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 Background: Cox proportional hazard (CPH) model is the most widely used model for survival 
analysis. When there are unobserved/unmeasured individuals factor, then the results of the Cox 
proportional hazard model may not be reliable. The purpose of this study was to compare the re-
sults of CPH and frailty models in breast cancer (BC) patients.  

Methods:  A historical cohort study was carried out using medical records gathered from the Fars 
Province Cancer Registry. The dataset consisted of 769 women having BC referred to Shiraz 
Namazi Hospital, south of Iran. These patients had been followed for 6 years. After selecting the 
most important prognostic risk factors on survival, CPH and gamma-frailty Cox models were used 
to estimate the effects of the risk factors. 

Results:  The results of CPH model showed that, tumor characteristics and number of involved 
lymph nodes increase the mortality hazard of BC (P < 0.05). In addition, the frailty model showed 
that there is at least a latent factor in the model (P = 0.005). 

Conclusion:  Both of the frailty and CPH model emphasis that the early detection of BC improves 
survival in BC patients. 
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Introduction

reast cancer (BC) is the most common hormone-

dependent cancer in women. This cancer is the most 

frequent cancer among Iranian women comprising 

23.6% of all recorded cases of cancer
1-2

. In case of 

diagnosis of BC in early stages; the chance of recovery in-

creases
1
. Survival analysis techniques were used for analyzing 

time to event analysis
1, 3-5

. Cox proportional hazard (CPH) 

model is the most widely used models for survival analysis 

with the strong assumption, proportional hazard (PH) assump-

tion, which is reasonable in short follow-up studies
6
. 

When there is at least one unaccounted predictors in the 

model, a random component designed to account for variability 

due to unobserved individual-level factors called frailty
7
. The 

model is such that, events (e.g. death) happen sooner for those 

who, are more frailty
8-10

. Hereditary, genetic characteristics, 

growth and living environment are factors that caused differ-

ence between the patients. Regardless of the factors if wide-

spread models such as CPH regression are used then the esti-

mates are biased and the variances of the parameters are under-

estimated 
11

.  

Several studies have been done for analysis of survival 

and/or hazard in BC patients in which CPH model is the most 

widely used model 
12

. Li et al. used gamma frailty model for 

analysis of survival in BC patients
13

. Wienke et al. used a cor-

related log normal frailty in order to analysis BC data from the 

Swedish Twin Registry 
14

. Perperoglou and Keramopoullos 

fitted CPH model with time-dependent covariates in BC pa-

tients 
6
. Rezaianzadeh and colleagues used CPH model in BC 

patients in the south of Iran. In their study, they examined fac-

tors affecting survival of patients using CPH model 
15

. Bellera 

et al. examined the effects of time-dependent variables on sur-

vival in BC patients 
16

.  

Due to probably unmeasured factors affecting on survival 

time of BC patients in the south of Iran, the goal of present 

study was to compare the factors affect on BC survival using 

CPH and frailty model.  

Methods 

In this historical cohort study, we obtained the information 

of 769 women diagnosed BC who met the following criteria. 

B 
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(i) no metastasis at the time of diagnosis, (ii) no previous BC, 

(iii) patients who underwent surgery including axillary dissec-

tion as the first treatment followed by chemotherapy and then 

radiotherapy. These data were gathered from patients’ medical 

records referred to Shiraz University Cancer Registry Centre 

during 2000-2005, South of Iran. There were 11 recorded fac-

tor containing baseline characteristics and pathological factors. 

The time (days) elapsed since the cancer diagnosis until death 

was measured as outcome variable. Some variables containing 

tumor size, tumor grade, number of involved lymph nodes and 

age at diagnosis were enforced to include in the models. 

Statistical analysis 

The CPH model is a semi-parametric model with PH as-

sumption 
7
. The PH assumption was assessed using Schoenfeld 

residuals. Nevertheless it is possible, considering the effects of 

some predictors are depending on time. Such predictors are 

called time-dependent variables. If time-dependent variables 

are considered, a modified version of CPH model, extended 

CPH, that no longer satisfies the PH assumption may still be 

used 
7
.  

