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ABSTRACT – Objective: Although the incidence of stomach cancer is decreasing in the world, its incidence 
is still high in Iran. Despite different treatments for cancer, disease recurrence, and death may occur in some pa-
tients. Various factors affect survival and recurrence after treatment. This study aims to identify factors affecting 
overall survival (OS) and disease-free survival (DFS) in patients with gastric cancer (GC) using a random survival 
forest (RSF). 

Patients and Methods: In this retrospective study, 553 patients with GC, diagnosed between 2010 and 2018 in 
Kurdistan province in the west of Iran, were assessed. Important factors of OS and DFS were identified using the 
COX model and RSF. Analysis of data was implemented by R free software version 3.5.3.

Results: The mean (Standard Deviation(SD)) age of patients was 66.99 (13.3) years. The median of OS and DFS 
was 18 and 37.5 months, respectively. Using RSF, the important affected factors on OS were tumor grade, stage, 
age, recurrence, surgery, and metastasis, respectively. Also according to the RSF model, stage, tumor grade, ra-
diotherapy, tumor site, surgery, and age were the important risk factors for DFS. Based on the prediction error 
criterion, the random survival forest performed well in predicting disease-free survival. meanwhile, both RSF and 
Cox models had the same performance in predicting overall survival. 

Conclusions: Due to the relationship between tumor grade, disease stage and age, the random survival forest 
identified these variables as important variables in predicting both outcomes, although the Cox model was not 
able to detect these factors, which indicates better performance of RSF.
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INTRODUCTION

Gastric cancer (GC) is the third cause of cancer-related death worldwide, which is also higher among 
Asians1,2. Gastric carcinoma is a fatal disease with low overall survival in the world, and new cases of this 
disease mostly occur in Asian and South American countries1-4. The overall survival of patients is low as 
the disease is diagnosed in advanced stages, which is associated with metastasis2,3. However, diagnosis 
in the early stages of the disease significantly improves the survival of these patients4-6.

GC was the fifth cause of cancer and the fourth cause of death in the world in 2020 and one of the 
most prevalent and deadly cancers on the globe5,7. The incidence of GC is high in Asia. A 5-year survival 
rate of 55-66% is reported for this disease, and the main cause of death after curative surgery of GC is 
recurrence because most patients experience this outcome. Although the recurrence rate is very low 
in the early stages of cancer after curative resection (CR), advanced GC cases show a high rate of recur-
rence after CR8,9.

Recurrence is one of the key factors affecting the survival of GC patients, and post-CR recurrence of 
GC usually has destructive effects on survival. Therefore, recurrence patterns should be identified after 
the CR of GC by determining recurrence timing to provide information about the postoperative fol-
low-up to find recurrence in time10,11. The identification of factors affecting recurrence and death allows 
the classification of patients based on risk prognosis to better manage treatment protocols, which will 
improve survival and reduce recurrence rates12.

In many studies on survival, risk factors are identified using the Cox proportional hazards (CPH) mod-
el based on the time until the occurrence of the event13. The CPH model is the widely used semi-para-
metric model for modeling factors affecting survival and recurrence. Nonetheless, the presence of lim-
ited assumptions, such as the proportionality of hazards, the linear relationships between variables with 
the hazard, and the limitation of the number of variables in the model, makes this model inefficient in 
some applications of survival analysis14. In the presence of the mentioned limitations, the non-para-
metric RSF method is a powerful technique for risk prediction in right-censored data, which can be a 
suitable alternative to the semi-parametric CPH model. The main feature of this method is its proper 
performance in measuring the importance of each variable in predicting the time to the event. The RSF 
is a non-parametric method that considers no specific assumptions and is more efficient than the clas-
sical methods of survival analysis, particularly when there are many predictor variables with collinearity 
or the covariates have nonlinear and complex interactions15,16.

Since the identification of patients’ OS and DFS patterns and the affecting factors can help doctors 
to determine the appropriate treatment to improve survival, this study aims to identify the important 
variables affecting OS and DFS in GC patients applying the RSF model.

