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Abstract. Resection has been commonly utilized for treating 
huge hepatocellular carcinoma (HCC) with a diameter of 
≥10 cm; however, a high rate of mortality is reported due to 
recurrence. The present study was designed to predict the 
recurrence following resection based on preoperative and 
postoperative machine learning models. In total, 1,082 patients 
with HCC who underwent liver resection in the Eastern 
Hepatobiliary Surgery Hospital cohort between January 2008 
and December 2016 were divided into a training cohort and 
an internal validation cohort. In addition, 164 patients from 
Mengchao Hepatobiliary Hospital cohort between January 
2014 and December 2016 served as an external validation 
cohort. The demographic information, and serological, MRI, 
and pathological data were obtained from each patient prior 
to and following surgery, followed by evaluating the model 
performance using the concordance index, time‑dependent 
receiver operating characteristic curves, prediction error cures, 
and a calibration curve. A preoperative random survival forest 

(RSF) model and a postoperative RSF model were constructed 
based on the training set, which outperformed the conventional 
models, such as the Barcelona Clinic Liver Cancer (BCLC), 
the 8th edition of the American Joint Committee on Cancer 
(AJCC 8th) staging systems, and the Chinese stage systems. In 
addition, the preoperative and postoperative RSF models could 
also re‑stratify patients with BCLC stage A/B/C or AJCC 
8th stage IB/II/ⅢA/ⅢB or Chinese stage IB/IIA/ⅡB/ⅢA 
into low‑risk, intermediate‑risk, and high‑risk groups in the 
training and the two validation cohorts. The preoperative and 
postoperative RSF models were effective for predicting recur‑
rence in patients with huge HCC following hepatectomy. 

Introduction

Hepatocellular carcinoma (HCC) is one of the most common 
types of cancer worldwide and is the second leading cause of 
cancer‑related death (1). As the symptoms are usually insid‑
ious, the majority of the patients present with advanced‑stage 
HCC upon diagnosis. Furthermore, certain patients possess a 
huge tumor with a size of ≥10 cm upon diagnosis, resulting in a 
poor prognosis even after treatment (2). For patients presenting 
with resectable HCC with well‑preserved liver function, hepa‑
tectomy is preferred for treatment; however, the outcomes are 
compromised due to a postoperative recurrence rate of 60‑70% 
within 5 years (3‑5). 

Hepatectomy is the preferred option for treating huge HCC. 
However, the outcome following hepatectomy remains unsat‑
isfactory as the R0 resection rate is still <20% (6). To date, 
alternative choices exist for patients in whom hepatectomy is 
not recommended, such as transarterial chemoembolization 
(TACE), hepatic artery infusion chemotherapy, radiofrequency 
ablation, and sorafenib or Lenvatinib (7). Therefore, a proper 
preoperative prognostic prediction is essential for the selection 
of the optimal regimen.

The COX proportional hazard (CPH) model has been 
commonly utilized in evaluating prognosis by predicting the 

Development of preoperative and postoperative machine 
learning models to predict the recurrence of huge 

hepatocellular carcinoma following surgical resection
QINGHUA ZHANG1*,  GUOXU FANG2,3*,  TIANCONG HUANG4*,  

GUANGYA WEI1,  HAITAO LI2  and  JINGFENG LIU3,5

1Department of Hepatobiliary Pancreatic Cancer Surgery, College of Clinical Medicine for Oncology, Fujian Medical 
University, Fuzhou, Fujian 350108; 2Department of Hepatopancreatobiliary Surgery, Mengchao Hepatobiliary Hospital of 
Fujian Medical University; 3The Big Data Institute of Southeast Hepatobiliary Health Information, Mengchao Hepatobiliary 
Hospital of Fujian Medical University, Fuzhou, Fujian 350025; 4Department of Hepatopancreatobiliary Surgery, The Second 
Affiliated Hospital of Fujian Medical University, Quanzhou, Fujian 362000; 5Department of Hepatopancreatobiliary Surgery,  

Clinical Oncology School of Fujian Medical University, Fujian Cancer Hospital, Fuzhou, Fujian 350014, P.R. China

Received January 3, 2023;  Accepted April 5, 2023

DOI: 10.3892/ol.2023.13861

Correspondence to: Dr Jingfeng Liu, Department of 
Hepatopancreatobiliary Surgery, Clinical Oncology School of 
Fujian Medical University, Fujian Cancer Hospital, 420 Fuma Road, 
Fuzhou, Fujian 350014, P.R. China
E‑mail: drjingfeng@126.com

Dr Haitao Li, Department of Hepatopancreatobiliary Surgery, 
Mengchao Hepatobiliary Hospital of Fujian Medical University, 
312 Xihong Road, Fuzhou, Fujian 350025, P.R. China
E‑mail: lht45182@163.com

*Contributed equally 

Key words: huge hepatocellular carcinoma, liver resection, 
recurrence, machine learning, individualized prediction

https://www.spandidos-publications.com/10.3892/ol.2023.13861
https://www.spandidos-publications.com/10.3892/ol.2023.13861
https://www.spandidos-publications.com/10.3892/ol.2023.13861