If we entered all variables in the model, since missed values 

was relatively large in the gathered data, there were only 50 

patients experiencing death in the data. So, in the present study, 

selected variables based on importance in other studies were 

tumor size, grade, number of involved lymph nodes and age at 

diagnosis
1, 15

 

In the first step, we have fitted an extended CPH model to 

the data. When the number of involved lymph nodes was enter 

in the model as a categorical variable (0, 1-5, 6-10 and more 

than 10 lymph nodes) a weak sign of time-dependent effect 

was appeared (p=0.048). Whereas, when the mentioned varia-

ble was considered as a quantitative ones in the extended CPH 

model, its effect was not longer significant (P=0.06). So, in the 

CPH model the variable was considered as a qualitative. Since, 

the status of involved lymph nodes is an important prognosis 

factor in hazard of death or metastasis regardless of its effect, 

this variable also was entered in the model.  

Besides, since some important factors such as hormonal sta-

tus neither was recorded in the data, it was possible to have a 

great heterogeneity between patients. As in CPH model the 

unobserved variables is not considered into account, so a frailty 

model can be utilized. The frailty factor is an unobserved mul-

tiplicative effect on the hazard function that is assumed to have 

a g(α) distribution with unit mean and unknown variance of θ. 

In this study we considered gamma distribution for frailty 

component in Cox model 
13

. Finally, we compared the results 

of CPH and frailty models using concordance index
17

. Con-

cordance is defined as proportion of pairs observation having 

shorter survival times also have the larger risk score
17

.  

Level of Significance for statistical tests was 0.05. The R 

software version 2.15.2 was used for statistical analysis 
18

. 

Results 

Of  patients included in the analysis, 617 (80.2%) patients 

were alive at the end of the study and 152 (19.8%) patients 

died. In this study, the mean (sd) and median of follow up time 

were 33.1 (16.1) and 31.5 months, respectively. The overall 

mean (sd) of survival time was 62.6 (1.3) months. The mean 

(sd) of patients’ age at diagnosis was 46.6 (10.9) ranging from 

19 to 80 years. Mostly, the patients were 35-59 years old, mar-

ried with less than 3 children (Table 1). 

Table 1: Patients’ Characteristics at diagnosis by the patient status at the end of 

follow-up 

Demographical 

characteristics 

Alive Dead Total 
Number Percent Number Percent Number Percent 

Education       

Illiterate 116 84.7 21 15.3 137 100.0 
Primary 125 86.2 20 13.8 145 100.0 

High 81 86.2 13 13.8 94 100.0 

University 49 80.3 12 19.7 61 100.0 
Total 371 84.9 66 15.1 437 100.0 

Smoking       

Non-Smoker 493 81.4 113 18.6 606 100.0 
Smoker 122 75.8 39 24.2 161 100.0 

Total 615 80.2 152 19.8 767 100.0 

Menopause Status       

Menopause 265 81.0 62 19.0 327 100.0 

Premenopause 352 79.6 90 20.4 442 100.0 

Total 617 80.2 152 19.8 769 100.0 

Age Group       

<=35 90 78.3 25 21.7 115 100.0 

>35 & <50 283 79.5 73 20.5 356 100.0 
>=50 244 81.9 54 18.1 298 100.0 

Total 617 80.2 152 19.8 769 100.0 

Marital Status       
Single 52 76.5 16 23.5 68 100.0 

Married 507 81.0 119 19.0 626 100.0 

Divorced &  
Widowed 

57 77.0 17 23.0 74 100.0 

Total 616 80.2 152 19.8 769 100.0 

Menarche Age       
<=13 Yrs 317 83.4 63 16.6 380 100.0 

>13yrs 203 79.3 53 20.7 256 100.0 

Total 520 81.8 126 18.2 636 100.0 

Children       

<=3 Child 314 82.2 68 17.8 382 100.0 

4-8 Child 279 79.7 71 20.3 350 100.0 
>8 Child 21 65.6 11 34.4 32 100.0 

Total 614 80.4 150 19.6 764 100.0 

 

Table 2 shows some pathological factors by the patient sta-

tus at the end of follow-up. The results of this Table indicated 

that majority of women have tumor ranging 2-5 cm and no or 

less than 5 involved lymph nodes. 

