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Abstract

Background: Rapid progression in medical and health sciences have caused survival studies, where some patients have long-term
survival, especially for chronic diseases such as breast cancer. Cure models can be applicable to analyze such data.
Objectives: The aim of this study was to determine the risk factors associated with breast cancer, using mixture cure fraction model.
Methods: We studied data for 438 patients, who were referred to cancer research center in Shahid Beheshti University of Medical Sci-
ences. The patients were visited and treated during 1992 to 2012 and followed-up until October 2014. The data were analyzed by mix-
ture cure fraction model based on GMW (generalized modified Weibull) distribution and inferences were obtained with Bayesian
approach, using standard MCMC (Markov Chain Monte Carlo) methods. All analyses were performed, using SPSS v20 and OpenBUGS
software. The significant level was considered at 0.05.
Results: During the follow-up period, 75 (17.12%) deaths occurred by breast cancer and the one-year overall survival rate was 98%.
Covariates such as numbers of metastatic lymph nodes and histologic grade were statistically significant. Also, the cure fraction
estimation was obtained 58%.
Conclusions: When some patients have a long-term survival, cure models can be an interesting model to study survival and these
models estimate parameters better than the traditional models such as cox model. In this paper, the mixture cure fraction model
based on GMW was fitted for analysing survival times in patients with breast cancer.
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1. Background

One of the major causes of death and disability among
women in developed countries and in some developing
countries is breast cancer (1-3). Overall, 1.67 million pa-
tients and 0.52 million deaths all around the world are
recorded by breast cancer (4, 5). In Iran, the first cause of
death among women is breast cancer with diagnosed age
between 40 to 49 years (6). The prognostic factors of breast
cancer can be grouped in two categories: chronological
and biological (7). The first and the second categories are
based on the amount of time present and the behavior of
tumor, respectively. Lymph node status and tumor size are
time-dependent factors, but histological grade is a biolog-
ical factor (8). However, the effects of factors such as age
at diagnosis, stage of cancer, the prescribed chemotherapy
agent, lymph node status, tumor size, histological grade,

hormonal factors, and family history are unclear and chal-
lenging issues (9, 10). Also in breast cancer, we now en-
counter a heterogeneous population of patients. Patients
are categorized into two groups. One group never experi-
ence the event of interest, so they are not at risk (11). These
patients are considered cured or immunized. The second
group contains patients who remain uncured. However,
one of the goals in survival analysis is to estimate the pro-
portion of cured patients. Two types of cure fraction mod-
els are the mixture and non-mixture (12). Du to recent de-
velopments in treatment and considerable proportion of
cured patients, more attention has been paid to cancer-
relapse trials, including breast cancer, leukaemia, prostate
cancer, melanoma, head, and neck cancer (13).

The Kaplan-Meier estimators, log-rank test, or semi-
parametric models including Cox proportional hazards,
as a standard survival analysis method, provide no direct
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estimate of the cure fraction (14). The Weibull is one of
the common and applicable distributions in cancer stud-
ies (15), because of simple estimation of parameters and
its hazard function capability. In survival analysis studies,
however, we usually have data sets that need more com-
plex parametric models. So, a new class of parametric dis-
tributions based on extensions of the Weibull distribution
is generalized modified Weibull (GMW). It was introduced
by Carrasco in 2008 (16) and developed in the form of mix-
ture and non- mixture cure fraction models by Martinez in
2013 to analyze the survival data in presence of cure frac-
tion, censored data, and covariate with Bayesian approach.

The present study aims at applying mixture cure frac-
tion model, based on the generalized modified Weibull dis-
tribution and including covariate to assess the association
between possible risk factors and prognostic factors that
may affect the survival of patients with breast cancer.

2. Methods

2.1. Patients and Variables Under Study

The present retrospective study was performed in 438
women with breast cancer, who were referred to cancer
research center in Shahid Beheshti University of Medical
Sciences, Tehran, Iran with ethical code SBMU.REC.1393.587.
The patients were visited and treated during 1992 to 2012
and followed-up until October 2014. The status of the pa-
tients (i.e. whether they were still alive or not) was as-
sessed, using the registered phone number in the health
files of the patients. The longest duration of follow-up
was 253 months. A total of 75 patients (17.08%) experi-
enced the interest event and 363 patients were censored.
For each of the 438 patients in this database, we studied
prognostic variables such as age at diagnosis, family his-
tory of cancer, abortion, breastfeeding, marital status, tu-
mor size, estrogen and progesterone receptor status, type
of surgery (modified radical mastectomy or breast con-
serving surgery), histologic and nuclear grading, axillary
lymph node status (N0, N1, N2 and N3 category), lympho-
vascular invasion and, stage of disease. These were in-
cluded in the model, using binary variables. We defined
survival time between the first diagnosis of breast cancer
and death or the end of patient follow-up. A binary censor-
ing variable was used to indicate whether a patient died of
breast cancer. The protocol of the current study was con-
firmed by the ethical committee of Shahid Beheshti Uni-
versity of Medical Sciences. The data were analyzed by SPSS
v20 and OpenBUGS software. The significant level was con-
sidered at 0.05.

