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Introduction
Typically, cancer survival analysis employs parametric models 
and semi-parametric models. Parametric survival models 
assume that the duration of survival is associated with estab-
lished distributions such as log-normal, exponential, Weibull, 
or log-logistic, while Cox Proportional Hazard (CPH) model 
is a common semi-parametric approach embraced by biomedi-
cal experts for its straightforwardness and mostly absence of 
assumptions concerning the distribution of lifespan. Parametric 
models are more efficient than the CPH model when consid-
ering sample sizes.1-3 However, compared to parametric mod-
els, the COX model requires fewer assumptions.4,5 A study 
revealed that survival rates decline with age and there is an 
indirect correlation between age and survival rates.6 
Additionally, tumor size was found to be one of the factors 

associated with patient survivability.7 It has been demonstrated 
that individuals with a positive estrogen receptor (ER) lived 
longer than those with negative ones.8 Moreover, the number 
of affected lymph nodes was characterized as a crucial prognos-
tic factor for BC.9 It was found that greater tumor size, more 
affected lymph nodes, and elevated cancer markers are associ-
ated with an increased risk of recurrence in BC patients.10,11

The utilization of the Cox model indicated that BC patients 
had a median of disease-free survival is 64 months.12 Moreover, 
findings revealed a noteworthy recurrence rate in 22% of BC 
patients. Also, much higher rates were observed among those 
diagnosed with high CA15-3 levels at diagnosis compared to 
individuals manifesting normal CA15-3 markers.13,14 Another 
research demonstrated a substantial correlation between elevated 
HER2 receptor levels and hormone receptor (HR) status.15 
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Furthermore, findings have indicated that heightened estrogen 
production and the presence of ER greatly contribute to BC 
development. For individuals diagnosed with estrogen receptor-
positive subgroup of BC, Tamoxifen is served as a supplementary 
treatment.16,17 The time of death in a BC patient in the hospital 
is influenced by factors such as age, educational status, region, 
initial tumor size, and pathological features.18 A study has dem-
onstrated the statistical analyses of time-to-death to showcase 
mortality benefits for treated females compared to untreated 
ones can help characterize effective treatments. Increasing 
chance of survival and delay cancer growth.19,20 On the other 
hands, another study found that there was a significant discrep-
ancy in overall survival rates between groups with poor or mod-
erate prognosis compared to those with good prognosis.21 This 
indicates that patients experiencing higher stages of BC without 
chemotherapy and lower follow-up rates, were more likely to 
experience recurrence of the disease.22

Several studies have employed distinct parametric and semi-
parametric models to examine survival data related to BC, tak-
ing into consideration of various covariates such as age, stage of 
the disease and chronic conditions. The utilized models com-
prise of the generalized gamma distribution model, bounded 
cumulative hazard model as well as flexible categories for semi-
parametric survival modeling. Different criteria encompassing 
Akaike Information Criterion (AIC), Bayesian Information 
Criterion (BIC) and log-likelihood value are used to evaluate 
each model’s performance.23-28 These investigations offer valu-
able insights concerning factors that influence BC recovery 
chance along with identifying appropriate methodologies suit-
able for effective analysis of these datasets. Our current research 
aims to identify potential risk factors for BC recurrence using 
both parametric and semi-parametric methods.

Methods
Data and research variables

Initially, the data underwent pre-processing using both Excel 
and R software (version 3.6.3). This retrospective cohort study 
used data on risk factors and epidemiological data gathered from 
Tehran University of Medical Sciences (TUMS) in Iran between 
2010 and 2021. A total of 2246 BC cases diagnosed by oncolo-
gists were selected in this study, of which 171 patients met the 
criteria required for the study, who had recorded/documented 
dates of surgery and disease recurrence. The primary factor in 
choosing this specific number of observations was the specific 
requirement for this study. We needed patients who had under-
gone surgery and experienced recurrence with clear dates, and 
among all the data, only this particular set met this criterion. 
Those individuals, whose recurrence date was not available were 
treated as right censoring information. Those participants, who 
had experienced BC recurrence were assigned code 1 (N = 171), 
while those without recurrence received code 0 (N = 2075).

