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Background: Early recurrence is common for hepatocellular carcinoma (HCC) after surgical resection, 
being the leading cause of death. Traditionally, the COX proportional hazard (CPH) models based on 
linearity assumption have been used to predict early recurrence, but predictive performance is limited. 
Machine learning models offer a novel methodology and have several advantages over CPH models. 
Hence, the purpose of this study was to compare random survival forests (RSF) model with CPH models in 
prediction of early recurrence for HCC patients after curative resection.
Methods: A total of 4,758 patients undergoing curative resection from two medical centers were included. 
Fifteen features including age, gender, etiology, platelet count, albumin, total bilirubin, AFP, tumor size, 
tumor number, microvascular invasion, macrovascular invasion, Edmondson-Steiner grade, tumor capsular, 
satellite nodules and liver cirrhosis were used to construct the RSF model in training cohort. Discrimination, 
calibration, clinical usefulness and overall performance were assessed and compared with other models. 
Results: Five hundred survival trees were used to generate the RFS model. The five highest Variable 
Importance (VIMP) were tumor size, macrovascular invasion, microvascular invasion, tumor number and 
AFP. In training, internal and external validation cohort, the C-index of RSF model were 0.725 [standard 
errors (SE) =0.005], 0.762 (SE =0.011) and 0.747 (SE =0.016), respectively; the Gönen & Heller’s K of RSF 
model were 0.684 (SE =0.005), 0.711 (SE =0.008) and 0.697 (SE =0.014), respectively; the time-dependent 
AUC (2 years) of RSF model were 0.818 (SE =0.008), 0.823 (SE =0.014) and 0.785 (SE =0.025), respectively. 
The RSF model outperformed early recurrence after surgery for liver tumor (ERASL) model, Korean 
model, American Joint Committee on Cancer tumor-node-metastasis (AJCC TNM) stage, Barcelona 
Clinic Liver Cancer (BCLC) stage and Chinese stage. The RSF model is capable of stratifying patients into 
three different risk groups (low-risk, intermediate-risk, high-risk groups) in the training and two validation 
cohorts (all P<0.0001). A web-based prediction tool was built to facilitate clinical application (https://
recurrenceprediction.shinyapps.io/surgery_predict/).
Conclusions: The RSF model is a reliable tool to predict early recurrence for patients with HCC after 
curative resection because it exhibited superior performance compared with other models. This novel model 
will be helpful to guide postoperative follow-up and adjuvant therapy.

Keywords: Hepatocellular carcinoma (HCC); liver resection; early recurrence; machine learning; individualized 

prediction.

187

https://recurrenceprediction.shinyapps.io/surgery_predict/
https://recurrenceprediction.shinyapps.io/surgery_predict/
https://crossmark.crossref.org/dialog/?doi=10.21037/hbsn-20-466


HepatoBiliary Surgery and Nutrition, Vol 11, No 2 April 2022 177

© HepatoBiliary Surgery and Nutrition. All rights reserved. HepatoBiliary Surg Nutr 2022;11(2):176-187 | http://dx.doi.org/10.21037/hbsn-20-466

Introduction

Hepatocellular carcinoma (HCC) is the fifth most frequent 
malignancy and the third leading cause of cancer-related 
mortality worldwide (1). Currently, hepatic resection 
remains one of the most effective treatments with curative 
potential (2). However, long-term survival outcomes 
after resection remain unsatisfactory because of the high 
incidence of tumor recurrence, which exceeds 60% at  
5 years even in patients with small tumors (3,4). 

Hepatocellular carcinoma recurrence is commonly divided 
into early or late recurrence by using 2 years as the cut-off 
(5,6). Early recurrence represents metastasis from the initial 
HCC, whereas late recurrence is often of clonal origin (7,8). 
Early recurrence accounts for more than 70% of tumor 
recurrence (9). Therefore, identifying patients with HCC 
at high risk of early recurrence is important to enhance 
surveillance and to detect recurrence as early as possible.