ZHANG et al:  RSF MODELS FOR HUGE HCC2

recurrence rate based on the prognostic factors (8‑10). However, 
its predictive performance is limited as it cannot model the 
complicated, multidimensional, and non‑linear relationships 
among different prognostic variables. Therefore, there is an 
urgent need to develop novel solutions for accurate prognostic 
prediction even if it involves non‑linear variables. Recently, 
additional attention has been paid to machine learning, in which 
machines mimic, recognize, and learn cognitive functions of 
the human mind for performing empirical predictions (11). 
The random survival forest (RSF) model is a non‑parametric 
machine‑learning strategy that can be utilized for the predic‑
tion of survival analysis among patients with cancer (12). RSF 
is superior to CPH models as it uses non‑linear functions 
and considers all possible interactions between variables to 
improve the predictive performance (13). Moreover, the RSF 
model is superior to the conventional regression models in 
predicting the prognosis of HCC (14). In the present study, the 
preoperative and postoperative risk factors for the recurrence 
of huge HCC were investigated. A preoperative and postop‑
erative RSF model for predicting the recurrence of huge HCC 
was constructed. The following article/case is presented in 
accordance with the STROBE reporting checklist (15).

Materials and methods

Patients and study design. The data of 1,192 consecutive patients 
[male, 934, median age: 48.31±11.26 (IQR, 18‑79); female: 258, 
median age: 49.35±12.56 (IQR, 21‑89 years)]  who underwent 
liver resection for huge HCC at the Eastern Hepatobiliary 
Surgery Hospital (EHSH) between January 2008 and December 
2016 and at the Mengchao Hepatobiliary Hospital (MHH) 
between January 2014 and December 2016 were retrospectively 
reviewed. HCC was diagnosed according to the practice guide‑
lines recommended by the American Association for the Study 
of Liver Diseases (16). The patients with the following condi‑
tions were included in the present study: i) Those confirmed to 
have HCC by immunohistochemistry, presenting an HCC lesion 
with a diameter ≥10 cm; ii) Child‑Pugh A or B liver function; iii) 
absence of extra‑hepatic metastasis; and iv) with R0 resection, 
defined as complete resection of macroscopic tumor nodules 
with tumor‑free margins confirmed by histological examination. 
Patients with the following conditions were excluded from the 
present study: i) Those who received palliative tumor resection; 
ii) those who underwent preoperative anticancer treatments; 
iii) those with a history of other malignancies; or iv)  those 
with incomplete clinical data and those lost to follow‑up within 
2 months following hepatectomy. 

All data in the present study were verified by three indepen‑
dent researchers. To establish the RSF model, qualified patients 
from the EHSH were randomly assigned to the training cohort 
and the internal validation cohort with a 7:3 ratio. All qualified 
patients from the MHH served as the external validation cohort. 
The protocol of the present study was granted approval from the 
Medical Ethics Committee of Mengchao Hepatobiliary Hospital 
of Fujian Medical University (2022‑027‑01). Written informed 
consent for participation was not required for this study in accor‑
dance with national legislation and institutional requirements.

Preoperative assessment. All patients underwent routine 
preoperative examinations, including immunology of hepatitis 

B virus and hepatitis C viral infection, α‑fetoprotein (AFP) 
concentration, prothrombin time (PT), activated partial throm‑
boplastin time (APTT), fibrinogen (Fg) concentration, white 
blood cell count, platelet (PLT), and liver and kidney function 
examination. In addition, imaging examination was provided 
to each patient including chest X‑ray, abdominal ultrasound, 
contrast‑enhanced CT scan, and/or MRI of the abdomen.

Surgical procedures. The decision of anatomical or partial 
hepatectomy is commonly based on liver function, tumor 
number, and location. Specifically, anatomical hepatectomy 
was preferentially given to patients with a well‑preserved liver 
function and tumors located within a segment, sector, and 
hemiliver. Partial hepatectomy was provided to patients with 
poor liver function. For huge HCC, the anterior approach was 
often used for hepatectomy. Specifically, the liver was tran‑
sected along the principle plane dividing the right from the 
left hemiliver, with or without hepatic inflow clamping, to the 
anterior of the inferior vena cava. The corresponding hepatic 
pedicle, hepatic vein, and short hepatic veins were ligated. 
Finally, the liver ligaments were freed to remove the hemiliver 
harboring the tumor. Intraoperative liver ultrasonography 
was routinely performed to ensure the complete resection of 
detectable tumors, followed by pathological analysis. 

End points and follow‑up. The end points of the study included 
overall survival (OS) and recurrence‑free survival (RFS). OS 
was defined as the interval between the date of surgery and 
the date of death or loss to follow‑up. RFS was defined as the 
interval between the date of surgery and the date of recur‑
rence. Each patient was followed up based on the conventional 
program and the recurrence was confirmed according to the 
criteria previously described (17).

RSF modeling process. The RSF model was applied to real 
data settings to uncover highly complex interrelationships 
between variables; it can also estimate the individual cumula‑
tive hazard function by integrating the Nelson‑Allen estimator 
in the model  (18,19). 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 variables were selected by filtering based on 
their VIMP. The risk index was derived from the estimated 
cumulative hazard function. The Cox model involved a contin‑
uous covariate and was utilized to evaluate the significance of 
the risk index. The risk groups were generated by the 50th and 
85th percentile of the risk index (20). Kaplan‑Meier curves for 
each risk group were plotted in each cohort.

