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Introduction
Cancer is a chronic disease that dedicates a 
high rate of death to itself in many societies 
in recent decades. Breast cancer (BC) is the 
most frequent malignancy in women around 
the world. Its incidence and mortality rates 
have been rising in Asian countries.[1] The 
available cancer treatments are generally 
costly, along with multiple complications 
and the response rate to treatment is not 
complete in many cases.[2] Furthermore, 
BC is the most common cause of death in 
female 40–44 years old in many advanced 
and developing countries. It is the second 
leading cause of cancer death after lung 
cancer.[3] It is estimated that cancer death 
will reach 13.1 million in 2030. However, 
40% of deaths from cancer can be prevented 
by identifying and controlling the risk 
factors.[4] BC is abnormal and malignant 
proliferation of breast tissue cells, which 
is generally divided into two groups of 
carcinoma in situ (noninvasive) and invasive 
cancer.[5] According to the latest statistics, 
the incidence of BC in Iranian female is 
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Abstract
Background: There are numerous sophisticated studies which have investigated risk factors of 
breast cancer (BC). The purpose of this paper is to use benefits of Bayesian modeling to involve 
such prior information in determining factors affecting the survival of women with BC in Yazd city. 
Materials and Methods: The checklist included the characteristics of the patients and the factors 
studied. Then, from the records of patients referred to Radiotherapy Center of Shahid Ramezanzadeh, 
who had BC, from April 2005 to March 2012, the survival of 538 persons was recorded in the 
census. Data were analyzed by R software version 3.4.2, and 0.05 was considered the significance 
level. Results: The mean age of BC diagnosis was 48.03 ± 11016 years. The Bayesian Cox 
regression showed that surgery (hazard ratio [HR] =1.631 95% PI; 1.102–2.422), ki67 (HR = 3.260. 
95% PI; 1.6308–6.372), stage (HR = 5.620, 95% PI; 4.079–7.731), lymph node (HR = 1.765, 95% 
PI; 1.127–2.790), and ER (HR = 2. 600 95% PI; 2.023–3.354) were significantly related to survival 
time. Conclusion: The parametric and cox models were compared with standard error, and Cox 
model was selected as an optimal model. Accordingly, stage, ki67, lymph node, ER, and surgery 
variables had a positive effect on death hazard.
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27.5/1000 people. The 5‑year survival rate 
in these patients ranges from 48% to 84%, 
and the overall survival rate is 72%.[6] This 
cancer is a type of hormone‑related disease 
and malignant proliferation of epithelial cells 
that cover the breast lobule and lactiferous 
duct. Sixteen percent of all cancers in Iran 
are related to BC, which is ranked first 
among females.[7] In this paper, two tumor 
markers of ER, PR Ki67, and Her2 were 
applied. In survival analysis, time variable 
is usually called as the “survival time” 
because this variable determines the length 
of time that a person has “survived” during 
the follow‑up period.[8] In the majority 
of medical studies, methods such as Cox 
regression are used when the purpose is 
to evaluate the survival distribution. Cox 
regression is a much more popular choice 
than parametric regression, because the 
nonparametric estimate of the hazard 
function offers you much greater flexibility 
than most parametric approaches, but the 
proportional hazard (PH) assumption for all 
predictor variables in model is an important 
and fundamental hypothesis for this model 
that proportion hazard has been constant 

Access this article online

Website: www.advbiores.net

DOI: 10.4103/abr.abr_152_19

Quick Response Code:

This is an open access journal, and articles are 
distributed under the terms of the Creative Commons 
Attribution‑NonCommercial‑ShareAlike 4.0 License, which 
allows others to remix, tweak, and build upon the work 
non‑commercially, as long as appropriate credit is given and 
the new creations are licensed under the identical terms.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

Received: 12 July 2019
Revised: 14 August 2019
Accepted: 28 August 2020
Published: 26 November 2021

[Downloaded free from http://www.advbiores.net on Monday, January 23, 2023, IP: 178.131.103.78]



