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Background: With the increasing prevalence of obesity and type 2 diabetes, the number of patients with hepatitis B virus (HBV)-
related hepatocellular carcinoma (HCC) coexisting with hepatic steatosis is steadily rising. However, the impact of hepatic steatosis on
tumor recurrence following radical resection remains unclear.

Methods: We retrospectively analyzed a cohort of 733 HBV-infected patients diagnosed with HCC who underwent curative liver
resection. Propensity score matching (PSM) was performed at a 1:2 ratio using 12 covariates to reduce selection bias and explore the
association between preoperative hepatic steatosis and recurrence-free survival (RFS). Furthermore, we constructed a postoperative
recurrence prediction model based on hepatic steatosis and other clinicopathological factors using 101 combinations of machine
learning algorithms. The optimal model was identified through comprehensive evaluation and validation.

Results: After PSM, survival analysis revealed that patients without hepatic steatosis had significantly better RFS compared to those
with steatosis. Multivariate Cox regression analysis confirmed that preoperative hepatic steatosis was an independent risk factor for
recurrence following radical resection (P = 0.006, HR:1.564, 95% CI:1.137-2.150). A recurrence prediction model was developed
using hepatic steatosis and additional clinicopathological features through machine learning. Among the 101 models tested, the
Random Survival Forest (RSF) model exhibited the best predictive performance, achieving a C-index of 0.719 in the training cohort.
The model demonstrated high predictive accuracy for 1-, 2-, and 3-year recurrence, with AUC of 0.782, 0.856, and 0.898, respectively.
Compared to conventional staging systems such as BCLC and CNLC, our model achieved superior performance, and decision curve
analysis (DCA) demonstrated favorable clinical utility.

Conclusion: Preoperative hepatic steatosis is an independent predictor of recurrence after radical resection in patients with HBV-
related HCC. The RSF-based machine learning model incorporating hepatic steatosis and other clinicopathological factors effectively
predicts postoperative recurrence risk and may facilitate personalized clinical decision-making in this patient population.
Keywords: hepatocellular carcinoma, recurrence, hepatic steatosis, machine learning

Introduction
Liver cancer is the sixth most common malignancy worldwide and the third leading cause of cancer-related mortality."
Hepatocellular carcinoma(HCC) accounts for approximately 90% of all liver cancer cases.” Radical resection remains the
most effective therapeutic approach for HCC.** However, the postoperative recurrence rate remains high, with up to 70%
of patients experiencing tumor recurrence following radical resection.” Given the considerable heterogeneity of HCC, it
is essential to further explore potential risk factors associated with recurrence.

The development of HCC is typically associated with chronic liver diseases, such as hepatitis B virus (HBV) infection
and nonalcoholic fatty liver disease (NAFLD). Although HBV infection does not directly promote hepatic steatosis,

Journal of Hepatocellular Carcinoma 2025:12 2459-2475 2459
Received: 26 May 2025 © 2025 Hao et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at httpx / Iwww.dovepress.com/terms.php
AT 2nd incorporate the Creative Commons Attribution — Non Commercial (unported, v4.0) License (http://creati li nc/4.0/). By accessing the work

Accepted: 22 October 2025
Published: 1 November 2025

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, pmwded the work is properly attributed. For
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).


http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/4.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com

Hao et al

hepatic steatosis is increasingly observed in patients with chronic hepatitis B (CHB). In China, the prevalence of biopsy-
confirmed hepatic steatosis among CHB patients has risen significantly—from 8.2% to 31.8% over the past decade.” This
increase is partially attributed to the growing prevalence of obesity and type 2 diabetes, which contribute to lipid
accumulation in hepatocytes.®

The relationship between chronic HBV infection and hepatic steatosis has been examined in several studies. However,
a recent meta-analysis suggests that the impact of hepatic steatosis on HBV-related HCC (HBV-HCC) remains
inconclusive.” In particular, the prognostic implications of hepatic steatosis for postoperative recurrence in HBV-HCC
patients have not been clearly elucidated. While our NER (Neutrophil-to-Eosinophil Ratio)-based algorithm addressed
hematological prognostic markers,® the current work establishes hepatic steatosis as a critical histopathological predictor
for HBV-HCC recurrence after surgical resection. Furthermore, to provide a more individualized risk assessment, we
developed a machine learning—based predictive model. To enhance the robustness of our findings and minimize the
effects of confounding variables, we utilized propensity score matching (PSM) in our analysis.”