The written informed consent was collected from all the 
patients for their contribution to the study and the collected data 

along with this study was in accordance with the TUMS ethical 
guidelines with ethical approval number IR.IUMS.
REC.1397.1116. The original dataset consisted of 55 fields and 
2246 rows. As part of the process, we adjusted dates to the 
Gregorian calendar format. Furthermore, by analyzing surgery 
and recurrence dates, survival times were calculated in months. 
We also identified censored data on the right side based on these 
variables. We then selected key variables that have a significant 
impact on BC such as estrogen, progesterone, HER2, ki67, 
tumor grade, positive lymph node, stage, size, and age using fea-
ture selection (Supplementary Table S1). In the study, estrogen, 
progesterone and HER2 were considered as factors with two 
categories each—positive (Pos) or negative (Neg). Similarly, ki67 
was grouped into A for values lower than 40 and B for higher 
than 40. The age of participants was determined based on month 
and year of birth; then categorized into three subgroups: less 
than 46 years labeled C; between 46 to 69 labeled B; and more 
than 69 labeled A. The tumor grade was categorized into three 
numerical groups, 1, 2, and 3. Similarly, the tumor size variable 
had three subgroups; A for less than or equal to 2cm, B for sizes 
between 2 and 5 cm, and C for more than 5 cm. BC-afflicted 
cases with stages 1 to 4 were included in this study.

The data were then prepared using R software tools, which 
boosted the analysis. As the data contained missing values, vari-
ous methods were explored to either remove, or estimate and fill 
these gaps. Ultimately, it was determined that deletion of such 
values would result in a significant loss of valuable information 
and appropriate estimation techniques are needed to tackle this 
issue. In order to perform this task properly, three different 
methods—mean calculation, regression analysis and multiple 
imputation-were conducted along with an R add-in package 
called “mice” which stands for “Multivariate Imputation by 
Chained Equations.” These measures helped us generate relia-
ble estimates for our dataset based on the percentage of its 
remaining missing data points. If the missing data is less than 
10%, the mean value can be used. For percentages greater than 
10%, multiple imputations should be employed into analysis 
(the missing data in tumor size variable was 5.87% and in tumor 
grade variable in 9.43%). The “estimation by average” method 
was found suitable for data containing missing values below or 
equal to 5%, (through which the average of variables was calcu-
lated and substituted with the missing values), while regression 
and average methods are applicable when percentage of incom-
plete information ranges between 6% and 10% respectively. If 
more than twenty percent of data points are absent, then reli-
ance on mice package becomes essential as it provides robust 
solutions through multiple imputations processes.

Statistical analysis

During this study, survival time was measured in months and 
also various R add-on packages were used. To this end, we 
used “mice” (Version:3.16.0) for the imputation of missing val-
ues, “Fitdistrplus” (Version:1.1-11) to fit semi-parametric 



Shahmoradi et al.	 3

distributions and “Survminer” (Version:0.4.9) for survival 
analysis facilitation as well as its visualization abilities; in addi-
tion, “ggplot2” (Version:3.4.4) was used for further visualiza-
tions. Our research aimed at predicting BC risk factors during 
the interval between surgery and recurrence through three 
statistical methods: parametric, semi-parametric and  
non-parametric approaches. The list of parametric models 
used in this study are provided in Supplementary  
Table S2.29,30 We used the following statistical fitting measure 
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the overall pipeline used in this study. All the R codes used in 

this study are available in the supplementary R codes list 1.
The log rank test was used to determine whether there is 

difference between survival curves. In survival analysis, research-
ers frequently apply the log-rank test as a statistical hypothesis 
to compare the survival distributions of multiple groups. This 
non-parametric test avoids making assumptions about underly-
ing distribution patterns for survival times. It works by assessing 
observed and expected events (i.e. manifestation of recurrence) 
in each group, then determining a Chi-squared distributed test 
statistic. The “event” was considered as the manifestation of 
recurrence. The unit of survival time was considered as “month.” 
Its computation and interpretation are simple, allowing it to be 
applied on both censored and uncensored data. Moreover, the 
log-rank test proves robustness against deviations from the pro-
portional hazard’s assumption—an essential element of any sur-
vival analysis methodology. The log-rank test has a rival test 
called the Wilcoxon test, also known as the Breslow test.31 The 
Wilcoxon test is another non-parametric test that is used to 
compare the survival distributions of two or more groups. It is 

based on the difference between the observed and expected 
number of events in each group, and it ranks the survival times 
of all the subjects in the study.32 The Wilcoxon test is less com-
monly used than the log-rank test, but it can be more powerful 
in some situations, especially when the proportional hazards 
assumption is violated. However, the Wilcoxon test is more 
complex to calculate and interpret than the log-rank test.