Pahlavani, et al.: Determination of the risk factors for breast cancer survival

2 Advanced Biomedical Research | 2021

over time. Only if the PH assumption is being satisfied, 
we are allowed that fit Cox regression on data.[9] Hitherto 
many studies have been conducted on the Cox regression 
model, but according to a systematic study, only 5% of 
these studies have considered the PH assumption.[10] In 
parametric models, survival times have a known probability 
distribution such as Weibull, exponential, lognormal, and 
log logistic.[11] Medical communities use Bayesian methods 
for survival analysis due to limitations such as the small 
sample size or lots of censorship. The main reason for this 
introduction is to combine the previous information and the 
data in the Bayesian method, which makes the estimations 
accurate and riches the findings. Optimal decisions can 
be made by observing new data and arguing about the 
probability distribution. In this paper, the parametric and 
Cox models are fitted on the data using the Bayesian method 
considering different prior distributions and meta‑analyses. 
Initially, the various survival parametric models including 
exponential, Weibull, Gompertz, log logistic, lognormal, 
generalized Fisher, and generalized gamma and Cox were 
fitted by the Bayesian method on data. The final model was 
selected based on the Bayesian standard deviation criterion, 
and accordingly, factors affecting on survival of BC were 
determined.

The goal in this study has two folds: our primary purpose 
is to investigate effect of tumor markers on patients’ 
survival such that involve prior information about them 
in our analysis. Second, find optimal model between 
several parametric and Cox model in Bayesian perspective. 
Bayesian models can combine the previous information 
with the data. Thus, when rich sources of prior information 
about risk factors are available, this approach can overcome 
classical statistical models.

Materials and Methods
Initially, a checklist containing the patients’ specifications 
and all the studied factors(age, size of the tumor, lymph 
node involvement, primary metastasis, stage of disease, type 
of pathology (vascular or neurological lymph invasion), 
grade of disease, tumor markers (Her2, ER, PR, and 
Ki67), type of surgery (mastectomy or breast‑conserving 
therapy [BCT]), collateral treatments (post‑surgery 
radiotherapy, post‑surgery chemotherapy, hormone 
therapy), distance of metastasis, and survival of patients) 
were prepared. Then, the patients’ file in the archives of 
Shahid Ramezanzadeh Radiotherapy Center in Yazd, who 
had BC was examined from the beginning of 2005 to the 
end of 2012, and they were called to determine the survival 
of 538 patients. In addition, the time of patients’ death was 
given from the provincial health center. In this analytical 
and survival analysis study, exploratory factor analysis was 
used to identify correlated predictor variables and to reduce 
the dimension of data, due to the lots of predictor variables 
in model. The variables were allocated to five independent 
factors using exploratory factor analysis.

Finally, seven variables including Her2, Ki67, estrogen 
receptor (ER), age (less than or over 40), type of 
surgery (mastectomy or BCT), stage of disease (primary 
or advanced), and lymph node involvement (positive or 
negative) were considered as a risk factor for the survival 
of BC according to the results of factor analysis and 
expert opinion.[12] In the next step, the parametric models 
fitted with different survival models including exponential, 
Weibull, Gompertz, log logistic, lognormal, generalized 
Fisher, and generalized gamma on the variables.[13] The 
optimal parametric model was selected using Akaike 
information criterion (AIC), and then, the optimal model 
fitted by Bayesian method.

Akaike criterion was used to determine the optimal 
parametric model. Akaike criterion was presented by 
Akaike in 1974 to assess the goodness of fitting models 
and is defined as follows:

AIC = −2 (log [likelihood]) +2 (a + c)

Where, a is the number of model parameters and c is a 
constant coefficient that is different from that of the applied 
model, and the smaller Akaike criterion means better 
fitting. Furthermore, the Bayesian Cox model was fitted, 
and finally, the optimal model was determined based on 
Bayesian standard error (SE).

In this study, packages SurvMisc,[14] icenReg,[15] and 
Coda[16] were used in the R software for Bayesian survival 
analysis. In all tests, α =0.05 was considered a significant 
level.