PATIENTS AND METHODS

Patients

This retrospective cohort study was conducted on 553 GC patients referring to Tohid Hospital in Kurd-
istan province, during 2012-2018. The collected data, including demographic, clinical, and pathological 
variables, specifically age at the diagnosis, gender, tumor grade, tumor site, disease stage, surgery, che-
motherapy, radiotherapy, local recurrence, distant metastasis, the number of chemotherapy courses, 
history of smoking, and family history of cancer, were extracted from patients’ records. The patients’ 
survival status was monitored through periodic visits and telephone calls. The overall survival was de-
fined from diagnosis to death or censoring in months. DFS of patients with surgery was calculated from 
the time of surgery to the occurrence of local recurrence or metastasis.

Methods

The CPH model and the RSF model (a non-parametric method) were applied in this study. Three spiliting 
rules of log-rank, log-rank score, and random were used in this research17,18.
The models were compared by the Integrated Brier Score (IBS) index in which values ​​close to zero in-
dicate better performance of the model. The efficiency and comparison of the models were examined 
using the prediction error index, which ranges between 0 and 1, with a value of zero meaning accurate 
prediction or better efficiency19,20.
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Statistical Analysis

Analyses were performed using “random-ForestSRC” and “Survival”, a freely available package from 
the Comprehensive R software (CRAN) in version 3.5.3. A p-value < 0.05 was defined as statistically 
significant.

RESULTS

In this study, 412 (74.5%) out of 553 patients were males, with a mean (SD) age at the diagnosis of 64.1 
(13.2) years in the range of 19-94 years. Entirely, 375 (67.8%) patients were dead by the end of the study. 
Table 1 represents the demographic and clinical characteristics of the patients. The mean and median 
follow-up period of the patients were 28.6 and 18 months, respectively. 

Table 1. Demographic and clinical characteristics of gastric cancer patients.

Variable	 Subgroup	 N (%)	 Median OS	 p-value
	 	 		    
Sex	 Female	 141 (25.5)	 23	

0.06
	 Male	 412 (74.5)	 18	
Age (year)	 ≤ 55	 120 (21.7)	 40	
	 56-70	 233 (42.1)	 20	 <0.001
	 > 70	 200 (36.2)	 13	
Number of	 1-5	 211(42.4)	 16	
  chemo cycle	 6-10	 229(46)	 18	 0.015
	 >11	 58(11.6)	 32	
Tumor grade	 Well	 70(12.7)	 49	
	 Moderate	 90(16.3)	 16	

<0.001
	 Poor	 108(19.5)	 10	
	 Unknown	 51.5	 20	
Stage	 II	 55(9.9)	 61	
	 III	 97(17.5)	 17	

<0.001
	 IV	 188(34)	 12	
	 Missing	 213(38.5)	 22	
Surgery	 No	 360 (65.1)	 16	

<0.001
	 Yes	 193 (34.9)	 27	
Radiotherapy	 No	 367(66.4)	 17

	 0.03
	 Yes	 186(33.6)	 25	
Chemotherapy	 No	 55(9.9)	 18	

0.76
	 Yes	 498(90.1)	 19	
Site of Tumor	 Antrum	 120(21.7)	 24	
	 Body	 57(10.3)	 17	
	 Cardia	 277(50.1)	 17	 0.39
	 Fundus	 53(9.6)	 20	
	 Unknown	 46(8.3)	 24	
Distance metastasis	 No	 367(68)	 60	

< 0.001
	 Yes	 177(32)	 9	
Local recurrence	 No	 471(85.2)	 -	

0.004
	 Yes	 82(14.8)	 18	
Smoking	 No	 286(51.7)	 35	

0.85
	 yes	 267(48.3)	 34	
Family history	 Yes	 67(12.1)	 30	

0.34  of cancer	 No	 486(87.9)	 35	
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The mean and median survival periods of all patients were 45.6 and 43 months, respectively, and the 
median survival periods in men and women were 43 and 41 months, respectively. OS rates at 1, 3, and 
5 years were 86%, 62%, and 31%, respectively. The important factors affecting OS were identified by the 
RSF method with all three splitting rules (Table 2). The OS of gastric cancer patients is shown in Figure 1. 

Table 2. Evaluation indicators of the Cox and RSF models.

	                                                              OS	

Model 	 Error rate	 IBS [0,time=71]	

Cox	 27.2	 0.109
RSF (log.rank.score)	 27.1	 0.110
RSF (random)	 29.3	 0.115
RSF (log.rank)	 27.8	 0.113

Figure 1. OS of gastric cancer patients.