The RSF model was constructed based on the results of 
the VIMP of recurrence in the training cohort. The preopera‑
tive and postoperative RSF model was established based on 
the preoperative clinical imaging data and the clinicopatho‑
logical variables, respectively. The predictive performance 
of the RSF model was measured using Harrell's concordance 
index (C‑index), the time‑dependent areas under the receiver 
operating characteristic curve (tdAUC), the prediction error 
curve, and the calibration plot  (21,22). Clinical usefulness 
was measured by decision curve analysis (DCA) with a net 
benefit at a threshold of 50%. The overall performance was 
measured by the prediction error curves. The cumulative 
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recurrence between each risk group was assessed and tested 
using Kaplan‑Meier curves and the log‑rank test, respectively. 
The discrimination of the RSF model was also compared with 
the AJCC TNM stage (23), Barcelona Clinic Liver Cancer 
(BCLC) stage (24), and Chinese stage (25) in each cohort. 

Statistical analysis. Statistical analyses were performed using 
SPSS version 22.0, R version R‑4.2.3 (r‑project.org/) and R 
studio (4.2 version, rstudio.com/). The categorical variables 
are presented as the frequency and percentage, and continuous 
variables are presented as the mean  ±  standard error. A 
χ2 test or Fisher's exact test was used for the inter‑group 
comparisons of the categorical variables. A Student's t‑test or 
a Mann‑Whitney U test was used for the comparison of the 
continuous variables. Kaplan‑Meier analysis was used to esti‑
mate the cumulative rates of survival. The comparison of the 
survival curves was performed based on a log‑rank test. The 
continuous variables not normally distributed were presented 
as the median or interquartile range and were compared using 
a Mann‑Whitney U test. All statistical tests were two‑tailed. 
P<0.05 was considered to indicate a statistically significant 
difference. 

Results 

Participant characteristics. In total, 1,192 consecutive patients 
(male: 934; female: 258) underwent partial hepatectomy for 
huge HCC at EHSH between January 2008 and December 
2016. A total of 110 patients were excluded due to preoperative 
anticancer therapy (n=65), history of other malignancies (n=6), 
incomplete information (n=36), and perioperative death (n=3). 
Finally, 1,082 patients were included and randomly divided 
into a training cohort (n=752) and a validation cohort (n=330) 
based on a ratio of 7:3. For the external validation cohort, 208 

patients from MHH between January 2014 and December 2016, 
and finally 166 patients met the inclusion criteria following 
exclusion of the history of malignancies (n=3), preoperative 
anticancer therapy (n=11), incomplete information (n=27), 
and perioperative death (n=1). The flowchart of this process is 
shown in Fig. 1.

The baseline clinicopathological features of the partici‑
pants are listed in Table I. No statistical differences were noted 
in the baseline clinicopathological characteristics between the 
training and the internal validation cohorts (Table I). In contrast 
to these observations, several clinicopathological features did 
differ amongst the training, internal, and external cohorts, 
including PT, APTT, Fg, tumor capsular, microvascular 
invasion (MVI), and Edmondson‑Steiner grade (P<0.01).

Prognosis. The study was censored on December 31, 2021, 
for the training and internal validation cohorts. The median 
follow‑up period was 31.41 (range, 2‑143) months and 25.94 
(range, 2‑97) months in the training and internal valida‑
tion cohorts. The 1‑, 3‑, and 5‑year OS rates in the training 
cohort were 84, 59.1, and 45.8%, and the 1‑, 3‑, and 5‑year 
RFS rates were 69.2, 44.1, and 23.7%, respectively (Table II). 
In the internal validation cohort, the median survival was 
41.6 months (range, 2‑97) months. The 1‑, 3‑, and 5‑year OS 
rates in the internal validation cohort were 80.78, 55.4, and 
43.55%, while the 1‑, 3‑, and 5‑year RFS rates were 69.3, 
45.2, and 29.7%, respectively. The last follow‑up for patients 
in the external validation cohort was on December 31, 2021. 
The median survival of these patients was 25.06 (range, 2‑84) 
months. In the external validation cohort, the 1‑, 3‑, and 5‑year 
OS rates were 78.75, 52.38, and 38.26%, respectively; in the 
same cohorts, the 1‑, 3‑, and 5‑year RFS rates were 60.5, 
39.8, and 29.2%, respectively. No significant differences were 
noted among these three cohorts in the 1‑, 3‑, and 5‑year OS 

Figure 1. Flowchart for establishment of the three cohorts in this study.
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Table I. Clinicopathologic features.

	 Training cohort,	 Internal cohort,	 External cohort,		
Variable	 n=752	 n=330	 n=164	 P‑valued	 P‑valuee

Age, Mean (SD), years	 47.9 (11.4)	 49.2 (10.9)	 48.9 (11.4)	 0.066	 0.282
Sex, n (%)				    0.783	 0.446
  Female	 102 (13.6%)	 42 (12.7%)	 26 (15.9%)		
  Male	 650 (86.4%)	 288 (87.3%)	 138 (84.1%)		
Etiology, n (%)				    0.237	 0.292
  HBV	 564 (75.0%)	 263 (79.7%)	 133 (81.1%)		
  HCV	 2 (0.3%)	 1 (0.3%)	 1 (0.6%)		
  Others	 186 (24.7%)	 66 (20.0%)	 30 (18.3%)		
ALB, Mean (SD), g/l	 40.7 (3.92)	 40.3 (3.47)	 38.4 (3.94)	 0.08	 0.003b

Mean TBIL (SD), µmol/l	 14.7 (11.6)	 13.9 (5.58)	 15.4 (7.0)	 0.126	 0.141
AST, Mean (SD), U/l	 50.0 (23.3)	 49.8 (22.2)	 60.1(48.3)	 0.922	 0.009b