Results
In this study, 538 patients had BC which 109 patients 
were died (20.3%). Using the Kaplan–Meier method, the 
survival rates of 1, 3, and 8 years old were estimated 
0.976, 0.898, and 0.737, respectively. Mean age of patients 
was 48.03 ± 11.66 years old and the mean survival time 
of patients was of 97.64 ± 4.23 months. Table 1 reports 
descriptive statistics. In the parametric modeling, all 
listed parametric models fitted on these seven variables, 
and “Log Normal model” was selected as the optimal 
parametric model (AIC = 464.77).Then, the log normal 
model was fitted with the Bayesian method. Gibbs 
sampling method was used for Markov chain Monte 
Carlo (MCMC) technique. The fitting results of Bayesian 
Lognormal model were given in Table 2. The mean and 
variance of significant variables were determined by 
studying different studies for Cox Bayesian method. The 
normal distribution was selected as the informative prior 
distribution. Bayesian Cox model was considered in the 
multiple form. For parameters h, hk, and β used bottom 
prior distribution:
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Moreover, Schonfeld test[18] was used to testing the 
proportion hazard assumption (PH). The results of the test 
were satisfactory (Global P = 0.399).

In the Bayesian method, MCMC is used so that it estimates 
the posterior distribution of the parameters under the 
specific loss function by performing the large sampling. 
In this research, Gibbs sampling was performed with 
indicators (nburn = 6000; nsave = 60,000; nskip = 20 + 4; 
niter = nburn + nsave) and the square error function was 
considered. Therefore, the posterior distribution mean was 
calculated as the final estimate of HR for each variable. 
These samples should be random without any particular 
process (they should not have autocorrelation). Geweke 
and Raftery Lewis[17] indicators were used to randomize 

samples (close to 1) and lack of autocorrelation (<2.6). In 
addition, the statistical inferences are done using probability 
interval (credible interval) instead of P value. Figure 1 
shows the Bayesian survival for significant variables in 
this study, and Table 3 was given the result of the Bayesian 
Cox method.

Discussion
The use of the Bayesian factors is a good idea for a 
measure of comparing parametric models and Cox model, 
but in practice, they are not measured in statistical 
packages in the Bayesian survival analysis, and their 
manual calculation is not possible due to a high number 
of sample size and variables. Hence, the SE has been 
selected in this paper as a comparison in this paper.[18] 
Based on this, the Bayesian Cox model was selected as the 
optimal model because it had a minimum of standard error 
between models, so based on this, the factors affecting 
BC were chosen. In this study, the age variable was not 
significant, which is similar to Tazhibi et al.’s study. 
who studies the survival data of 996 patients with BC in 
Isfahan to evaluate the risk factors in metastatic patients.[19] 
This result can be due to the use of the same cut point 
for the age variable. The Ki67 variable is significant, and 
patients with a Ki67‑positive rate have 3.260 times greater 
death risk than the negative one. This result has been 
confirmed in other studies.[20] The role of Ki67 in BC has 
always been disagreement.[21] In Nishimura et al. study, a 
high level of Ki67 was associated with a low survival,[22] 
but in Bryan study, there was no relationship between 
Ki67 and androgen receptor.[23]In addition, For the type 
of surgery variable, patients with mastectomy survived 
1.631 times less than BCT. Moslemi et al. proposed 
BCT method because of breast maintain and mental 
relaxation for patients, but unlike our results, it was not 
significant.[24] Saadatmand et al. investigated the effect 
of the stage disease on the survival of 173,797 patients. 
It was reported that mastectomy had more death hazard, 
and the Her2 variable was not significantly similar to this 
study.[25] However, by using of the Bayesian method in our 
study even with a small sample size, we obtained similar 
results with Saadatmand’s study, The stage of disease 
was significant in most studies, such as Rakha et al.[26] In 
this study, patients with advanced stage of disease have 
5.620 times higher death hazard than those in the primary 
stages of the disease.[27] In addition, the ER was significant 
and patients with positive ER were 2.6 times more death 
hazard than negative ER patients, which were similar 
to the most studies.[28] Finally, the lymph node variable 
involvement was statistically significant, and patients with 
lymph node involvement had 1.765 times higher death 
hazard than patients without lymph node involvement. 
The results were similar to the results of Khodarahmi 
et al. (2015)[29]  and Fallahzadeh et al.[30] in the same year. 
Medically, it has been proven that lymph node involvement 