Table 2 displays the evaluation indices of the goodness of fit of the model. Based on the IBS index and 
the prediction error rate, the log-rank score splitting method was chosen as the appropriate model. Fig-
ure 2 depicts the goodness of fit results of the RSF model with the log-rank score splitting rule to identify 
the key OS-affecting variables. As shown in Figure 2, tumor grade, disease stage, age at the diagnosis, 
local recurrence, surgery, and distant metastasis are the important OS-affecting variables. The 5-year 
survival for the important variables identified using the RSF model is depicted in Figure 3. The 5-year 
survival probabilities are adjusted for the other variables. The results show that the predicted 5-year 
survival decreases with increasing age, and the probability of 5-year survival decreases with increasing 
the disease grade and stage. Also Figure 3 illustrates the estimated 5-year survival probabilities for the 
levels of the other important variables identified based on the RSF method.

Figure 4 compares the estimated prediction error for CPH and RSF models with different splitting 
rules. The lowest prediction error was obtained for the RSF model with the log-rank score-splitting rule. 
The effect of factors on patients’ OS was determined using the multivariate Cox model. The results (Ta-
ble 3) of this model revealed that the age at the diagnosis, local recurrence, disease stage, and surgery 
influenced the survival of patients. 
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Figure 2. Out-of-Bag variable importance and Error rate of RSF for Log-Rank score Splitting Rule.

Figure 3. Partial 5-year predicted survival for six most influential variables on survival in gastric cancer 
data. Values on the vertical axis represent the predicted survival probability for a given predictor, after 
adjusting for all other predictors. 
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Figure 4. Prediction Error Curves 
for Cox model (Red), RSF with ran-
dom splitting rule (black), RSF with 
log-rank score splitting rule (Green), 
and RSF with log-rank splitting rule 
(blue).

Table 3. Multivariable Cox Regression model of Prognostic Factors on OS.

Variable 	 level	 HR	                   95% CI for HR	

			   lower 	 upper	

Age_At_Diagnosis		  1.03	 1.02	 1.04
Tumor Grade 	 Well	 1
	 Moderate	 1.73	 0.88	 3.39		
	 Poor	 2.28	 0.72	 4.24
Family_History_of_Cancer	 No
	 Yes	 1.14	 0.81	 1.61
Smoking	 No	 1
	 Yes	 0.90	 0.72	 1.13
Local_Recurrence	 No	 1		
	 Yes	 1.84	 1.33	 2.55
Distance_Metastasis	 No			 
	 Yes	 1.41	 0.97	 2.05
Number_of_Chemotherapy_Course	 1-5	 1		
	 6-10	 0.85	 0.59	 1.22
	 >11	 0.59	 0.37	 1.12
Tumor Site	 Antrum	 1		
	 Body	 1.17	 0.79	 1.74
	 Cardia	 0.97	 0.73	 1.28
	 Fundus	 0.95	 0.63	 1.44
Previous_History_of_Cancer	 No	 1		
	 Yes	 0.78	 0.46	 1.32
Sex	 Male	 1		
	 Female	 0.9	 0.7	 1.2
Stage	 II			 
	 III	 2.21	 1.14	 4.69
	 IV	 3.86	 1.83	 8.14
Surgery_Treatment	 Yes			 
	 No	 1.52	 1.04	 2.22
Chemotherapy_Treatment	 Yes	 1		
	 No	 0.59	 0.37	 1.04
Radiotherapy_Treatment	 Yes	 1		
	 No	 0.87	 0.60	 1.28
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Disease-free survival (DFS)

In this study, metastasis was observed in 88 (45.6%) out of 193 patients who underwent surgery (distant 
metastasis in 38 patients, local recurrence in 34 patients, and both local and distant recurrence in 16 
patients). The most common site of metastasis was liver in 59.1% of metastatic cancer patients. Other 
sites of metastasis in patients and over survival of them are presented in Table 4. The mean (SD) age 
of the operated patients was 61.5 (14.1) years. Table 5 shows the characteristics of operated patients. 

Table 4. Metastatic sites of patients with gastric cancer.