Traditionally, the COX proportional hazard (CPH) 
models have been used in evaluating prognosis. The 
CPH models are used to identify the prognostic factors to 
predict early recurrence of individuals (10,11). However, 
the approaches make linearity assumption and thus cannot 
model the complicated, multidimensional and nonlinear 
relationships among different prognostic variables that 
may be present in biological systems, so the predictive 
performance is limited. Novel solutions that can deal with 
these potentially nonlinear variables are in great demand for 
accurate prognostic prediction.

Machine learning, an area of artificial intelligence that 
allows mining the relationships from complex datasets, has 
been used to make predictions about future outcomes (12).  
Machine learning models have several advantages 
over CPH models, which use nonlinear functions and 
consider all possible interactions between variables to 
improve the predictive performance (13,14). Previous 
studies applying machine learning models to HCC have 
reported good results. Singal et al. demonstrated that the 
machine learning model was better than the conventional 
regression model in predicting development of HCC (15). 
Kawaguchi et al. revealed that serum albumin level >3.7 g/dL  
was the best prognostic profile for nonalcoholic fatty liver 
disease (NAFLD)-HCC patients using data mining analysis (16).  
Cucchetti et al. reported that the artificial neural network 

(ANN) model could accurately predict tumor grade and 
microvascular invasion of HCC based on preoperative 
indicators (17). Qiao et al. also used ANN model to predict 
survival of patients with early HCC (18). 

This study aimed to compare a machine learning model 
(Random Survival Forests model) with CPH models in 
prediction of early recurrence for patients with HCC after 
curative resection based on readily accessible clinical and 
pathological parameters. We present the following article in 
accordance with the TRIPOD reporting checklist (available 
at https://hbsn.amegroups.com/article/view/10.21037/
hbsn-20-466/rc) (19).

Methods

Patients

This study was conducted to the ethical guideline of 
the Declaration of Helsinki (as revised in 2013) and was 
approved by the Institutional Ethics Committee of the 
Mengchao Hepatobiliary Hospital of Fujian Medical 
University (No. 2020-092-01). Informed consent was 
obtained from each patient for their data to be used 
for research purposes. Data of patients with HCC who 
underwent primary hepatectomy at Eastern Hepatobiliary 
Surgery Hospital between January 2008 and December 
2015, Mengchao Hepatobiliary Hospital of Fujian Medical 
University between January 2014 and December 2016 were 
prospectively collected and retrospectively analyzed.

The inclusion criteria were (I) Child-Pugh A or B7 liver 
function; (II) no extrahepatic metastasis; (III) R0 resection, 
defined as complete resection of macroscopic tumor 
nodules with tumor-free margins confirmed by histological 
examination (20). Patients who received palliative tumor 
resection, underwent preoperative anticancer treatments, 
had the history of other malignancies, had incomplete 
clinical data and lost to follow-up within 2 months of 
surgery were excluded from the analysis.

Eligible patients from Eastern Hepatobiliary Surgery 
Hospital between 2008 and 2013 formed the training cohort, 
whereas those patients between 2014 and 2015 formed the 
internal validation cohort. All eligible patients from Mengchao 
Hepatobiliary Hospital of Fujian Medical University were used 
as the external validation cohort in this study.

Submitted May 05, 2020. Accepted for publication Jun 17, 2020.

doi: 10.21037/hbsn-20-466

View this article at: http://dx.doi.org/10.21037/hbsn-20-466

https://hbsn.amegroups.com/article/view/10.21037/hbsn-20-466/rc
https://hbsn.amegroups.com/article/view/10.21037/hbsn-20-466/rc


Zeng et al. Machine learning to predict early recurrence for HCC178

© HepatoBiliary Surgery and Nutrition. All rights reserved. HepatoBiliary Surg Nutr 2022;11(2):176-187 | http://dx.doi.org/10.21037/hbsn-20-466

Clinicopathologic variables

Patient baseline characteristics included age, gender and 
liver cirrhosis. Routine serological examination included 
platelet count, albumin, total bilirubin, Alpha-fetoprotein 
(AFP), hepatitis B and hepatitis C virus immunology. 
Tumor characteristics included tumor size, tumor 
number, microvascular invasion, macrovascular invasion, 
Edmondson-Steiner grade, tumor capsular and satellite 
nodules. 