2.2. Statistical Analysis

2.2.1. Mixture Cure Fraction Models

Following Maller and Zhou (17), mixture cure fraction
models are:

S(t) = p + (1 - p)S0 (t)
Where p represents the proportion of “long-term sur-

vivors” or “cured patients” (0| < P| < |1) and S0(t) is the base-
line survival function for the susceptible individuals. The
probability density function for the lifetime T is:

(1)f (t) =
dF (t)

dt
= (1− p) f0 (t)

Where f(t)= 1 - S(t) and f0 (t) is the baseline probability
density function for the susceptible individuals. Consider-
ing a random sample (ti, δi) of size n, i| = 1|, …, n, the contri-
bution of the ith subject for the likelihood function is given
by:

(2)
Li = [f (ti)]

δi [S (ti)]
1−δi

= [(1− p) f0 (t)]δi [p+ (1− p)S0 (ti)]
1−δi

Where δi is an indicator variable for censoring, that is,
δi| = |1 for an event and δi| = |0 for a censored.

2.2.2. Parametric Distribution

2.2.2.1. The Generalized Modified Weibull Distribution

There are various distributions to select; here we as-
sume the generalized modified Weibull (GMW) distribu-
tion for the mixture cure fraction model. The probability
density function for the GMW distribution is:

(3)f0 (t) =
αβtγ−1 (γ + λt) exp [λt− αtγexp (λt)]

{1− exp [−αtγexp (λt)]}1−β

This four-parameter distribution was introduced by
Carrasco et al. (16). This distribution is applicable to con-
sider many shapes of the hazard function such as bathtub-
shaped failure rates data. The importance of this distribu-
tion stands in its capability to model both monotone and
non-monotone failure rates.

The respective survival function is can be written as:

(4)S0 (t) = {1− exp [−αtγexp (λt)]}β

The GMW distribution is denoted by X| ~ |GMW (α, β,
γ, λ).

We also assume that vector of covariates xi could be in-
cluded to model by parameter p:

(5)pi =
exp

(
xTi η

)
1 + exp (xTi η)

Where η is a vector of unknown parameters.
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2.2.3. Bayesian Inference

The joint posterior distribution for the parameters
could be obtained, using Bayes theorem by jointing the
prior distribution with the likelihood function for θ. Due
to the joint posterior distribution of the proposed model
is computationally complex, MCMC (Markov Chain Monte
Carlo) simulation methods can be used to generate sam-
ples of the joint posterior distribution. OpenBUGS soft-
ware is used to simulate these samples with specifying the
distribution for the data and the prior distributions for
the parameters. For a Bayesian analysis of the mixture
model with covariates, approximately non-informative
priors such as Gamma (1, 1) prior distributions for the pa-
rametersα,β, γ andλ and also normal prior distributions
N(0, 100) for the parameters ηi were assumed. In this pa-
per, for eliminating the effect of the initial values, a ‘burn-
period’ size of 1000 was used; after this ‘burn-in-sample’
period, 100,000 Gibbs Samples were generated, taking ev-
ery 100th sample. Convergence of the algorithm was as-
sessed, using standard methods as the trace-plots of the
simulated samples.

3. Results

3.1. Patient Characteristics

The clinical, pathological, and biological characteris-
tics of the 438 women with breast cancer were presented in
Table 1. The mean age at the time of diagnosis was 48.37 ±
10.92 with the range of 22 to 40 years. The mean duration of
follow-up was 52.3 with the range of 3 to 253 months. Dur-
ing the study up to October 2014, 75 (17.12%) deaths caused
by breast cancer were recorded. With respect to the life-
table method, the one-year overall survival rate was 98%
(95% CI: 97% - 99%). The Kaplan–Meier estimate of the sur-
vival function for the breast cancer data was illustrated in,
Figure 1 where the presence of a plateau near to 0.5 ob-
served in the graph suggests that models that ignore the
proportion p will not be appropriate, so more accurate re-
sults were obtained, using the cure fraction model.