Sites of Metastases	 Frequency	 Percent	 OS (month)
	 	 		    
Liver	 52	 59.1	 15
Lung	 9	 10.2	 17
Bone	 4	 4.5	 23
Intestine	 5	 5.7	 24
Bladder	 1	 1.1	 -
Liver and Intestine	 5	 5.7	 14
Liver and Lung	 4	 4.6	 15
Liver, Lung and Intestine	 2	 2.3	 -
Bladder and Intestine	 5	 5.7	 13
Lung and Intestine	 1	 1.1	 -
Total	 88	 100	 22

Figure 5 shows the probability of DFS in operated GC patients. The mean and median DFS values were 31 
and 37.5 months, respectively, and the median DFS values in men and women were 30 and 48 months, 
respectively. DFS rates at 1, 3, and 5 years were 74.5%, 45.5%, and 13.5%, respectively. The important 
risk factors for DFS were determined using the RSF method. Table 6 shows the goodness of fit indices 
of the model. According to the IBS index and the prediction error rate, the RSF model with the log-rank 
splitting method was selected as the appropriate model. Figure 6 illustrates the error rate and variable 
importance of the RSF model with the log-rank splitting rule to identify the important variables in the 
prediction of the DFS. As shown in Figure 6, disease stage, tumor grade, radiotherapy, tumor site, sur-
gery, and age at the diagnosis are the major DFS-affecting variables. Figure 7 displays the prediction 
error values for CPH and RSF models with different splitting rules. The 5-year survival rates for the 
important variables identified using the RSF model are presented in Figure 8. The adjusted 5-year DFS 
probabilities in the presence of other variables reveal that the predicted 5-year survival rates decrease 
with increasing age. Also, the increased grade and stage of the disease reduce the 5-year DFS probabil-
ities. The 5-year DFS probabilities for the levels of the other identified important variables are shown 
in Figure 8. Table 7 presents the results obtained for the effects of factors on DFS determined using the 
CPH model. The results of the CPH model revealed that the DFS was significantly affected by the age at 
the diagnosis, chemotherapy, tumor stage, and tumor site. The risk of disease recurrence increases with 
increasing the age of the diagnosis and the disease stage. The risk of recurrence decreased in patients 
who received chemotherapy, also patients with a tumor site in the upper part of the stomach showed an 
increased risk of recurrence. The proportional hazard (PH) assumption for OS wasn’t satisfied (p<0.001) 
while the PH assumption for DFS was held.

DISCUSSION

In this study, the important factors affecting OS and DFS in GC patients were determined using the RSF 
and COX models. The results indicated that the RSF model performed better than the CPH model in 
determining the important variables, and the RSF model is advantageous as it does not require limited 
assumptions. The major OS predictors in the RSF method were determined according to tumor grade, 
disease stage, age at the diagnosis, local recurrence, surgery, and distant metastasis. Disease stage, tu-
mor grade, radiotherapy, tumor site, surgery, and age at the diagnosis were the main predictors of DFS. 
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Table 5. Demographic and clinical characteristics of gastric cancer patients.

Variable	 Subgroup	 N (%)	 Median DFS	 p-value
	 	 		    
Sex	 Female	 47 (24.4)	 30	

0.46
	 Male	 146 (75.6)	 48	
Age	 ≤ 55	 56 (29)	 31	
	 56-70	 74 (39.4)	 48	 0.06
	 > 70	 61 (31.6)	 29	
Number of	 1-5	 75 (46)	 23	
  chemo course	 6-10	 64 (39.3)	 36	 0.26
	 >11	 24 (14.7)	 25	
Tumor grade	 Well	 36 (18.7)	 48
	 Moderate	 33 (17.1)	 36	

0.001
	

	 Poor	 28 (14.5)	 10	
	 Unknown	 96 (49.7)	 36	
Stage	 II	 26 (13.5)	 51
	 III	 33 (17.1)	 47	

<0.001
	

	 IV	 61 (31.6)	 16	
	 Unknown	 73 (37.8)	 48	
Radiotherapy	 No	 32 (16.6)	 --	

0.08
	 Yes	 161 (83.4)	 31	
Chemotherapy	 No	 30 (15.5)	 --	

0.02
	 Yes	 163 (84.5)	 30	
Site of Tumor	 Antrum	 51 (26.4)	 47
	 Body	 11 (5.7)	 17	
	 Cardia	 100 (51.8)	 29	 0.27	
	 Fundus	 14 (7.3)	 27	
	 Unknown	 17 (8.8)	 40	
Distance metastasis 	 No	 155 (80.3)	 51	

< 0.001  alone	 Yes	 38 (19.7)	 12	
Local recurrence	 No	 159 (82.4)	 56	

< 0.001  alone	 Yes	 34 (17.6)	 19	
Smoking	 No	 109 (56.5)	 36

	 0.15
	 Yes	 84 (43.5)	 31	
Family history	 Yes	 26 (13.5)	 27

	 0.34  of cancer	 No	 167 (86.5)	 36	

Figure 5. DFS of gastric 
cancer patients undergo-
ing surgery
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Table 6. Goodness of fit indices of the models.