Results
After sifting through 2246 cases, only 171 were deemed suita-
ble for analyses based on the required criteria. Prior to mode-
ling, preprocessing was carried out on the data since they were 
raw and cannot be used. The interval between the time of sur-
gery and recurrence divided by 30.5 produced the recurrence 
data. On average, the patients’ age was 56.092 + 12.09 years 
with a median of 55 years. Nearly one-third (32.85%) of 
patients were aged below or at 50, while two-thirds (67.14%) 
were above 50. 4.45% of the patients died due to BC or other 
reasons, whereas around fifteen out of every two-hundred sam-
ple size (7.5%) experienced recurrence. Tumor grade, ki67, 
HER2, and disease stage were selected by employing stepAIC 
function (MASS package, Version: 7.3-60) that provided step-
wise selection based on AIC for model derivation. The ste-
pAIC is a widely used approach for selecting features. The 
stepAIC entails adding and/or removing predictive variables 
from the model until it is no longer possible to reduce AIC. 
Out of the eight variables mentioned, only age, PR level, tumor 
grade, and disease stage were identified as the most significant 
risk factors (Figure 2). Figure 3 presents separate Kaplan-
Meier diagrams for each risk factor.

Typical survival time refers to the average time patients 
survive after surgery. In our study, for considered time interval, 
the median survival time is approximately 53.44 months, with 
a confidence interval of 51.41 to 55.48 months at the 95% 
confidence level. This means that half of patients with BC 
won’t show recurrence for more than 53.44 months, while the 
other half may show recurrence within this period. Figure 3a 
displays the Kaplan-Meier plot representing the patients’ sur-
vival rate. Initially, the patients exhibited favorable outcomes, 
which persisted up to duration of 80 months; however, their 
probability of survival gradually declined over time. Survival 
rates remained steady for patients over a span of 150 to 
200 months, until there was an abrupt drop in 200th month. 
According to Figure 3b, BC patients over the age of 69 have a 
greater probability of survival in comparison with those aged 
between 46 and 69. According to Figure 3c, individuals in 
subgroup four have invasive cancer and show an unusual 
decrease in their survival curve with a significant increase in 
the risk of relapse over time. Additionally, those categorized 
under subgroups 1 to 3, experience decreasing survival con-
cerning the groups they belong to with the passage of time. 
According to the data depicted in Figure 3d, individuals with 
tumor grade 1 experienced longer survival rates compared to 
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the other two subgroups. Their risk of recurrence is also lower 
than other groups, indicating a specific decrease in this risk 
over time for tumor grade 1 group. In contrast, BC patients 
who have been diagnosed with grade 3 tumors exhibit less 
likelihood to survive when benchmarked against their coun-
terparts from group 1 and 2. It can be eventually inferred that 
through the passage of time once BC is diagnosed, those 
labeled under grading type one is more likely to cure without 

disease recurrence, while patients in category three may expe-
rience low survivability and increased chances of disease recur-
rence. According to Figure 3e, two curves are initially in close 
proximity and eventually converge. Throughout this research, 
the survival curve exhibits consistent increase in HR positive 
groups compared to HR negative, suggesting significantly  
better survival for the HR positive group. Interestingly, HR  
positive BC patients exhibit lower chances of recurrence 

Figure 1.  The pipeline used in the study.
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compared to those negative ones. Moreover, PR positive cases 
demonstrate greater survival when compared to PR negative 
ones; they also less likely to experience a recurrence as more 
time passes. Therefore, the statistical analyses of these varia-
bles reveal a correlation between survival and BC recurrence 
throughout the cases.

Based on the log-rank test (available in Supplementary 
Table S3), it can be seen that the survival rate of BC patients 

based on age, PR, tumor stage, and tumor grade were statisti-
cally significant (p-value < .05). The investigated variables do 
not support the null hypothesis for the rank logarithm test and 
it can be concluded as a difference between survival curves.

Based on the results presented in Table 1, it can be concluded 
that the best fit for both semi-parametric and parametric models 
is represented by the full model. In specific terms, in parametric 
modeling this corresponds to a value of 2502.354, whereas in 

Figure 2.  Frequency of risk factors.
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semi-parametric modeling its equivalent amount is 2464.213, 
indicating an enhanced overall adequacy level with regard to fit 
quality estimation. Out of all possible alternatives amongst these 
two categories (parametric and semi-parametric), Cox represents 
prevailing method and is recommended as the most effective 
choice based upon existing data analysis evidence from such test-
ing scenarios. Table 2 displays the hazard ratio data, which sug-
gests patients below 46 years of age to have a higher chance of 
experiencing adverse outcomes compared to those above 68. 
Furthermore, PR variable reveals a negative beta coefficient and 
significant association with the risk of recurrence. This implies 

