurrence is 2.08[95%CI: 1.09-3.94] for HIV positive women
among CC patients and the p-value is 0.0053. This shows that the sub-hazard of recurrence
for HIV positive women is 2.08 times that of HIV negative women. In addition to this, pa-
tients who had FIGO stage-IV increased the sub-hazard of recurrence by 3.71 (aSHR=3.71,
95% CI: 1.02-13.47) times as compared to patients who had FIGO stage-I.

Regarding oral contraceptive use in women CC, the sub-hazard ratio of time to the first re-
currence for the patients who had used oral contraceptives is 2.2[95%CI: 1.09-4.47] and the
p-value 1s 0.029. This shows that the sub-hazard of time to the first recurrence for the pa-
tients who had used oral contraceptives is 2.2 times that for the patients who had not used

oral contraceptives for a long period of time.

Finally, observing for women using chemotherapy, the sub-hazard ratio of time to recurrence
for patients who had used chemotherapy for two cycles is 0.27(aSHR=0.27 :95%: CI:0.11-
0.66). This implies that the sub-hazard of recurrence for patients who have used chemother-
apy for two cycles is 0.27 times lower than that of patients who have not used chemotherapy.
In similar ways, patients who had used three or more cycles of chemotherapy decreased the
sub-hazard of recurrence by 0.25 times as compared to those who had not used cycles of

chemotherapy(aSHR=0.25 :95%: CI:0.09-0.71) and p-value is 0.0094.
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Table 4.4: Multi-Variable Fine and Gray Model Analysis for Time to First Recurrence of

CC
Variables Category aSHR [95% CI ] Sig.
Smoking status Non-smoker - -
Smoker 3.34[1.43-7.81] 0.0053
Age <34 - -
35-49 0.63[0.32-1.24] 0.18
>50 0.29[0.09- 0.9 ] 0.032
Family History No - -
Yes 1.59[0.79-3.2] 0.19
FIFO Stage I - -
I 1.93[0.6-6.2] 0.27
m 2.1[0.63-7.1] 0.23
v 3.71[1.02-13.47] 0.046
HIV status No - -
Yes 2.08[1.09-3.94] 0.0058
Histology Squamous cell carcinoma -
Adenocarcinoma 1.73[0.93-3.2] 0.081
other 0.81[0.4-2.07] 0.47
Treatment taken Chemotherapy - -
Surgery 0.61[0.23-1.33] 0.21
Combination of two 0.3110.09-1.03] 0.057
Oral contraceptives No - -
Yes 2.2[1.09-4.47] 0.029
Number of children Nullipara - -
Multipara 2.37[1.07-5.25] 0.034
Grand multipara 3.34[1.61-6.94] 0.0012
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Variables Category aSHR [95% CI | Sig.

Place of residence Rural - -
Urban 0.83[0.37-1.85] 0.64
Cycles of chemotherapy No chemo cycle - -
First cycle 0.7[0.31-1.56] 0.38
Second cycle 0.27[0.11-0.66] 0.0039

Third cycle and above 0.25[0.09, 0.71] 0.0094

Source: JUMC, Ethiopia, from 1°' January 2017 to 31*" December 2021.

4.5 Discussion

Recurrence of CC is one of the most important and significant discussions in Gynecologic
Oncology especially in patients with locally advanced stage. Therefore, it’s crucial to iden-
tify risk factors that could make the patient vulnerable to recurrence. To our knowledge,
some research has been done on the prognosis of CC recurrence, however the majority of
the survival analyses have only investigated at one end point(Tewari et al., [2022). However,
in many clinical trials, the number of endpoints is not limited to one; they therefore have a
competing risks(Dutz & Lock, 2019). In that case, statistical methods taking into account

the competing risks are needed; otherwise, the results obtained might be incorrect(Hou et al.,

2019).

In this study, the Fine and Gray model is used on the CC recurrence datasets obtained from
JUMC. From the total of 280 CC patients participated in this study, 60 (21.4%) of them ex-
perienced recurrence. Sasidharan et al. (2020) reported that the 5 years recurrence rate was
23% in India. This suggests that, in comparison to our study(21.4%), the rate of recurrence

in India was higher. The median recurrence time of the CC patients is 19 months.

The result of the study revealed that the age factor is found to be a major predictor of CC re-
currence. According to the study, the likelihood of CC recurrence is higher among younger
patients than in others. This is consistent with an earlier research conducted in China(L1
et al., 2022). According to their research, the risk of recurrence was 0.63 times lower for

patients over the age of 55 compared to the patients under 55 (HR=0.63, 95%CI: 0.45-0.89
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and P value=0.009). This may be due to the fact that younger patients are more likely to
smoke, have higher blood hormone levels, engage in more sexual activity, and express more

survivin, all of which enhance the chance of CC recurrence.