Table 2: Pathological characteristics of the breast cancer women 

Tumor  

characteristics 

Alive Dead Total 
Number Percent Number Percent Number Percent 

Side       

Left 286 80.1 71 19.9 357 100.0 

Right 331 80.3 81 19.7 412 100.0 

Total 617 80.2 152 19.8 769 100.0 

Tumor grade       
Poorly-

differentiated 

70 60.9 45 39.1 115 100.0 

Moderately-
differentiated 

373 80.9 88 19.1 461 100.0 

Well-

differentiated 

174 90.2 19 9.8 193 100.0 

Total 617 80.2 152 19.8 769 100.0 

Involved lymph 

node 
      

Negative Lymph 

node 

257 95.2 13 4.8 270 100.0 

1-5 Lymph node 230 83.9 44 16.1 274 100.0 
6-10 Lymph node 68 69.4 30 30.6 98 100.0 

More than 10 

Lymph node 
62 48.8 65 51.2 127 100.0 

Total 617 80.2 152 19.8 769 100.0 

Tumor size       

≤2 cm 204 89.5 24 10.5 228 100.0 
2-5 cm 302 80.5 73 19.5 375 100.0 

≥5 cm 111 66.9 55 33.1 166 100.0 

Total 617 80.2 152 19.8 769 100.0 
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The test based on Schoenfeld residuals showed that all of 

variables met the PH assumption (Global P=0.060). We pro-

vide the results of CPH and frailty model in Table 3 and 4, 

respectively. As it can be seen, tumor size, tumor grade, status 

of involvement of lymph nodes and number of involved lymph 

nodes are significantly related to the hazard rate in both mod-

els. The result of gamma-frailty Cox model indicates that the 

hazard of death due to BC in women with a tumor bigger than 

5 cm is about 2.3 times compared to the women with a tumor 

less than 2 cm in diameter (P=0.015). In addition it can be seen 

that increase in the number of involved lymph nodes in lymph 

node positive patients increases in the death hazard (P=0.002). 

Table 3: Adjusted hazard rate (HR) estimation for prognostic risk factors on survival using Cox proportional hazard model (Concordance= 0.792, SE = 0.026) 

Factors Coefficient SE HR 95%CI P value 

Tumor size      

2-5cm 0.326 0.239 1.386 0.868, 2.212 0.172 

≥5 cm   0.620 0.252 1.860 1.135, 3.047 0.014 

Involved lymph nodes      

Number 0.051 0.008 1.053 1.037, 1.069 <0.001 

Positive lymph nodes      
Number 1.348 0.304 3.849 2.123, 6.980 <0.001 

Tumor grade       

Moderately differentiated 0.348 0.259 1.417 0.853, 2.353 0.179 
Poorly differentiated 0.991 0.283 2.695 1.549, 4.691 <0.001 

Age group      

35-50 yrs -0.307 0.236 0.735 0.463, 1.167 0.192 
≥50 yrs -0.221 0.245 0.802 0.496, 1.296 0.367 

 

Table 4: Adjusted hazard rate estimation for prognostic risk factors on 

survival using gamma-frailty Cox model (Concordance = 0.936, SE = 0.026) 

Factors Coefficient SE HR 95% CI P value 

Tumor size      

2-5 0.377 0.319 1.458 0.781, 2.72 0.240 

≥5  0.842 0.347 2.321 1.177, 4.58 0.015 

Involved lymph nodes      

Number  0.136 0.018 1.145 1.105, 1.19 <0.001 

Involved lymph nodes      
Number 1.189 0.377 3.283 1.568, 6.88 0.002 

Tumor grade      

Moderately differentiated 0.553 0.329 1.738 0.913, 3.31 0.093 
Poorly differentiated 1.310 0.385 3.706 1.742, 7.89 0.001 