Patients and Methods

Patients
The cohort construction process is depicted in Figure 1. We retrospectively collected data from 1036 hepatitis B patients
with HCC who underwent hepatectomy at the Qingdao University Affiliated Hospital from 2010 to 2023. Patients who
test positive for the hepatitis B surface antigen (HBsAg) in pre-operative infectious disease screening are defined as
having hepatitis B.'” These patients were diagnosed with HCC through postoperative pathology, and underwent RO
resection. All patients had a Child-Pugh grade A liver function.

Continue screening patients according to the following exclusion criteria: (1) diagnosis of other concurrent malig-
nancies; (2) receipt of preoperative interventions or other anti-tumor treatments; (3) postoperative liver transplantation;
(4) presence of major vascular invasion confirmed by pathology; (5) coinfection with hepatitis C virus (HCV); and (6)

A total of 1,036 patients with positive hepatitis B surface antigen (HBsAg)
underwent curative resection for hepatocellular carcinoma (HCC) at the
Affiliated Hospital of Qingdao University between 2010 and 2023, with
postoperative pathology confirming the diagnosis of HCC.

Exclusion criteria:(n = 299)

1.Received preoperative interventions (transarterial chemoembolization,radiofrequency
ablation).

2.Underwent targeted therapy or immunotherapy prior to surgery.

3.Underwent partial tumor resection or received palliative treatment.

4.Lost to follow-up after surgery.

The cohort consisted of 733 patients, with a
steatosis to non-steatosis ratio of 100 to 633.

Jl After propensity score matching

A 4

I A cohort of 300 patients was established. I

A\ 4

The cohort was randomly divided into a training set (n
=210) and a validation set (n = 90) in a 7:3 ratio.

< 101 machine learning models.

A 4

The random forest model was selected as the optimal model for predicting recurrence risk.

Figure | Flowchart of patient selection, matching, and modeling procedures.
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incomplete baseline or follow-up data. In addition, patients with a history of alcohol abuse were excluded to avoid
confounding effects on hepatic steatosis and liver fibrosis. Alcohol abuse was defined as a weekly alcohol intake
exceeding 210 grams for men and 140 grams for women.'"

In order to reduce the influence of selection bias and confounding factors, propensity score matching (PSM) was
employed. The research protocol adhered to the ethical guidelines outlined in the Declaration of Helsinki. Prior to
undergoing surgery, written consent was secured from each participant and their direct relatives, ensuring
a comprehensive understanding of the process facilitating the utilization of tumor tissue and medical information for

scientific investigation objectives.

Clinicopathological Findings

Baseline clinical and laboratory data were collected, including demographic information (age, sex, date of surgery), liver
function tests (total protein, albumin, total bilirubin, ALT, AST, y-GT), complete blood count (hemoglobin, red blood cell
count, platelet count, neutrophil count, eosinophil count, basophil count), and tumor markers (alpha-fetoprotein, AFP).
HBYV serological markers (HBsAg, HBeAg, anti-HBe, anti-HBc) were also recorded. Tumor-related characteristics were
assessed, including maximum tumor diameter, tumor number, microvascular invasion, capsule invasion, presence of
satellite nodules, and histological differentiation. Hepatic steatosis was defined histologically as the presence of lipid
droplets in more than 5% of hepatocytes on hematoxylin-eosin—stained liver tissue sections.'' Patients with intratumoral
steatosis identified on pathological examination but without hepatic steatosis in the surrounding liver tissue were
excluded from the cohort.

Follow-Up

Postoperative follow-up was conducted through outpatient visits. Patients were followed monthly during the first 3 months,
every 3 months for the first 2 years, and every 3—6 months thereafter. Tumor recurrence was monitored via imaging modalities.
If elevated AFP levels were detected, further imaging such as contrast-enhanced CT or PET-CT was performed. In the event of
recurrence, patients received additional treatment, including reoperation, microwave ablation, or transcatheter arterial
chemoembolization (TACE). Prognostic data were obtained through clinical visits or telephone interviews. The final follow-
up date was September 2023. Recurrence-free survival (RFS) was defined as the time from the date of surgery to the date of
first documented recurrence (either local or distant metastasis) or liver cancer—related death.