PT (s), Mean (SD)	 12.4 (4.38)	 12.3 (1.43)	 13.1 (1.28)	 0.662	 <0.001c

APTT (s), Mean (SD)	 27.9 (4.26)	 27.5 (3.95)	 33.5 (6.66)	 0.122	 <0.001c

Fg, (mg/dl), Mean (SD)	 3.07 (0.923)	 3.03 (0.903)	 3.59 (1.02)	 0.529	 <0.001c

AFP (ng/ml), Median (IQR)	 920 (21.9‑1210)	 531 (21.6‑1,210)	 761 (43.3‑1,210)	 0.313	 0.157
Neutrophil Count, Mean (SD), x109/l	 3.85 (1.55)	 3.68 (1.36)	 4.16 (1.71)	 0.074	 0.012a

Lymphocyte Count, Mean (SD), x109/l	 1.51 (0.536)	 1.55 (0.57)	 1.48 (0.483)	 0.331	 0.277
Mean platelets (SD), x109/l	 197 (84.8)	 200 (82.4)	 209 (92.9)	 0.558	 0.141
PLR, Mean (SD)	 139. 76 (69.1)	 143.54 (74.48)	 150.98 (74.97)	 0.622	 0.162
PNLR, Mean (SD)	 564.14 (426.08)	 545.50 (416.96)	 645.14 (424.74)	 0.483	 0.016a

Tumor number, n (%)				    0.362	 0.157
  1	 547 (72.7%)	 249 (75.5%)	 120 (73.2%)		
  2	 96 (12.8%)	 38 (11.5%)	 25 (15.2%)		
  3	 31 (4.1%)	 7 (2.1%)	 9 (5.5%)		
  ≥4	 78 (10.4%)	 36 (10.9%)	 10 (6.1%)		
Mean tumor size (SD), cm	 13.34 (2.65)	 13.6 (2.69)	 13.27 (2.58)	 0.152	 0.462
Tumor numberf, n (%)				    0.415	 0.121
  1	 547 (72.7%)	 249 (75.5%)	 120 (73.2%)		
  2	 100 (13.3%)	 40 (12.1%)	 25 (15.2%)		
  3	 27 (3.6%)	 6 (1.8%)	 9 (5.5%)		
  ≥4	 78 (10.4%)	 35 (10.6%)	 10 (6.1%)		
Tumor sizef, Mean (SD), cm	 13.28 (2.57)	 13.46 (2.52)	 13.2 (2.48)	 0.282	 0.526
Satellite nodules, n (%)				    0.0554	 0.08
  Present	 416 (55.3%)	 161 (48.8%)	 100 (61.0%)		
  Absent	 336 (44.7%)	 169 (51.2%)	 64 (39.0%)		
Tumor capsule, n (%)				    0.253	 <0.001c

  Complete	 214 (28.5%)	 106 (32.1%)	 20 (12.2%)		
  Incomplete	 538 (71.5%)	 224 (67.9%)	 144 (87.8%)		
Cirrhosis, n (%)	 539 (71.7%)	 238 (72.1%)	 109 (66.5%)	 0.939	 0.188
Macrovascular invasion, n (%)	 114 (15.2%)	 45 (13.6%)	 31 (18.9%)	 0.577	 0.2
Macrovascular invasionf, n (%)	 110 (14.6%)	 43 (13.0%)	 30 (18.3%)	 0.549	 0.2
Microvascular invasion, n (%)	 345 (45.9%)	 154 (46.7%)	 125 (76.2%)	 0.862	 <0.001c

Edmondson‑Steiner classification, n (%)				    0.937	 <0.001c

  I‑II	 34 (4.5%)	 16 (4.8%)	 31 (18.9%)		
  III‑IV	 718 (95.5%)	 314 (95.2%)	 133 (81.1%)		
Intraoperative blood transfusion, n (%)				    0.993	 0.812
  Yes	 175 (23.3%)	 76 (23.0%)	 40 (24.4%)		
  No	 577 (76.7%)	 254 (77.0%)	 124 (75.6%)		
BCLC staging system, n (%)				    0.787	 0.181
  A	 470 (62.5%)	 225 (68.2%)	 99 (60.4%)		
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and RFS rates following liver resection (P=0.117 and 0.052, 
respectively). 

Preoperative and postoperative RSF models for predicting 
recurrence. The common variables used for preoperative and 
postoperative analyses were the demographic data, including 
age, sex, HCC family history, preoperative serological data, 
imaging data, and platelet‑to‑lymphocyte ratio (PLR) as listed 
in Table I. The preoperative modeling was based on the MRI 
findings, while the postoperative modeling was conducted 
based on the pathological results. Finally, the preoperative RSF 
model was constructed using 16 features. The prediction error 
rate was low and stable during the process of constructing 
1,000 survival trees (Fig. 2A); subsequently, the VIMP for 
all the features used for growing the trees was generated. 
The top 10 variables were macrovascular invasion (MaVI), 

satellite nodules, tumor number, age, AFP, aspartate amino‑
transferase, fibrinogen, platelet neutrophil/lymphocyte ratio 
(PNLR), PLR, and PT. Postoperatively, the RSF model was 
constructed using 21 features and the top 10 variables were 
MaVI, satellite nodules, tumor number, age, AFP, fibrinogen, 
aspartate aminotransferase, PNLR, PLR, and PT (Fig. 2B).