Model	 Error rate	 IBS[0,time=63]
	 	 		    
Cox	 22.7	 0.242
RSF(log.rank.score)	 21.9	 0.219
RSF(random)	 22.6	 0.242
RSF(log.rank)	 21.8	 0.212

Figure 6. Out-of-Bag variable importance and Error rate of RSF for Log-Rank Splitting Rule.

Figure 7. Prediction Error 
Curves for Cox model (Red), 
RSF with log-rank splitting 
rule (Black), RSF with ran-
dom splitting rule (Green), 
and RSF with log-rank score 
splitting rule (Blue).
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Also in the present study, the result of the CPH model showed that OS was influenced by the variables 
of age at the diagnosis, local recurrence, disease stage, and surgery. Furthermore, age at the diagnosis, 
tumor site, chemotherapy, and disease stage were among the main predictors of DFS.

In a study on GC patients by Toyokawa et al21, age at the diagnosis and chemotherapy were factors 
affecting OS and DFS in patients who were in stage I of the disease, and tumor size and chemotherapy 
were factors affecting OS and DFS in the patients at stage II of the disease21.

Yaprak et al22 reported median OS and DFS times of 51 and 35 months, respectively, in GC patients 
without metastasis who were in stages 1-3 of the disease. In their study, tumor grade and the disease 
stage significantly affected survival rates, and survival probabilities of 85%, 55%, and 45% were respec-
tively obtained for one, three, and five years, and the DFS probabilities for one, three, and five years 
were 72%, 49%, and 38%, respectively22.

In a study on GC patients with metastases, Safari et al23 identified the type of surgery, metastasis site, 
chemotherapy, age, tumor grade, and surgery, the number of involved lymphomas, gender, and radio-
therapy as the major OS-affecting variables. Adham et al24 introduced age, tumor size, and metastasis as 
the key OS-affecting variables based on the RSF model. 

In a study on GC patients after CR, Zhu et al25 estimated survival rates of 92.5%, 65.3%, and 46.8% for 
one, three, and five years, respectively. In their study, OS was influenced by the variables of age, disease 
stage, and tumor site, and DFS was significantly affected by the disease stage25. Itaimi et al26 estimated a 
three-year OS rate of 58% in GC patients. In their study, OS was significantly affected by local recurrence 

Figure 8. Partial 5-year predicted survival for six most influential variables on survival in colorectal can-
cer data. Values on the vertical axis represent the predicted survival probability for a given predictor, 
after adjusting for all other predictors. 
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and tumor stage, and the number of involved lymph nodes was one of the factors affecting DFS. Han et 
al27 conducted a study on men with GC in stages 3-4 of the disease and observed that smoking was the 
only factor affecting OS and DFS. In most of the reviewed studies, age at the diagnosis, tumor grade, and 
stage, surgery, and chemotherapy were among the variables affecting OS, while DFS was influenced by 
age, disease stage, and tumor site22-27. The difference between the previous studies in determining the 
influential variables can be attributed to various characteristics of examined patients and variables in 
such studies. In particular, the effect of some genes alongside demographic and clinical characteristics 
was investigated in some studies. In most studies based on the CPH model, the non-significance of this 
variable can be the reason for the collinearity and correlation between the variables. As such, variables 
(e.g., the age of diagnosis), which are associated with the variables of disease stage and tumor size, may 
not be recognized as significant variables. This seems reasonable in the CPH model, but all three vari-
ables are identified as important in the RSF model regardless of the correlation between the variables.