According to previously described cut-offs, albumin-
bilirubin (ALBI) grade divided into 3 grades (21). The 
pathological reviews of all resected specimens were carried 
out independently by two pathologists. Tumor size means 
the diameter of the largest tumor. The histologic grade of 
tumor cell differentiation was based on the Edmondson-
Steiner grade (22). Satellite nodules are defined as tumor 
cell nests on microscopy or their sizes were less than  
2 cm on macroscopy presenting within 2 cm of the main  
tumor (23).

Follow-up

Patients were followed up once every 3 months for the first 
2 years after discharge from hospitals and every 3–6 months 
in subsequent years. The follow-up program included liver 
function, serum AFP level and an imaging study such as 
abdominal ultrasonography, contrast-enhanced computed 
tomography (CT) of abdomen, magnetic resonance imaging 
(MRI) of abdomen. The follow-up was censored on 31st 
December 2018. 

The diagnosis of recurrent HCC was based on CT and/
or MRI and elevated AFP levels. Once tumor recurrence 
was diagnosed, patients underwent further investigations. 
Appropriate treatments were given, which included 
percutaneous ethanol injection, radiofrequency ablation, 
transarterial chemoembolization, or liver re-resection, 
depending on the general condition of the patient, the 
liver functional reserve, the pattern of tumor recurrence, 
the patient’s wish and the recommended treatment 
by the multidisciplinary team according to the EASL  
guideline (24).

Random survival forests (RSF) model

RSF model is used as a regression algorithm based on 
ensemble learning of decision trees using the techniques of 
random forests called feature and sample bragging which 
allows faster training process and less estimation bias. The 

RSF model can be used for censored survival data due 
to its modification of changing the Gini impurity which 
nodes split according to log-rank statistics to maximize the 
difference between the survival curves of Kaplan-Meier 
estimation after the cut-off. 

The RSF can also estimate the individuals’ cumulative 
hazard function (CHF) by integrating the Nelson-Allen 
estimator in the model (25). Besides, Variable Importance 
(VIMP) was obtained by measuring the decrease in 
prediction accuracy using out-of-bag data which were 
not used for building trees each time. The risk index was 
derived from the estimated CHF. In this study, a higher 
risk index implied a higher risk of recurrence. To assess the 
significance of the risk index, it was used as a continuous 
covariate into the Cox model. Risk groups were generated 
by the previously reported cutoffs (50th and 85th centile) of 
the risk index (26). Kaplan-Meier analysis of each risk group 
was plotted in each cohort.

Assessment and compassion of model performance

We used several complementary methods to assess 
different aspects of model performance, including model 
discrimination, model calibration, clinical usefulness and 
overall performance (27,28). Dynamic time-dependent 
measure was evaluated to be 2 years because we aimed to 
evaluate early recurrence.

Model discrimination was measured by the Harrell’s 
C-index, Gönen & Heller’s K, and time-dependent areas 
under the receiver operating characteristic curve (tdAUC). 
Model calibration was measured by the calibration 
plot. Estimates of predicted vs. actual 2-year recurrence 
probability were generated via bootstrapping (with 300 
resampling). Clinical usefulness was measured by decision 
curve analysis (DCA) and net benefit at the threshold of 
50%. Overall performance was measured by prediction 
error curves, time-dependent Brier score and time-
dependent R2 (29).

The RSF model was also compared to the early 
recurrence after surgery for liver tumor (ERASL) model (10),  
Korean model (11), American Joint Committee on Cancer 
tumor-node-metastasis (AJCC TNM) stage (30), Barcelona 
Clinic Liver Cancer (BCLC) stage (24), and Chinese  
stage (31) in each cohort. The diagnostic accuracy of the 
model was compared via category-based net reclassification 
improvement (NRI) and integrated discrimination improvement 
(IDI) (32,33). The category-based NRI was calculated by three 
risk categories (<50% risk, 50–85% risk, ≥85% risk).
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Figure 1 The flow chart for the three cohorts in the study. HCC, hepatocellular carcinoma; PA-TACE, postoperative adjuvant transcatheter 
arterial chemoembolization; RSF, random survival forests.