Efficiency of the preoperative and postoperative RSF model 
in recurrence prediction. Both preoperative and postoperative 
RSF models of the training, internal, and external validation 
cohorts could feasibly predict the recurrence of HCC following 
surgery. The C‑index of the preoperative RSF model in the 
training, internal validation, and external validation cohorts 
was 0.766 (95% CI: 0.749‑0.785), 0.745 (95% CI: 0.726‑0.764), 
and 0.731 (95% CI: 0.713‑0.749), respectively. The Gönen & 
Heller's K values of the preoperative RSF model were 0.699 

Table I. Continued.

	 Training cohort,	 Internal cohort,	 External cohort,		
Variable	 n=752	 n=330	 n=164	 P‑valued	 P‑valuee

  B	 168 (22.3%)	 73 (22.1%)	 34 (20.7%)		
  C	 114 (15.2%)	 32 (9.7%)	 31 (18.9%)		
AJCC staging system8th, n (%)				    0.559	 <0.001c

  Ib	 312 (41.5%)	 133 (40.3%)	 37 (22.6%)		
  II	 158 (21.0%)	 92 (27.9%)	 68 (41.5%)		
  IIIa	 168 (22.3%)	 73 (22.1%)	 28 (17.1%)		
  IIIb	 114 (15.2%)	 32 (9.7%)	 31 (18.9%)		
Chinese staging system, n (%)				    0.077	 0.027a

  Ib	 470 (62.5%)	 225 (68.2%)	 99 (60.4%)		
  IIa	 99 (13.2%)	 39 (11.8%)	 27 (16.5%)		
  IIb	 69 (9.2%)	 34 (10.3%)	 7 (4.3%)		
  IIIa	 114 (15.2%)	 32 (9.7%)	 31 (18.9%)		

aP<0.05, bP<0.01, cP<0.001. dComparison between the training cohort and the internal validation cohort from EHSH. eComparison between the 
external validation cohort from Mengchao Hepatobiliary Hospital and all patients in the training and internal validation cohorts from EHSH. 
fPreoperative images were obtained from contrast‑enhanced Computed Tomography or contrast‑enhanced magnetic resonance imaging. HBV, 
hepatitis B virus; HCV, hepatitis C virus; ALB, Albumin; TBIL, total bilirubin; AST, aspartate aminotransferase; PT, prothrombin time; APTT, 
activated partial thromboplastin time; Fg, fibrinogen; AFP, alpha fetoprotein; PLR, platelet‑to‑lymphocyte ratio; BCLC, Barcelona Clinic 
Liver Cancer staging system; AJCC, American Joint Committee on Cancer; SD, standard deviation; IQR, interquartile range; EHSH, Eastern 
Hepatobiliary Surgery Hospital.

Table II. Prognosis of training cohort, internal validation cohort, and external validation cohort.

Survival	 Cohort	 1‑year	 3‑years	 5‑years	 P‑value

Overall survival					     0.117
	 Training set	 0.8400	 0.5910	 0.4580	
	 Internal validation	 0.8078	 0.5540	 0.4355	
	 External validation	 0.7875	 0.5238	 0.3826	
Recurrence‑free survival					     0.052
	 Training set	 0.6920	 0.4410	 0.2370	
	 Internal validation	 0.6930	 0.4520	 0.2970	
	 External validation	 0.6050	 0.3980	 0.2920	
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(95% CI: 0.681‑0.717), 0.695 (95% CI: 0.666‑0.724), and 0.683 
(95% CI: 0.638‑0.728), respectively. The recurrence predic‑
tion of the preoperative RSF model in the three cohorts was 
significantly improved compared with that obtained based on 
the 8th edition of the AJCC TNM stage (23), BCLC stage (24), 
and Chinese stage (25) (Table III).

For the postoperative RSF model, the C‑index values were 
0.775 (95% CI: 0.756‑0.794) in the training cohort, 0.746 
(95% CI: 0.727‑0.765) in the internal validation cohort, and 
0.758 (95% CI: 0.739‑0.777) in the external validation cohort, 
respectively. The Gönen & Heller's K values of the postopera‑
tive RSF model were 0.704 (95% CI: 0.688‑0.719), 0.693 (95% 
CI: 0.664‑0.722), and 0.696 (95% CI: 0.655‑0.737), respec‑
tively. The recurrence prediction of the postoperative RSF 
model was improved compared with that of the BCLC stage, 
the 8th edition of the AJCC stage, and the Chinese staging 
systems, together with the time‑dependent Brier score and R2 
(Table III).

Time‑dependent receiver operating characteristic curve 
analysis was also performed to assess the discriminative 
efficiency of the RSF model. For the preoperative RSF model, 
the median time dependent AUCs of the RSF model were 
0.784 (95% CI: 0.725‑0.813) in the training cohort, 0.778 
(95% CI: 0.745‑0.809) in the internal validation cohort, and 
0.74 (95% CI: 0.702‑0.801) in the external validation. For the 
postoperative RSF model, the corresponding tdAUC was 0.793 
(95% CI: 0.742‑0.825) in the training cohort, 0.777 (95% CI: 
0.745‑0.813) in the internal validation cohort, and 0.774 (95% 
CI: 0.732‑0.828) in the external validation cohort, respectively. 

Both models had higher tdAUCs than those of the BCLC, 
AJCC, and Chinese staging systems (Fig. 3A and C).