HR positive individuals to less likely experience relapse as 
opposed to their HR negative counterparts. Conversely, some 
variables demonstrate substantial positive correlations signifying 
their tendency toward increasing recurrence rates in subjects. 
Lastly, BC patients classified under stage four, pose greater risks 
of reoccurrence than others at the base level based on our hazard 
ratio metrics. Table 3 summarizes the use of AIC in parametric 
and semi-parametric methods. The distribution with the lowest 
value for AIC is deemed best according to this criterion. As 
denoted by an asterisk, within both rows and columns, the model 
with the lowest value for AIC among non-parametric as well as 

Figure 3.  (a) The estimation of survival probabilities for all BC patients. (b) Probability of survival of BC patients according to age. (c) Probability of 

survival of BC patients according to stage. (d) Probability of survival of BC patients according to tumor grade. (e) Probability of survival of BC patients 

according to progesterone.

Table 1.  The best fitted model based on AIC criterion.

Models Model 
selection

  Parametric Semi-parametric

  Distribution Variable AIC Distribution Variable AIC

Univariate Log-logistic Tumor stage 2524.156 Cox Tumor stage 2484.388 Cox

Two-variable Log-logistic PR+ Tumor stage 2509.95 Cox PR+ Tumor stage 2470.413 Cox

Three-variable Log-logistic Age+PR+ Tumor 
stage

2503.962 Cox Age+PR+ Tumor 
stage

2465.126 Cox

Fore-variable Log-logistic Age+PR+ Tumor 
stage +Tumor 
grade

2502.354* Cox Age+PR+ Tumor 
stage +Tumor 
grade

2464.213* Cox

*Its significance is upon the least AIC value (2502.354) in parametric, and least AIC value (2464.213) in semi-parametric models.
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parametric models has been highlighted. Table 3 presents the 
results of parametric and semi-parametric models. Specifically, it 
indicates that: Parametric models achieve their best fit when 
using the logistic distribution for age variable, progesterone 
receptor, and stage predictors with corresponding values of 
2554.805, 2549.049, and 2524.156 respectively; the normal log 
distribution yields a value of 2548.491 as the optimal fit for tumor 
degree; semi-parametric modeling shows that stage has its 
strongest relationship with a value of 2484.388 being achieved for 
this predictor’s optimal model performance score. The AIC crite-
rion reveals that the logistic distribution stands as the top-per-
forming parametric model for univariate models with a score of 
2524.156, while its semi-parametric counterpart secures first 
place among nonparametric models at 2488.388. Notably, Cox’s 
semi-parametric model ranks highest in both categories based on 

subjective assessment alone. To further demonstration of this 
matter, the analyses of two and three risk factor models are pre-
sented in Supplementary Tables 4S and 5S. Based on the data 
presented in Supplementary Table 4S, it is evident that the logis-
tics distribution within the PR + stage model has performed best 
out of all parametric models with a dedicated value of 2509.95. 
Meanwhile, considering AIC and selected models among semi-
parametric models, Cox’s apparently stands as the top performer 
for optimal fitting. Numerous studies have reviewed BC survival 
analysis literature and found that both parametric and non-para-
metric models are commonly utilized in this field.26,33 Among 
these studies, the AIC has often been used to determine the most 
suitable model.34 Many of the mentioned analyses were con-
ducted using R environment for computational purposes, which 
is also consistent with our study approach.

Table 2.  Hazard ratio estimated in Cox proportional hazard regression model based on age, PR, tumor grade and tumor stage.

Variable β HR 95%CI P-value p-value model

Age (year) =>69 Reference Reference Reference Reference .006

46–69 .70 2.015 1.196–3.397 .008***

<=46 .85 2.33 1.288–4.250 .005***

PR status Negative Reference Reference Reference Reference .0001

Positive −.61 0.54 0.400–0.75 7.93e^-05***

Tumor-grade 1 Reference Reference Reference Reference .0008

2 .29 1.34 0.695–2.605 0.37

3 .81 2.26 1.177–4.361 0.01*

Stage 1 Reference Reference Reference Reference 1.79e^-09

2 .35 1.43 0.922–2.218 0.1

3 1.00 2.71 1.744–4.236 9.96e^-06***

4 2.63 14.00 6.377–30.741 4.79e^-11***

****indicates that the variable was statistically significant (p-value < .05). indicates that the variable was statistically significant (p-value < .001).

Table 3.  Summary of AIC for parametric and semi-parametric methods.