HCC patients who under R0 resection at Eastern 
Hepatobiliary Surgery Hospital from 2008 to 2015 

(n=5,686)

4,376 patients were included in this study

Development of 
random survival 
forests model

Risk groups and the effect of PA-TACE for HCC patients after surgery using the RSF model

Assessing and comparing model performance

Training cohort from 
2008 to 2013 

(n=3,370)

Internal validation cohort 
from 2014 to 2015 

(n=1,006)

External validation cohort from 
2014 to 2016 

(n=382)

HCC patients who under R0 resection at 
Mengchao Hepatobiliary Hospital

Excluded patients (n=1,310): 
Preoperative anticancer treatment (n=464)
History of other malignancies (n=56)
Incomplete clinical and follow-up data (n=757)
Perioperative death (n=33)

Statistical analysis

Categorical variables are presented as n (%) and compared 
using the chi-square test or Fisher exact test. Mean 
(standard deviation, SD) presented for normally distributed 
continuous variables and compared using the Student t-test, 
while median [interquartile range (IQR)] was given to those 
with non-normally distributed continuous variables and 
compared using the Mann-Whitney U test. All statistical 
tests were 2-tailed and a P value of less than 0.05 was 
considered statistically significant. All statistical analysis was 
performed with R version 3.5.2 (http://www.r-project.org/). 
These R packages were used in this study (Table S1).

Results

Baseline characteristics of patients

A total of the 5,686 HCC patients who underwent curative 
resection at Eastern Hepatobiliary Surgery Hospital 
between January 2008 and December 2015, 4,376 met the 

inclusion criteria. A total of 1,310 patients were excluded 
because of preoperative anticancer treatment (n=464), 
history of other malignancies (n=56), incomplete clinical 
and follow-up data (n=757) and perioperative death 
(n=33). Data collected from January 2008 to December 
2013 including 3,370 HCC patients formed the training 
cohort. Recorded from January 2014 to December 2015, 
1,006 HCC patients formed the internal validation cohort. 
The external validation cohort consisted of 382 patients 
from Mengchao Hepatobiliary Hospital of Fujian Medical 
University. The flow chart of these patients was shown in 
Figure 1.

The baseline characteristics of patients were shown in 
Table 1. Some clinicopathologic features such as tumor 
size, microvascular invasion, macrovascular invasion, 
Edmondson-Steiner grade, tumor capsular and satellite 
nodules were different among the three cohorts. The 2-year 
recurrence rate were 43.4% (95% CI: 41.7–45.1%), 37.6% 
(95% CI: 34.4–40.6%) and 50.2% (95% CI: 44.7–55.1%) in 
the three cohorts, respectively (Figure S1).

http://www.r-project.org/
https://cdn.amegroups.cn/static/public/HBSN-20-466-supplementary.pdf
https://cdn.amegroups.cn/static/public/HBSN-20-466-supplementary.pdf
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Table 1 Baseline characteristics of patients

Variables Training cohort (n=3,370) Internal validation cohort (n=1,006) External validation cohort (n=382)

Patient factors/laboratory parameters

Age [year, mean (SD)] 51.1 (10.8) 52.5 (10.5) 54.2 (10.9)

Gender, male, n (%) 2,927 (86.9) 863 (85.8) 318 (83.2)

Etiology, n (%)

HBV 2,983 (88.5) 878 (87.3) 315 (82.5)

HCV 58 (1.7) 10 (1.0) 2 (0.5)

NBNC 329 (9.8) 118 (11.7) 65 (17.0)

PLT [109/L, mean (SD)] 165 (69.7) 166 (68.0) 175 (76.4)

ALB [g/L, mean (SD)] 42.1 (3.81) 42.1 (3.41) 40.3 (3.85)

TBIL [μmol/L, median (IQR)] 13.3 [10.6, 17.0] 13.3 [10.5, 16.8] 15.4 [11.6, 19.8]