The covariates included in the model via logit link that
were explained in statistical analysis section. These vari-
ables under study were age at diagnosis, marital status, his-
tory of abortion, history of breastfeeding, family history of
breast cancer, type of surgery, number of metastatic lymph
nodes, tumor size, stage, histologic grade, estrogen recep-
tor, progesterone receptor, and lymphovascular invasion.
Results are shown in Table 2. The percent credible inter-
vals for the two prognostic variables such as number of
metastatic lymph nodes and histologic grade contained
zero, meaning that they are statistically significant. In-
deed, patients with histologic grade I were 5.26 times more
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Figure 1. Kaplan-Meier estimate of the overall survival function for the breast cancer
data

at the risk of death compared to patients with histologic
grade III. In addition, cure fraction was estimated 58%.

For more visual representation of the model fit, the
Kaplan-Meier estimates for the survival function against
the respective predicted values from the GMW mixture
model were presented. With respect to Figure 2, the pre-
dicted values obtained from the fitted model are close to
the empirical values, suggesting that this model is suitable
for data under study.

4. Discussion

In this study, the mixture cure fraction model based on
GMW was used. The results showed that the mentioned
model was fitted to patients with breast cancer well.

In the last few decades, monitoring trends in survival
of patients over time is one of the suitable ways to asses
progression in the treatment of cancer (18). Treatments for
many types of cancers have been improved impressively;
so, we face an increase in the proportion of patients who
cured (19). The proportion of such patients is named cure
fraction. In addition, the survival analysis by considering
cure fraction is called cure rate or long-term survival mod-
els, and they play an important role in survival analysis
(20). The conventional and most common method such
as the Cox proportional hazards model for analyzing sur-
vival time data is not appropriate in medical research be-
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Table 1. Patients’ Characteristics

Survived (n = 363) Deceased (n = 75) Total (n = 438)

Surgery

BCS 253 (92.3) 21 (7.7) 272 (100)

MRM 110 (67.1) 54 (32.9) 164 (100)

Stage

I 92 (95.8) 4 (4.2) 96 (100)

II 175 (90.7) 18 (9.3) 193 (100)

III 91 (67.4) 44 (32.6) 135 (100)

IV 5 (35.7) 9 (64.3) 14 (100)

Grade

I 46 (97.9) 1 (2.1) 47 (100)

II 211 (89.8) 24 (10.2) 235 (100)

III 106 (67.9) 50 (32.1) 156 (100)

Lymphovascular Invasion (LVI)

Negative 241 (90.6) 25 (9.4) 266 (100)

Positive 122 (70.9) 50 (29.1) 172(100)

Estrogen receptor

Negative 95 (75.4) 31 (24.6) 126 (100)

Positive 268 (85.9) 44 (14.1) 312 (100)

Progesterone receptor

Negative 114 (76) 36 (24) 150 (100)

Positive 249 (86.5) 39 (13.5) 288 (100)

Tumor Size

< 2 103 (92.8) 8 (7.2) 111 (100)

2 - 5 208 (86) 34 (14) 242 (100)

≥ 5 52 (61.2) 33 (38.8) 85 (100)

Lymph node status

N0 188 (94.9) 10 (5.1) 198 (100)

N1 105 (86.8) 16 (13.2) 121 (100)

N3 27 (69.2) 12 (30.8) 39 (100)

N4 43 (53.8) 37 (46.2) 80 (100)

Abortion

Yes 121 (82.1) 22 (17.9) 143 (100)

No 220 (82.2) 31 (17.8) 251 (100)

Family history of cancer

Yes 106 (85.5) 18 (14.5) 124 (100)

No 257 (81.8) 57 (18.2) 314 (100)

Marital status

Single 22 (91.7) 2 (8.3) 24 (100)

Married 341 (82.4) 73 (17.6) 414 (100)

Breastfeeding

Yes 296 (77.7) 51 (13.3) 347 (100)

No 45 (89.5) 2 (10.5) 47 (100)

Age at diagnosis

< 40 63 (71.6) 25 (28.4) 88 (100)

40 - 70 289 (86) 47 (14) 336 (100)

≥ 70 11 (78.6) 3 (21.4) 14 (100)

cause of its assumption about proportionality of hazards
(21, 22). In addition, the standard Cox model usually does
not consider the cured fraction of patients that are com-

mon in many medical investigations. Several extensions
of the Cox model that consider cured fraction have been
argued in different studies (23-25), but these methods are
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Table 2. Posterior Estimates Using the Mixture Model Based on GMW Distribution