Age      

35-50  -0.126 0.340 0.882 0.453, 1.72 0.710 
≥50  -0.086 0.352 0.917 0.460, 1.83 0.811 

Variable      

Frailty 1.920 - - - 0.005 

 

A negative coefficient for age categories indicated that 

younger women (age at diagnosis <=35) had worse prognoses, 

compared to 35-50 years (HR=1.36; P=0.192) as well as older 

than 50 years one (HR=1.25; P=0.367). However, these find-

ings were not significant statistically. 

Table 4 shows that the variance of frailty is significantly 

greater than zero (θ=1.92; P=0.005). It shows that there are 

latent factors that affect on hazard of death. The concordance 

index in the frailty model is 0.936 which is bigger than 0.792 in 

the CPH model (P < 0.001). 

Discussion 

In the present study, we well fitted the CPH and gamma-

frailty Cox models to estimate the adjusted hazard of BC pa-

tients who underwent surgery. Our results showed that tumor 

characteristics have direct effect on hazard of death. These 

findings are consistent with Faradmal et.al
1
 findings. Schmitt et 

al. studied time-dependent effects of biological factors in BC 

patients 
19

. This study performed on 314 BC patients during 58 

months of follow-up. The significant variables in the CPH 

model include vessel invasion, tumor grade, tumor necrosis, 

tumor size, lymph node involvement status and the status of 

hormones. Time-dependent variables, number of involved 

lymph nodes and estrogen receptors with time function g(t) = t, 

were considered in the extended Cox model 
19

. In the present 

study, we enforced some variables as important factors in haz-

ard of death in BC patients. Categorized number of lymph 

nodes was a time-dependent factor
19

. However when we enter 

it into the CPH model in its original scale, it was not longer a 

time-dependent variable. 

Perperoglou et al. fitted several models in long-term surviv-

al in BC patients 
6
. The main variables were age at diagnosis, 

tumor size, number of involved lymph nodes, tumor grade, the 

status of chemotherapy treatment, the status of receiving radio-

therapy and surgery. Then CPH, extended Cox, frailty and cure 

model were fitted. Time-dependent variable was, status of re-

ceiving radiotherapy and time function was considered as 

g(t)=log(t). Using Brier score and coefficient of determination, 

a comparison between these models was made. They conclud-

ed that the extended Cox and then the frailty model showed 

proper fit. In the current study, gamma-frailty Cox model was 

fitted to the hazard of BC patients. The difference between our 

study and Perperoglou et al. is due to the employment of long-

term follow up in their study.  

In the study by Rezaianzadeh and et al., only CPH model 

was fitted. Three main factors included in the model were 

number of involved lymph nodes, tumor grade and tumor 

size
15

. Whereas, in our study were fitted CPH and frailty mod-

els to the data.  

Bellera et al. fitted CPH and extended Cox models. In their 

article, age, tumor size, tumor grade, the number of involved 

lymph nodes, peritumoral vascular invasion, status of hormone 

receptors, Her2, and Mib1 considered as important variables. 

In that study, grade of tumor was considered as time-dependent 

variable with time function g(t)=t 
16

. In the present study, the 

time-dependent variable is number of involved lymph node 

when it categorized in some groups. 

Although, this study was carefully prepared, but there are 

some limitations. First, hormonal factors as important factors 

on hazard have not recorded in the questionnaire. Second, the 

follow-up time was short. Finally, there are too many missing 

observations in some of the recorded factors. 

Conclusion 

Due to the results of the frailty model, it can be conclude 

that using more sophistic statistical model that consider the role 
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of latent variables such as environmental and genetic factors, 

may increase the efficacy of the further analysis. Also it can be 

seen that detection of BC in early stages can reduce the hazard 

of death which highlights the screening role. 
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