AFP [ng/mL, median (IQR)] 80.3 [7.00, 1210] 84.9 [6.20, 1210] 54.6 [5.76, 842]

ALBI grade, n (%)

1 2,598 (77.1) 807 (80.2) 206 (53.9)

2 771 (22.9) 198 (19.7) 176 (46.1)

3 1 (0.0003) 1 (0.1) 0 (0.0)

Tumor factors

Tumor size [cm, mean (SD)] 6.38 (3.77) 5.89 (3.67) 5.93 (4.29)

Solitary tumor number, n (%) 2,747 (81.5) 811 (80.6) 314 (82.2)

Microvascular invasion, n (%) 1,251 (37.1) 452 (44.9) 233 (61.0)

Macrovascular invasion, n (%) 448 (13.3) 92 (9.1) 75 (19.6)

Edmondson-Steiner grade, n (%)

I–II 514 (15.3) 68 (6.8) 109 (28.5)

III–IV 2,856 (84.7) 938 (93.2) 273 (71.5)

Tumor capsular, n (%) 2,681 (79.6) 825 (82.0) 174 (45.5)

Satellite nodules, n (%) 1,249 (37.1) 504 (50.1) 123 (32.2)

Liver cirrhosis, n (%) 2,454 (72.8) 699 (69.5) 297 (77.7)

BCLC stage, n (%)

0/A 2,494 (74.0) 779 (77.5) 271 (70.9)

B 428 (12.7) 135 (13.4) 36 (9.5)

C 448 (13.3) 92 (9.1) 75 (19.6)

AJCC TNM stage, n (%)

I 1,849 (54.9) 494 (49.1) 143 (37.4)

II 815 (24.1) 345 (34.3) 149 (39.1)

IIIA 258 (7.7) 75 (7.5) 15 (3.9)

IIIB 448 (13.3) 92 (9.1) 75 (19.6)

Categorical variables are presented as n (%). Mean (SD) was presented for normally distributed continuous variables, while median [IQR] was 
given to those with non-normally distributed continuous variables. HBV, hepatitis B virus; HCV, hepatitis C virus; NBNC, non-B non-C; PLT, 
platelet count; ALB, albumin; TBIL, total bilirubin; AFP, alpha-fetoprotein; ALBI, albumin-bilirubin; BCLC, Barcelona Clinic Liver Cancer; AJCC 
TNM, American Joint Committee on Cancer tumor-node-metastasis; SD, standard deviation; IQR, interquartile range; CI, confidence interval.
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Construction of the RSF model in predicting early 
recurrence in the training cohort

Fifteen features including age, gender, etiology, platelet 
count, albumin, total bilirubin, alpha-fetoprotein (AFP), 
tumor size, tumor number, microvascular invasion, 
macrovascular invasion, Edmondson-Steiner grade, tumor 
capsular, satellite nodules and liver cirrhosis were used to 
construct the RSF model. During the process of constructing 
200 survival trees, the prediction error rate tended to be low 
and stable (Figure 2A). Variable importance (VIMP) for all 
the features used to grow trees was also generated after the 
complete construction of 500 trees. Higher VIMP indicated 
that the variable contributed more to the prediction of 
early recurrence. As shown in Figure 2B, the five highest-
ranking variables were tumor size, macrovascular invasion, 
microvascular invasion, tumor number and AFP, which were 
aggressive tumor characteristics.

Assessing and comparing model performance

Model discrimination was compared via the Harrell’s 
C-index, Gönen & Heller’s K and time-dependent AUC  
(2 years). In training, internal and external validation cohort, 
the C-index of RSF model were 0.725 [standard errors 
(SE) =0.005], 0.762 (SE =0.011) and 0.747 (SE =0.016), 
respectively (Table 2). The Gönen & Heller’s K of RSF 
model were 0.684 (SE =0.005), 0.711 (SE =0.008) and 0.697 
(SE =0.014), respectively (Table 2). The time-dependent 
AUC (2 years) of RSF model were 0.818 (SE =0.008), 0.823 
(SE =0.014) and 0.785 (SE =0.025), which were greater 

than ERASL model, Korean model, AJCC TNM stage, 
BCLC stage and Chinese stage in the three cohorts (Table 2;  
Figure 3).The Harrell’s C-index and Gönen & Heller’s K 
of the RSF model were also higher than other models in 
predicting early recurrence in the three cohorts (Table 2). 