Prognostic Variables Posteriora 95% Credible Interval OR

Surgery

BCS -0.042 (0.085) (-0.21 - 0.12 ) 0.95

MRM Reference

Stage

I 0.071 (0.098) (-0.11 - 0.26) 1.07

II 0.102 (0.097) (-0.08 - 0.29) 1.11

III -0.107 (0.095) (-0.3 - 0.07) 0.89

IV Reference

Grade

I 1.661 (1.051) (1.33 - 2.61) 5.26b

II 2.036 (1.682) (1.89 - 2.98) 7.65b

III Reference

Lymphovascular Invasion (LVI)

Negative -0.128 (0.093) (-0.31 - 0.05) 0.88

Positive Reference

Estrogen Receptor

Positive 0.062 (0.096) (-0.12 - 0.25) 1.06

Negative Reference

Progesterone receptor

Negative 0.068 (0.095) (-0.11 - 0.26) 1.07

Positive Reference

Tumor Size

< 2 0.058 (0.097) (-0.12 - 0.24) 1.05

2 - 5 0.051 (0.093) (-0.13 - 0.23) 1.05

≥ 5 Reference

Lymph node status

N0 1.153 (0.941) (0.81 - 2.23) 3.16b

N1 1.782 (1.035) (1.21 - 2.51) 5.94b

N3 1.891 (1.314) (1.23 - 2.66) 6.62b

N4 Reference

Abortion

Yes -0.006 (0.094) (-0.19 - 0.17) 0.99

No 1

Family history of cancer

Yes 0.026 (0.095) (-0.16 - 0.21) 1.02

No Reference

Marital status

Single 0.012 (0.095) (-0.17 - 0.2) 1.01

Married Reference

Breastfeeding

Yes 0.003 (0.096) (-0.18 - 0.19) 1.00

No Reference

Age at diagnosis

< 40 -0.036 (0.095) (-0.22- 0.15) 0.96

40 - 70 0.073 (0.096) (-0.11 - 0.26) 1.07

≥ 70 Reference

aValues are expressed as mean (SD).
bSignificant at the 5% level.

not appropriate for the investigation of non-proportional
hazard functions. Thus, parametric models that include a

cure fraction are appropriate for analyzing such data since
these models do not need proportional hazards assump-
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Figure 2. Plots of the Kaplan-Meier estimates for the survival function versus the
respective predicted values obtained from the GMW mixture models. The diagonal
straight lines represent a perfect agreement between Kaplan–Meier estimates and
predicted values.

tion, and they are easily interpreted by physicians. Most of
the survival studies using Log-rank test and Cox analysis in-
vestigated the affecting factors on the survival of patients
with breast cancer.

In recent years, cure rate models have been studied in
several studies and they have been well developed in the
statistical research (26-31). Mixture and non-mixture are
two general types of cure models. Based on the data, the
mixture cure rate or non-mixture cure rate models may fit
well (28).

The aim of the current study was to investigate the re-
lationship between survival of patients with breast can-
cer and associated risk factor, using mixture cure fraction
model based on GMW distribution. The results showed a
cure fraction model is suitable for modelling breast cancer
data. Based on the findings of this study, lymph node status
and histologic grade were significant as observed in other
studies (32-34), but they are not in common with some
studies (34-36). Histological grade that is biological was
highly correlated with long-term survival. Also, this factor
was reported in several studies as an important prognosis
factor (4, 34).

In the current research, the mean age was about 48
years at the time of diagnosis, which is identical to Ziaei et
al. study (37), while this mean is not consistent with other
Iranian reports (38-43). According to the present study,
the one-year overall survival rate was estimated 98%, while

Movahedi’s study obtained this rate fewer than this rate
(43).

In this investigation, there are some limitations. The
presence of missing data on some clinical and pathologi-
cal characteristics of patients, so larger sample size can re-
duce the problems of convergence and model fit (44). In
addition to chronological and biological factors, one of the
major factors that takes part in the transition of global can-
cer epidemiology is urbanization (45); hence, we suggest
to investigate the relationship between the urbanization
factor and incidence of breast cancer, using cure models
in the future studies. Also, conducting further studies by
assuming other generalized distributions such as the gen-
eralized F distribution (46) and the extended family of the
generalized Gamma distribution (47) rather than GMW for
lifetime are recommended.

5. Conclusions

Cure models could be useful for a wide range of cancers
such as head and neck, colon cancer, stomach, breast, etc.
However, when some patients are the long-term survivors,
cure models can be beneficial methods to study survival. In
addition, GMW distribution is a flexible tool for parametric
survival analysis. In this paper, we concluded that the mix-
ture cure fraction model based on GMW was suitable for
survival analysis of the patients with breast cancer.
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