DCA was used to compare the predictive performance of 
the preoperative and postoperative RSF models with BCLC, 
AJCC, and Chinese staging system‑based models in the three 
cohorts. The net benefit of the RSF models was superior to 
that of the other models as revealed by DCA (Fig. 4A‑C). The 
prediction error curve analysis was used to assess the overall 
predictive performance of the RSF models. The RSF models 
had a lower prediction error rate than those of the conventional 
staging systems (Fig. 5A and C). An optimal consistency was 
noted between the calibration plots of the preoperative and 
postoperative RSF models. In addition, the probabilities of 
1‑, 3‑, and 5‑year recurrence in the training and validation 
cohorts were also consistent (Fig. 6).

Risk stratification based on the RSF score. For the risk 
stratification, the patients were stratified into three subgroups 
including low‑risk, intermediate‑risk, and high‑risk groups 
based on the cut‑off points that corresponded to the 50th 
(29.377) and 85th (58.741) percentile of the risk index in the 
training cohort of the preoperative and postoperative RSF 
models (50th percentile: 29.692; 85th percentile: 59.183). The 
model exhibited optimal discriminative ability for recurrence 
in the presence of apparent distinction from the recurrence 
curves of the subgroups based on Kaplan‑Meier analysis 
(Fig. 7). To facilitate the clinical application, two web‑based 
prediction tools (https://preoperative‑prediction.shinyapps.
io/pre‑operative_predict/; and https://preoperative‑prediction.

Figure 2. Construction of the preoperative RSF model and postoperative RSF model for prediction of recurrence in the training cohort. (A) preoperative RSF 
model, (B) postoperative RSF model. RSF, random survival forests; SN, satellite nodules; AST, aspartate aminotransferase; AFP, α‑fetoprotein; TN, tumor 
number; PNLR, platelet‑neutrophil‑lymphocyte ratio; MaVI, macrovascular invasion; TD, tumor diameter; PT, prothrombin time; PLR, platelet‑to‑lymphocyte 
ratio; APTT, activated partial thromboplastin time; HCVAb, hepatitis C virus antibody; HBsAg, hepatitis B virus surface antigen; EG, Edmondson‑Steiner 
classification; TC, tumor capsule; IBT, intraoperative blood transfusion; ALT, aspartate aminotransferase; MVI, microvascular invasion; AFP, α fetoprotein; 
ALB, albumin; PLT, platelet count; TBIL, total bilirubin.
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Figure 3. Time‑dependent AUC of preoperative and postoperative of the RSF model in the training cohort, internal and external validation cohort. (A) training 
cohort, (B) internal validation cohort, and (C) external validation cohort.

Figure 4. Comparison of decision curve analysis between the preoperative and postoperative RSF models and three other models (BCLC, AJCC, and Chinese 
staging system) in predicting recurrence of HCC. (A) Training cohort, (B) internal validation cohort, and (C) external validation cohort. RSF, random survival 
forests; AJCC TNM, American Joint Committee on Cancer Tumor‑Node‑Metastasis; BCLC, Barcelona Clinic Liver Cancer.
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shinyapps.io/post‑operative_predict/) were developed for 
clinicians to use the RSF model (Figs. S1 and S2). This tool 
can output the risk index, risk groups, and the recurrence‑free 
probability at 3, 6, 9, 12, 18, 24, 36, 48, and 60 months. 

As shown in Fig. 8, both preoperative and postoperative 
RSF models could be used to re‑stratify the patients with 
different recurrence risks at BCLC stage A (P<0.0001), BCLC 
stage B (P<0.0001), and BCLC stage C (P=0.0047, preop‑
erative RSF model; P=0.0028, postoperative RSF model), 
respectively. In addition, both preoperative and postoperative 
RSF models could be used to distinguish the patients at the 
AJCC stage IB (P<0.0001), stage II (P<0.0001), stage IIIA 
(P<0.0001), and stage IIIB (P=0.015, preoperative RSF model; 
P=0.0039, postoperative RSF model), respectively (Fig. 9). 
Moreover, the preoperative and postoperative RSF models 
were effective in distinguishing the patients at stage IB of 
the Chinese staging system (P<0.0001), IIA (P<0.0001), IIB 
(P=0.049, preoperative RSF model; P=0.0042, postoperative 
RSF model), and IIIA (P=0.004, preoperative RSF model; 
P=0.0016, postoperative RSF model), respectively (Fig. 10). 

Discussion 

To date, a lack of reliable methods for the prediction of post‑
operative prognosis has been reported among patients with 
HCC (26). As a type of model superior to the CPH model, 
machine learning models offer a novel methodology based on 
their non‑linear functions and can be used to improve the predic‑
tive efficiency for HCC as it considers all possible interactions 
between variables (27). In the present study, two RSF models 
with optimal preoperative and postoperative prediction for 
long‑term prognosis following hepatectomy were constructed, 
and their predictive efficiency was evaluated using internal and 
external validations. The preoperative model contributed to the 
selection of treatment regimens for patients with huge HCC, 
while the postoperative model offered a more accurate and 
individualized prediction of prognosis following surgery.