Table 1: Frequency of patients with breast cancer in 
terms of the variables affecting the disease (n=538)

Variables Frequency 
(Percent)

Survival time mean 
(Standard Deviation)

Age <40 [ref] 132(%24.5) 84.81 ( 6.17 )
>40 406(%75.5) 86.98 (3.98)

Ki67 low 29(%9.2) 87.26 (8.22)
high 287(%90.8) 87.74 (4.45)

Surgery mas 226(42%) 93.52 (3.80)
BCT 312(58%) 100.71 (3.43)

Stage Elementary 100(%18.6) 4.1210 (6.56)
Advanced 438(%81.4) (3.77) 37.123

ER neg 158(%37.4) 90.97 (7.29)
pos 264(%62.6) 104.24 (4.31)

Her2 neg 259(%69.3) 7.806 (2.48)
pos 115(%30.7) 9.878 (3.94)

Lymph 
node

no 176 (33%) 102 0.48 (6.26)
yes 357 (67%) 98 0.16 (3.58)

Table 2: Estimate Of Bayesian Log Normal
RR (Risk Raito) Mean Naïve SE PI€

mu ‑ 6.29 <0.001 (5.58 , 7.32)
log_s ‑ 0.48 <0.001 ( 0.17, 0.84)
age. 0.83 ‑0.17 <0.001 (‑1.07, 0.64)
Ki67 0.88 ‑0.12 <0.002 (‑1.26 , 1.11)
ER 1.49 0.40 <0.001 (‑0.27 ,1.14)
MAS 0.67 ‑0.39 <0.001 (‑1.20, 0.34)
Her2* 0.47 ‑0.74 <0.001 (‑1.59, ‑0.06)
lymph.node 0.91 ‑0.08 <0.001 (‑0.87 , 0.68)
stage 0.41 ‑0.88 <0.002 (‑2.13 , 0.13)
€Probability Interval (Credible Interval)
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is one of the most influential factors in BC.[31] Shahireh 
Haghighat et al. evaluated the survival rate in BC patients. 
In a longitudinal study, they evaluated 623 patients with 
BC who referred to the Center of Breast Disease in 
Jihad University in 1997–2006. They concluded that HR 
ratio according to Cox analysis showed that lymph node 
involvement (HR = 2.52) and negative ER (HR = 2.60) 
significantly were important factors correlated with the 
survival rate of the patients.[32] Joseph Ibrahim, a researcher 
of Bayesian survival, reported in 2011[33] if there was no 
information about the parameters from previous studies, 
and the prior distribution of parameters was considered to 
be noninformative; then, the classical Cox and Bayesian 
Cox lead to the same findings. In this study, the informative 
prior distributions have been used, so results can be cited 
with a high power. One of the main problems of the 
research is the lack of enough sample size. However, high 
number of sampling has some limitations. The Bayesian 
method allows accurate results even in low samples based 
on information from meta‑analysis and scientific resources. 
Combination of Bayesian and parametric methods in the 
survival analysis for diseases such as cancer gives more 
accurate results in terms of estimation error compared to 
the classic methods. In some of diseases such as BC that 
mortality rate in this cancer is lower than other cancers, 
Cure models are a better alternative to survival analysis.[34] 

The combination of the Bayesian method and Cure models 
can be considered a substitute proposal in feature studies.

Conclusion
The Bayesian Cox model was selected as the optimal 
model because it had a minimum of standard error between 
models, so based on this, the factors affecting BC were 
chosen. In this study, stage, ki67, lymph node, ER, and 
surgery variables had a positive effect on death hazard.
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