In the study, the cycles of chemotherapy that patients took was significant in their uni-variate
as well as in multi-variate of the Fine and Gray regression models. This finding is supported
by the studies conducted in Ethiopia by (ALTAYE, 2011). Similarly, the HIV status vari-
able was found to be a significant predictor factor in CC recurrence. According to the study,
HIV-infected female patients were more likely to have CC recurrence(aSHR = 2.08 and p =
0.0058). This could be related to the HIV affects the bodys immune system by specifically
targeting CD4 cells, which are helps to protect themselves from the disease. This is also
supported by the research undertaken by [Lodi et al.| (2011). They reported that the odds of
recurrence was 4.17 (95% CI: 1.72-10.10) in women with HIV as compared to those without
HIV.

According to the study’s findings, oral contraceptives was a major risk factor for CC recur-
rence. The sub-hazard ratio of recurrence for the patient who had used the oral contraceptive
was 1.91, which shows that being an oral contraceptive user increased the sub-hazard of re-
currence by 91% as compared to not being an oral contraceptive user. This is in line with
the study conducted by Munoz et al.| (2002)) in order to analyze the survival analysis of pa-
tients with CC using cox regression. This is due to its association with elevated levels of
the female hormone, estrogen, and changing the susceptibility of cervical cells to persistent

infection with high-risk HPV types.

The findings of this study suggested that smoking behavior was a significant risk factor for
the recurrence of CC. The sub-hazard of recurrence for patients who had a smoking habit
is 3.7 times that of patients who had no smoking habit. This is in line with the findings in
other studies like Jaleta & Mokonnon| (2018)). The odds of recurrence was 3.95 for smokers
(HR, 3.95;95% CI: 1.55-10.35; p=0.0044) as compared to non-smokers. These substances
damage the DNA of cervix cells and make the immune system less effective in fighting HPV

infection. Lastly, it accelerates the onset of CC recurrence.

Accordingly, the results of this study suggest that the FIGO stage was significantly asso-

ciated with the time to the first recurrence of CC. The sub-hazard ratio of recurrence for
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patients who had stage four was 3.71[1.02-13.47]. This shows that patients whose cancer
was stage [V increased the sub-hazard of recurrence by 3.71[1.02-13.47] times as compared
to stage I. This is consistent with the study conducted by |L1 et al.| (2022)) in order to analyze
the risk factors for recurrence of CC. According to their study, the hazard rate of recurrence
for stage IV cancer was 1.84 (95%:1.17-2.9) times that of stage 1. This may be due to stage

IV occurring by invasion or spread in any body organ and it is difficult to treat it at all.

Considering the parity of women with CC, the results of this study suggest that parity was
significantly associated with the time to first recurrence of CC. The sub-hazard of recurrence
for multipara woman is 2.37 times that of the nullipara woman. In similar ways, the sub-
hazard of recurrence for grand multipara women was 3.34[95% CI: 1.61-6.94] and p-value
0.0012. The sub-hazard of recurrence for grand multipara is 3.34 times that of nulli-para
women. This study’s findings are supported by the study of Sharma & Pattanshetty| (2018)).
This is related causes new dynamics of immature metaplastic epithelium which can increase
the risk of cell transformation and trauma to the cervix to facilitate HPV infection. For
decades, high parity has been suspected of being associated with an increased risk of CC.
Confounding with sexual behaviour, specifically with age at first sexual intercourse, how-

ever, thought to account for the apparent adverse effect of multiparity.
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5 Conclusion and Recommendation

5.1 Conclusion

The conclusions drawn by this investigation are as follows.

From the result of Fine-Gray model age at diagnosis, smoking behavior, HIV status, parity,
FIGO stage, cycles of chemotherapy and oral contraceptives were found to be statistically
significant factors for recurrence of women with CC. Of all this significant covariates, smok-
ing status(smoker), HIV status (positive), parity(Multipara and Grand multipara), stage(IV),
and oral contraceptives (users) were significantly increases the risk of recurrence of women
with CC. While, age at diagnosis(> 50 year) and cycles of chemotherapy(two, and three and
more than three cycles of chemotherapy) were significantly decreases the risk of recurrence

of women with CC.

From the result of Gray’s, except for the place of residence covariate, the CIF of all groups

of covariates were statistically significantly different.

5.2 Recommendations

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

e Itis better if patients minimize the use of tobacco and oral contraceptive substances to

protect themselves from a recurrence of CC.

e The time to first recurrence of women with CC risk is high for younger women and

women with higher FIGO stage, so it is better to give special care to them.

e The physicians are expected to record additional information of the patients history
such as physical activities, age at marriage, age at sexual intercourse, age at giving

birth and etc., because these are the expected risk factors from many literatures.
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B Proportionality Assumption Checking
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