Propensity Score Matching (PSM)
To reduce potential selection bias, PSM was performed using a 1:2 nearest-neighbor matching algorithm with
a caliper width of 0.1 (Supplemental Figure 1). We employed the cutoff package in R to convert continuous

variables into binary variables prior to propensity score matching. This package determines optimal cut-off values
based on the maximization of statistical discrimination, such as log-rank statistics or the area under the curve
(AUC). Although some baseline characteristics have internationally recognized clinical thresholds, we chose to
derive data-driven cut-offs based on statistical criteria to identify thresholds more suitable for our specific cohort.
This approach enhances the sensitivity and specificity of subsequent analyses. Standard thresholds may not
adequately capture the characteristics of the study population, whereas the data-adaptive method ensures better
balance between groups and strengthens the robustness of the propensity score model. The following baseline
variables were included in the model for matching: sex (male vs female), age (>68 years), tumor diameter (>3.6 cm),
total protein (=73.4 g/L), total bilirubin (=14.89 umol/L), prothrombin time (=12.10s), international normalized ratio
(INR > 0.98), thrombin time (>1.36s), D-dimer (=60 ng/mL), antithrombin III (>66.70 mg/L), fibrinogen (>2.78 g/
L), white blood cell count (>5.12 x 10°/L), bile acid (>0.10 pmol/L), alkaline phosphatase (=96 U/L), ALT (>18.6
U/L), AST (>25.9 U/L), triglycerides (>1.20 mmol/L), total cholesterol (>3.42 mmol/L), HDL-C (>1.06 mmol/L),
LDL-C (>2.77 mmol/L), AFP (>209.8 ng/mL), preoperative blood glucose (>5.63 mmol/L), and body mass index
(BMI > 22 kg/m?).
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Model Construction, Evaluation, and Explanation

Ten machine learning techniques and a total of 101 algorithmic permutations were employed to develop predictive
models, encompassing Random Survival Forest (RSF), Elastic Net (Enet), among others. Lasso, Ridge, Stepwise Cox
regression, CoxBoost, Cox partial least squares regression (plsRcox), Supervised Principal Components (SuperPC),
Generalized Boosted Regression Model (GBM), and other statistical techniques, and Survival Support Vector Machine
(survival-SVM). For every algorithm, the Harrell’s concordance index (C-index) was computed on both the training and
testing datasets. The predictive model that exhibited the highest average C-index across all datasets was deemed the most
optimal. Discrimination modeling was further assessed through the calculation of the area under the receiver operating
characteristic curve (AUC). To assess clinical applicability, decision curve analysis (DCA) and calibration plots were
employed. Extending our established machine learning framework, this study employed SHapley Additive exPlanations
(SHAP) values to quantify feature contributions and determine variable importance rankings in model predictions.®

Statistical Analysis

The normality of continuous variables was assessed using the Shapiro—Wilk test. For variables with normal distributions,
intergroup comparisons were performed using independent samples #-tests, while non-normally distributed variables were
compared using the Mann—Whitney U-test. Variables with a missing data rate exceeding 20% were excluded from the
analysis, whereas those with missing data below 20% were imputed using multiple imputation techniques. All covariates
were dichotomized, and categorical variables were compared using the chi-square (y?) test. Hazard ratios (HRs) and 95%
confidence intervals (Cls) for recurrence risk were estimated using univariate and multivariate Cox proportional hazards
regression models. Kaplan— Meier survival curves were constructed to estimate recurrence-free survival, and the Log
rank test was used to compare survival distributions between groups. Variables with a p-value < 0.05 were considered
statistically significant. All statistical analyses and model construction were conducted using R software (version 4.3.2).

Results

Baseline Clinical Characteristics and Propensity Score Matching

Baseline clinical characteristics of the 733 patients are summarized in Table 1, among whom 100 (13.6%) were
diagnosed with hepatic steatosis involving more than 5% of hepatocytes. The cohort included 133 females and 600
males, with a median age of 54 years (range: 30-87 years). Before propensity score matching (PSM), significant
differences were observed between the steatosis and non-steatosis groups in terms of microvascular invasion (MVI),
age, neutrophil count, eosinophil count, alpha-fetoprotein (AFP), tumor size, preoperative blood glucose, triglycerides,
and cholesterol levels. To reduce the impact of confounding variables, we performed PSM based on the following

Table | The Baseline Characteristics of the Patients Before PSM

Variable Non-Steatosis Steatosis P Value
(n=633) (n=100)
Sex Male 520 80 0.604
Female 113 20
Age (year) 58.01+9.73 61.2118.74 0.002
BMI (kg/mz) 24.50+3.95 24.67+3.40 0.677
Diabetes Yes 554 83 0.213
No 79 17
Cirrhosis Yes 249 41 0.752
No 384 59
Number Simple 605 89 0.009
Multiple 29 I
(Continued)
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Table | (Continued).