To the best of our knowledge, this is the first study to vali‑
date a machine‑learning model for predicting the recurrence 
of patients with huge HCC treated with curative resection. 
The data indicated that the RSF model was superior to the 
traditional staging models in model discrimination, clinical 
usefulness, and overall prediction efficiency. The primary 

advantage of the RSF model was attributed to the involved 
variables based on the non‑linear risk function, without 
CPH‑related assumptions. The preoperative and postoperative 
RSF models also indicated that the recurrence of huge HCC 
was primarily associated with tumor characteristics, such as 
MaVI, satellite nodules, tumor number, age, and higher AFP. 
According to previous studies, patients with MaVI may exhibit 
a decrease in liver function reserve, which serves as a high‑risk 
factor for the recurrence of huge HCC (28,29), along with the 
satellite nodule (30). The satellite nodule was an independent 
risk factor for recurrence within 1 year following surgery (31). 
Studies have shown that the tumor number correlated with the 
recurrence of huge HCC (32,33). Xia et al (34) also reported 
that age was an independent risk factor for HCC early recur‑
rence within 1 year of curative hepatectomy. Finally, a recent 
study indicated that a higher AFP level was also associated 
with a high 5‑year recurrence rate of HCC (35). These studies 
further confirmed the association between tumor characteris‑
tics and recurrence prediction by the RSF modeling.

The preoperative and postoperative RSF models of the 
current study were able to re‑stratify patients in the same 
traditional staging system stages and may therefore play a 
supplementary role to the traditional staging system. The 
preoperative RSF model, with a significantly improved predic‑
tive performance than the BCLC staging system, may serve as 
an additional tool for surgeons to identify high‑risk patients 
prior to operation. It is important to note that the preopera‑
tive model can provide an important basis for the selection of 
the treatment regimen. The prognostic discrimination of the 
RSF model was able to accurately stratify patients into three 
prognostic subgroups as shown in Fig. 7. In clinical practice, 
TACE, sorafenib, or other alternative options are usually 
recommended to the patients with a poor RFS score prior to 
surgery and to those with poor tolerance to hepatectomy (36). 
Furthermore, the down‑staging procedures may also be 
considered based on arterial chemoembolization, portal vein 
embolization (37), or even the associated liver partition with 
portal vein ligation for staged hepatectomy (38).

To date, there are still several follow‑up procedures, which 
suggest that HCC patients present with a high possibility of 
recurrence (24). The postoperative RSF model contributes 
to the design of the follow‑up procedures by surgeons, such 
as reduced interval for the follow‑up and more high‑end 

Figure 5. Comparison of prediction error curve between the preoperative and postoperative RSF model and three other models in predicting recurrence of 
HCC. (A) Training cohort, (B) internal validation cohort, and (C) external validation cohort. RSF, random survival forests; AJCC TNM, American Joint 
Committee on Cancer Tumor‑Node‑Metastasis; BCLC, Barcelona Clinic Liver Cancer.

https://www.spandidos-publications.com/10.3892/ol.2023.13861
https://www.spandidos-publications.com/10.3892/ol.2023.13861
https://www.spandidos-publications.com/10.3892/ol.2023.13861


ZHANG et al:  RSF MODELS FOR HUGE HCC10

imaging tests, as well as the utilization of adjuvant therapy 
for those with a high risk of recurrence (39). For the predic‑
tive efficiency of the models, the tdAUC and C‑index of 
the postoperative RSF model were higher than those of the 
preoperative model; the prediction error curve and DCA also 

indicated that the postoperative model was more effective 
compared with that of the preoperative model. Additionally, 
the postoperative model may be superior to the preoperative 
model as it may include pathological variables, such as liver 
cirrhosis, tumor capsule, Edmondson‑Steiner classification, 

Figure 6. The calibration curves for predicting the 1‑, 3‑, and 5‑year recurrence using the preoperative and postoperative random survival forests model. 
(A and D) Training cohort, (B and E) internal validation cohort, (C and F) external validation cohort. 
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MIV, as well as intraoperative blood transfusion. Patients with 
a huge HCC without tumor capsule were not likely to show 
a clear resection margin, leading to increased operative risks 
and a poorer prognosis following hepatectomy. Previously, a 
tumor size of ≥10 cm with no tumor capsule was shown to 
be an independent prognostic factor for poor OS and RFS 
after hepatectomy (40). Therefore, a complete tumor capsule 
for a huge HCC was an important factor for surgical safety 
and optimal long‑term survival. Furthermore, an intact tumor 
capsule was considered a protective factor for recurrence, 
especially for those with huge tumors as it may inhibit local 
and vascular invasion (41,42). It has been well acknowledged 
that liver cirrhosis is related to the pathogenesis of HCC (43). 
In line with the previous data (44), the results of the present 
study confirmed that MVI was an independent risk factor 
for recurrence in huge HCC. Previously, Edmondson‑Steiner 
grade had been reported as an independent predictive factor for 
recurrence (45). Wang et al (46) indicated that intraoperative 
transfusion of allogeneic blood was associated with a poorer 
clinical prognosis in patients with huge HCC who underwent 
radical hepatectomy. When the preoperative and postopera‑
tive models were used simultaneously, the preoperative model 

should be selected in the presence of indication of a poor prog‑
nosis for the preoperative model and the optimal prognosis 
based on the postoperative model, as the cost of shortening the 
follow‑up interval was considerably lower than that of the cost 
of HCC recurrence. In the future, more prospective studies are 
required to distinguish the model with improved predictive 
power.