Distribution AIC

Age PR Tumor grade Tumor stage

Parametric Exponential 2620.184 2620.574 2623.615 2595.894

Weibull 2555.229 2550.372 2551.275 2525.387

Logistic 2919.164 2918.221 2922.21 2898.024

Log logistic 2554.805* 2549.049* 2549.816 2524.156*

Gaussian 2883.407 2880.513 2883.164 2863.468

Lognormal 2559.57 2550.54 2548.491* 2526.586

Semi-parametric Cox 2516.058* 2509.13* 2510.174* 2484.388*

*Yellow highlighted indicate the best fit across models.
Bold values indicate the lowest (significant) value.
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Discussion
Through analysis of the results of parametric and semi-para-
metric models in three risk factor models, the logistics distribu-
tion within the age + stage + PR model (presented in 
Supplementary Table 5S) provides a superior fit among all 
parametric models. Meanwhile, for an overall best fit value of 
2465.126, it can be attributed to the Cox semi-parametric 
model. The AIC standard output for the complete model con-
taining four risk factor models is displayed in Supplementary 
Table 6S. Based on the values listed in this table, it can be elic-
ited that the semi-parametric model possessing a value of 
2464.213 corresponds to Cox as being superior compared to 
other models. During our literature review, we encountered a 
problem concerning the limited number of studies with similar 
specific focus (deciphering risk factors over surgery to recur-
rence time interval) in our research, which could be considered 
as a limitation in the current study. Despite comparative analy-
sis being crucial to scientific discourse, there is a deficiency of 
similar works which presents difficulties in directly relating our 
discoveries with existing scholarly sources. However, we believe 
that our study holds significance due to its distinct nature. The 
shortage of comparable literature underscores the fresh attrib-
utes and uncharted terrain within the statistical analysis of BC 
surgery outcomes in Iranian females implicitly and in the world 
explicitly. Despite the disparity present in current data, our 
manuscript renders remarkable conclusions into a distinctive 
demographic group. Also, this study had some other limita-
tions including sample size, data quality, follow-up and disease 
duration, family history, confounding variables, and statistical 
methods. An access to a larger sample size could enhance the 
generalizability of results to a wider population. Moreover, any 
inconsistency or error within collected data might affect the 
accuracy the accuracy of the findings. On the other hands, 
there might be other factors influencing BC recurrence, which 
were not considered and included in the current study. Thus, 
selection of statistical models or assumptions made during our 
analysis could affect the validity of outcomes.

Taking into account of ethnicity and the increasing mortal-
ity rate of BC in Iranians inspired us that it will contribute 
immensely to this realm.

Based on the log-rank test presented in Supplementary 
Table S3, four risk factors including age, PR, tumor stage, and 
tumor grade were found to be statistically significant, among 
which tumor stage had highest chi-sq (76.8 on 3 degrees of 
freedom, p ⩽ 5e-09). Based on our models, tumor stage can 
thus be inferred to be best predictive risk factor amongst other 
for recurrence after surgery. On the contrary, the age factor 
exhibited lowest chi-sq (8.6 on 2 degrees of freedom, p ⩽ .01).

Based on the log-rank test (available in Supplementary 
Table S3), it can be seen that the survival rate of BC patients 
based on age, PR, tumor stage, and tumor grade were statisti-
cally significant (p-value < .05). The investigated variables do 
not support the null hypothesis for the rank logarithm test and 
it can be concluded as a difference between survival curves.

Conclusions
The association between BC recurrence and four variables—
that is, age, PR status, tumor grade, and tumor stage—was 
found to be significant in our research. Binary representation 
of the aforementioned factors resulted in a better fit for nor-
mal log distribution or logistic log distribution when com-
pared to the other three variables. When the variables were 
concurrently and independently modeled, the logistic distri-
bution provided the best fit. Across all models evaluated by 
means of AIC criterion analysis in our study, Cox propor-
tional hazard regression model consistently demonstrated 
superior fitting in light of its AIC criterion. Upon analyses, it 
was revealed that individuals who are under 46 years old face 
a greater likelihood of the disease reoccurrence. In compari-
son with older patients with a lifespan expectancy reaching up 
to 69 years, younger cases have relatively lower survival rates, 
which demonstrate a correlation between disease recurrence 
and survival in youngsters. Our findings revealed that ER+ is 
attributable to reduce the incidence of recurrence; however, 
no tumor-grade aside from grade three proved statistically 
relevant. Our findings underscore the importance of further 
exploration and consideration of the identified risk factors in 
BC research and treatment strategies.
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