Decision curve analysis (DCA) was used to facilitate the 
comparison between the RSF model and 5 other models in 
the three cohorts. As shown in Figure 4, DCA has graphed 
the clinical usefulness of each model based on probability 
thresholds of recurrent risk (X-axis) and the net benefit of 
using the model (Y-axis). DCA revealed that the RSF model 
had a better net benefit than 5 other models. 

In addition, as shown in Figure 5, the RSF model 
displayed a lower prediction error rate than other models. 
Time-dependent Brier score and R2 (2 years) were also 
better than other models (Table 2).

Calibration plots displayed an overall good agreement 
between the prediction of the RSF model and actual 
outcome in the probability of 2-year recurrence in the three 
cohorts (Figure 6).

The diagnostic accuracy of the model was compared 
via net reclassification improvement (NRI) and integrated 
discrimination improvement (IDI). The RSF model 
improved diagnostic accuracy when compared to the 
ERASL model (NRI =0.135, P<0.001; IDI =0.054, P<0.001; 
Table S2; Figure S2).

Risk stratification

Based on the risk index of the RSF model, using 32.524 

Figure 2 Construction of the RSF model in predicting early recurrence in the training cohort. (A) Prediction error rates. (B) The VIMP 
plot. Macro VI, macrovascular invasion; Micro VI, microvascular invasion; AFP, alpha-fetoprotein; ALB, albumin; PLT, platelet count; 
TBIL, total bilirubin; RSF, random survival forests; VIMP, variable importance.
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Figure 3 Comparison of time-dependent ROC (2 years) between the RSF model and 5 other models. (A) Training cohort, (B) internal 
validation cohort, (C) external validation cohort. ROC, receiver operating characteristic curve; RSF, random survival forests; ERASL, early 
recurrence after surgery for liver tumor; AJCC TNM, American Joint Committee on Cancer tumor-node-metastasis; BCLC, Barcelona 
Clinic Liver Cancer.
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Figure 4 Comparison of decision curve analysis between the RSF model and 5 other models in predicting early recurrence. (A) Training 
cohort, (B) internal validation cohort, (C) external validation cohort. RSF, random survival forests; ERASL, early recurrence after surgery 
for liver tumor; AJCC TNM, American Joint Committee on Cancer tumor-node-metastasis; BCLC, Barcelona Clinic Liver Cancer.

and 66.511 as the cut-off values (which correspond to the 
50th and 85th centile of risk index in training cohort), 
the patients were classified into low-risk, intermediate-
risk, high-risk groups. Kaplan-Meier analysis showed that 
recurrence rates were stratified among three risk groups 
in the training and two validation cohorts (all P<0.0001)  
(Table S3; Figure S3).
We implemented a web-based prediction tool for clinicians 
to use the RSF model. This tool could output the risk 
index, risk groups, the recurrence-free probability at 3, 6, 
9, 12, 18, 24 months, was available at (Figure S4; https://

recurrenceprediction.shinyapps.io/surgery_predict/).

Discussion

Tumor recurrence within 2 years, which accounts for 
30-50% of patients, is a main cause of mortality (24). 
Therefore, identification of HCC patients after resection 
who are at high risk of early recurrence is important to 
facilitate screening and decision on adjuvant therapy. 
The COX proportional hazard (CPH) models have been 
commonly used to evaluate early recurrence based on 

https://cdn.amegroups.cn/static/public/HBSN-20-466-supplementary.pdf
https://cdn.amegroups.cn/static/public/HBSN-20-466-supplementary.pdf
https://cdn.amegroups.cn/static/public/HBSN-20-466-supplementary.pdf
https://recurrenceprediction.shinyapps.io/surgery_predict/
https://recurrenceprediction.shinyapps.io/surgery_predict/
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Figure 6 Calibration plots for the RSF model in predicting early recurrence. (A) Training cohort, (B) internal validation cohort, (C) external 
validation cohort. RSF, random survival forests.