In addition, two inflammatory indices were included in the 
present study. According to VIMP analysis, PNLR and PLR 
were two important risk factors for the recurrence of huge 
HCC. According to previous studies, PNLR or PLR can be 
used as clinical indicators of the host inflammatory response 
and immune status, while an increasing PNLR or PLR is a 
strong predictor of poor survival in certain types of malig‑
nancies (47‑50). It has been reported that a higher PNLR and 
PLR were correlated with a poorer prognosis among patients 
with HCC (48). Given that PNLR and PLR consist of a serum 
neutrophil count, a lymphocyte count, and a platelet count, 
a change in PNLR and PLR could be viewed as a relative 
increase in the number of neutrophils and platelet count, or 
a relative decrease in the number of lymphocytes. It has been 
demonstrated that neutrophils may promote tumor growth by 

Figure 7. Kaplan‑Meier plots for recurrence free survival rate of risk subgroups defined by the RSF model scores. (A) Preoperative RSF model, training 
cohort; (B) preoperative RSF model, internal validation cohort; (C) preoperative RSF model, external validation cohort; (D) postoperative RSF model, training 
Cohort; (E) postoperative RSF model, internal validation cohort; and (F) postoperative RSF model, external validation cohort. RSF, random survival forests.

https://www.spandidos-publications.com/10.3892/ol.2023.13861
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increasing vascular endothelial growth factor, which serves 
as an important factor in promoting tumor angiogenesis (51). 
By contrast, several experimental studies have confirmed the 
relationship between the presence of malignancy and throm‑
bocytosis (52‑54). Following an increase in their number, the 
platelets can secrete several types of growth factors, which may 
stimulate the growth and proliferation of the tumor. Lastly, 
serving as one of the most important components of antitumor 
immunity, the reduction of the lymphocyte number was 
suggestive of abnormal immune mechanisms and a decline in 
antitumor immunity, which subsequently contributed to tumor 
invasion and metastasis (55). PNLR and PLR may reflect the 
tumor inflammation and immune status in the body; once 
this dynamic balance is interrupted, the tumor inflamma‑
tory response and antitumor inflammatory response will be 
destroyed. On this basis, normal immune function is impaired, 
thereby promoting metastasis and invasion of malignancies. 
It may help to explain why PNLR and PLR can be used to 
evaluate the probability of recurrence among patients with 
HCC. In the future, further studies are required to illustrate the 
mechanism underlying the association between PNLR, PLR, 
and the recurrence of huge HCC. 

The present study has certain limitations. Firstly, this 
was a retrospective study involving a relatively small sample 

size, which may lead to unavoidable selection bias. Secondly, 
other variables that may be associated with the prognosis of 
patients with HCC (such as postoperative adjunctive therapies) 
were not evaluated in the present study. Thirdly, the model 
established was primarily based on two Chinese institutions 
of patients with HCC in hepatitis B virus‑endemic areas. 
Additional cohorts from different geographic locations are 
required to validate our model to extend the results to patients 
with HCC of various etiologies. Finally, the present study was 
generated using data from patients who underwent radical 
resection, which may not be applicable for patients receiving 
other therapies, such as TACE and sorafenib. In the future, 
additional prospective studies involving long‑term follow‑up 
are essential to extend the feasibility of the established model.

In summary, the present study developed preoperative 
and postoperative RSF models based on machine learning 
algorithms for predicting the risk of huge HCC following resec‑
tion. These two RSF models have accurate predictive ability 
and can play a supplementary role to the traditional staging 
system. Patients classified as high risk for recurrence based 
on the preoperative RSF model were recommended to receive 
non‑surgical based treatment, or down‑staging procedures 
followed by surgery, while those with low or moderate risks 
of recurrence on the preoperative model were recommended 

Figure 8. Kaplan‑Meier plots for recurrence free survival rate of risk subgroups defined by the RSF model scores in the different BCLC stages. (A) Preoperative 
RSF model, BCLC A stage; (B) preoperative RSF model, BCLC B stage; (C) preoperative RSF model, BCLC C stage; (D) postoperative RSF model, BCLC A 
stage; (E) postoperative RSF model, BCLC B stage; and (F) postoperative RSF model, BCLC C stage. RSF, random survival forests; BCLC, Barcelona Clinic 
Liver Cancer.
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Figure 9. Kaplan‑Meier plots for recurrence free survival rate of risk subgroups defined by the RSF model scores in different AJCC8th stage. (A) preoperative 
RSF model, AJCC8th IB stage; (B) postoperative RSF model, AJCC8th IB stage; (C) preoperative RSF model, AJCC8th II stage; (D) postoperative RSF 
model, AJCC8th II stage; (E) preoperative RSF model, AJCC8th IIIA stage; (F) postoperative RSF model, AJCC8th IIIA stage; (G) preoperative RSF model, 
AJCC8th IIIB stage; and (H) postoperative RSF model, AJCC8th IIIB stage. RSF, random survival forests; AJCC, American Joint Committee on Cancer; RSF, 
random survival forests; American Joint Committee on Cancer.

https://www.spandidos-publications.com/10.3892/ol.2023.13861
https://www.spandidos-publications.com/10.3892/ol.2023.13861
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Figure 10. Kaplan‑Meier plots for recurrence free survival rate of risk subgroups defined by RSF model scores in different Chinese stage. (A) Preoperative 
RSF model, Chinese IB stage; (B) postoperative RSF model, Chinese IB stage; (C) preoperative RSF model, Chinese IIA stage; (D) postoperative RSF model, 
Chinese IIA stage; (E) preoperative RSF model, Chinese IIB stage; (F) postoperative RSF model, Chinese IIB stage; (G) preoperative RSF model, Chinese 
IIIA stage; and (H) postoperative RSF model, Chinese IIIA stage. RSF, random survival forests.
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to receive surgery. It was suggested that patients with high 
risk of recurrence based on the postoperative model should 
receive postoperative adjuvant therapy (such as TACE), while 
follow‑up and monitoring were suggested for those with low 
and moderate risks.
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