In the present study, the RSF model performed better than the CPH model for identifying the variables 
affecting DFS. However, the performance of CPH and RSF models was almost the same in evaluating the 
variables affecting OS, although this has not been confirmed in some studies on survival23-25. In this study, 
the RSF model with the log-rank score division rule had the best performance in determining the key 
variables affecting OS, and the coordination indices of this model and the CPH model were respectively 
obtained at 73.1% and 72.9% in this study. With a coordination index of 70.3%, this model was also select-
ed as an appropriate model by Adham et al24. Ingrisch et al28 obtained coordination indices of 65.7% and 

Table 7. Multivariable Cox Regression of Prognostic Factors on DFS.

Variable 	 level	 HR	                   95% CI for HR	

			   lower 	 upper	

Age_At_Diagnosis		  1.03	 1.02	 1.04
Grade 	 Well	 1
	 Moderate	 0.77	 0.32	 1.86		
	 Poor	 1.02	 0.51	 2.07
Family_History_of_Cancer	 No	 1
	 Yes	 0.86	 0.57	 1.31
Smoking	 No	
	 Yes	 0.75	 0.55	 1.01
Number of Chemo Course	 1-5	 1
	 6-10	 1.55	 0.90	 2.66
	 >11	 1.07	 0.63	 1.80
Tumor_Site 	 Antrum	 1
	 Body	 2.25	 1.28	 3.93
	 Cardia	 1.25	 0.84	 1.87
	 fundus	 0.76	 0.38	 1.51
Previous_History_of_Cancer	 Yes	 1
	 No	 1.55	 0.76	 3.18	
Sex female	 Male	 1			 
	 Female	 0.77	 0.53	 1.12	
Stage	 II	 1			 
	 III	 1.65	 0.63	 4.30
	 IV	 6.86	 3.13	 15.05
Surgery_Treatment	 Yes	 1		
	 No	 0.64	 0.34	 1.22
Chemotherapy_Treatment	 Yes	 1		
	 No	 0.40	 0.19	 0.86
Radiotherapy_Treatment	 Yes	 1		
	 No	 1.42	 0.74	 2.70
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65.2% for the RSF model with the log-rank division rule and the CPH model, respectively28. In other stud-
ies conducted on other types of diseases, the RSF model can better identify influential variables in these 
conditions unlike the CPH model because survival-affecting variables may have collinearity or complex 
relationships in such situations. Similarly, the better performance of the RSF model than the CPH model 
in survival prediction was confirmed in studies on patients with cardiac arrhythmia by Miao et al29, kidney 
transplant patients by Roshanaei et al30, colorectal cancer by Myte et al31, acute liver failure by Zhang et 
al32, time to recurrence in ovarian cancer patients by Deldar et al33, and head and neck patients by Datma 
et al34. Therefore, the RSF model works at least the same as the CPH model in identifying survival-affecting 
variables without limiting assumptions. Thus, the results of this model in identifying important variables 
influencing survival can help doctors in diagnostic and preventive assessments.

In the present study, the analysis of three division methods in the RSF model revealed better per-
formance of log-rank score and log-rank division rules, which corresponds to most previous stud-
ies23,29,30,34,35. Regarding the benefits of this study, the main strength might be that GC patients were 
monitored in the long-term, and this enabled us to assess affected risk factor on interesting outcomes 
precisely. Moreover, the applied method is strongly recommended when the predictor variables are 
correlated or there is a nonlinear relationship among the independent variables. Finally, the suggested 
method requires no limiting assumptions for the analysis, which is another compelling benefit to use 
RSF rather than the conventional methods of survival analysis. 

The first strength of the current study is the long-term monitoring of GC patients. Secondly, this 
method determines the effect of variables influencing the response prediction in order of importance. 
This method also works well if the variables of interest are correlated or there is a nonlinear structure 
and even interactions between the variables. Moreover, it requires no limiting assumptions for the anal-
ysis unlike the conventional methods of survival analysis.

As for limitation of the research, it is important to keep in mind that the study was conducted with a 
single-center data. It is obvious that the results will be more accurate if more samples in multiple cen-
ters and more auxiliary variables would be available. Lastly, this is a retrospective study in which some 
data were not fully recorded for some cases.

CONCLUSIONS

RSF complements the Cox model by providing the relative importance of model covariates, though the 
Cox model gives a clinically understandable result on effect of each covariate on survival. Compared 
with Cox models, the RSF model can effectively predict the survival of patients with better performance.
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