an assumption of linear association, but the predictive 
performance is limited. Machine learning models offer 
a novel methodology and have several advantages over 
CPH models, which use nonlinear functions and consider 
all possible interactions between variables to improve 
the predictive performance. Toward this goal, a machine 
learning model, RSF model, was developed and compared 
with CPH models to predict early recurrence for HCC 
patients who underwent curative resection based on readily 
accessible clinical and pathological parameters.

To our knowledge, our study is the first to report and 
validate a machine learning model for predicting early 
recurrence in HCC patients treated with curative resection. 
The results found that the machine learning model was 
superior to conventional statistical regression methods 
by assessing different indexes of model performance such 

as model discrimination, clinical usefulness and overall 
performance. The RSF model is a novel nonlinear machine 
learning model for survival analysis (25,34). The core 
elements of the RSF model are generating the survival tree 
and constructing the ensemble cumulative hazard function. 
The main advantage of the RSF model is that it exhibits an 
improvement for all variables with the use of nonlinear risk 
functions and does not use required assumptions such as the 
CPH model.

According to VIMP analysis, our findings (Figure 2B) 
echo numerous previous studies in that early recurrence is 
mainly associated with aggressive tumor characteristics such 
as tumor size, vascular invasion, tumor multiplicity and 
higher AFP (7-9). These results demonstrated that the RSF 
model also has the function of finding out the important 
factors for predicting early recurrence (according to VIMP) 
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like the Cox model (according to P value).
In addition, several novel measures are employed to 

assess model performance, including reclassification tables, 
net reclassification improvement (NRI) and integrated 
discrimination improvement (IDI) (32,33). These measures 
also demonstrated that the RSF model outperformed 
other models in predicting early recurrence. Moreover, 
net benefit (NB), with visualization in DCA, is a simple 
summary measure to quantify clinical usefulness when 
decisions are to be supported by a prediction model (35,36). 
The DCA showed that the RSF model provided superior 
net benefit when compared to other models. For instance, 
calculating NB at a single threshold 50%, the RSF model 
could improve NB by 0.012 compared to the ERASL model 
in the training cohort, equivalent to 1.1 more detected early 
recurrence per 100 patients at no additional cost (Table 2).

The RSF model is capable of stratifying patients into 
three different risk groups. The high-risk groups accounted 
for 14.6% of the patients among the entire cohort but 
86.2% of those occurred early recurrence, whereas the 
low-risk and intermediate-risk groups consisted of 48.9% 
and 36.5% of patients but only 21.6% and 56.5% of that 
developed early recurrence, respectively (Figure S3). The 
model can identify a small subset of patients with a high 
risk of early recurrence. While it may not be reasonable to 
exclude these patients with a high risk of early recurrence 
from surgical treatment, they would be candidates for 
postoperative adjuvant therapy.

There are some limitations to our study. Firstly, selection 
bias was hard to avoid in this study. However, this bias 
has been minimized by two large independent cohorts. 
Secondly, this study was conducted in China and most 
HCC patients had a background of HBV infection, but 
aetiological factors and liver background contributed less 
to early recurrence in the previous study (7-9). Moreover, 
aetiology and liver cirrhosis were not identified as important 
predictors in this study. Still, it should be admitted that 
further external validation in different geographic regions 
and aetiology is of necessity. Thirdly, the machine learning 
model may appear complex and hard to apply in clinical 
practice, but our simple online web-based tool overcomes 
this problem.

In summary, the RSF model is a robust tool to predict 
early recurrence for patients with HCC after curative 
resection because it exhibited better performance compared 
with other models. The model is able to stratify patients 
into three different groups (low-risk, intermediate-risk, 
high-risk groups). This novel approach may provide 

clinicians with useful guidance for postoperative follow-up 
and treatments.
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