Variable Non-Steatosis Steatosis P Value
(n=633) (n=100)
Size (cm) 4.63%3.17 3.58+2.47 0.002
MVI Yes 310 34 0.005
No 323 66
AFP (ng/mL) 3087.82+24197.52 | 6683.84+59814.77 0.290
Blood glucose (mmol/L) 5.89+10.86 6.15+2.11 08Il
TP (g/L) 69.73+6.09 69.43+6.54 0.650
ALB (g/L) 42.47+5.84 41.81+4.07 0.276
TBIL (umol/L) 19.26+8.88 17.95+7.52 0.163
ALT (U/L) 49.12+81.48 44.92+69.02 0.626
AST (U/L) 41.11+£56.23 35.55+48.53 0.351
GGT (U/L) 59.58+84.70 67.57+115.04 0.408
WBC (10%1L) 14.84+169.42 5.46x1.65 0.580
Prothrombin time (s) 11.09+1.36 11.40+1.37 0.033
INR 4.78+0.98 18.63+0.10 <0.001
D-dimer (ng/mL) 305.79+675.34 349.38+339.57 0.528
Antithrombinlll (mg/L) 82.58+20.51 83.76+17.99 0.586
Fibrinogen (g/L) 2.76+3.23 3.44+7.92 0.131
BA (umol/L) 0.13+0.18 0.16+0.26 0.174
ALK (U/L) 81.15£38.06 83.79+£53.95 0.548
HDL (mmol/L) 1.34+0.35 1.260.31 0.032
LDL (mmol/L) 2.58+0.76 2.67+0.62 0.252
TG (mmol/l) 0.96+0.65 1.22+0.71 <0.001
TC (mmol/L) 4.45+1.07 4.52+0.94 0.510

Note: Bold values indicate statistically significant differences (p < 0.05).

covariates: age, sex, tumor size, tumor number, MVI, AFP, preoperative blood glucose, neutrophils, eosinophils,
basophils, triglycerides, total cholesterol, HDL-C, LDL-C, body mass index (BMI), cirrhosis, and type 2 diabetes
mellitus. This process resulted in a well-balanced matched cohort of 100 patient pairs. The standardized mean differences
(SMDs) for all variables were below 0.1, except for BMI, which had a marginally higher SMD of 0.11, indicating
excellent comparability between groups. The matched characteristics are shown in Table 2. In the matched cohort, the
median recurrence-free survival (RFS) for patients with hepatic steatosis was 18.7 months [95% CI: 21.8-33.5],
compared to 24.1 months [95% CI: 29.0-36.2] in patients without steatosis.

Table 2 Absolute Standardized Mean Differences (SMD) After
Propensity Score Matching for Baseline Covariates

Variable Non-Steatosis | Steatosis | SMD
(n=215) (n=85)
Sex Male 166 67 <0.1
Female 46 18
Age (years) 2 68 40 20 <0.1
< 68 175 65
BMI (kg/m?) 222 194 75 0.11
<22 21 10
Diabetes Yes 27 14 <0.1
No 188 71
(Continued)
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Table 2 (Continued).

Variable Non-Steatosis | Steatosis | SMD
(n=215) (n=85)

Cirrhosis Yes 128 50 <0.1
No 87 35

Size (cm) 236 105 33 <0.1
<36 110 52

Number Multiple 14 7 <0.1
Single 201 78

MVI Yes 82 33 <0.1
No 133 52

AFP (ng/mL) =209.8 66 20 <0.1
<209.8 149 65

Blood glucose (mmol/L) | = 5.63 69 30 <0.1
< 5.63 146 55

TP (g/L) = 73.40 59 22 <0.1
<7340 156 63

ALB (g/L) 2 44.72 52 22 <0.1
<4472 163 63

TBIL (umol/L) 2 14.89 129 51 <0.1
< 14.89 86 34

ALT (U/L) 2 18.60 84 32 <0.1
< 18.60 131 53

AST (U/L) = 2590 126 48 <0.1
<2590 89 37

GGT (U/L) = 44.00 90 34 <0.1
< 44.00 125 51

WBC (10°/L) 2512 16 45 <0.1
<5.12 99 40

Prothrombin Time (s) 2 12.10 123 48 <0.1
<210 92 37

INR > 0.98 109 44 <0.1
<0.98 106 41

D-dimer (ng/mL) 2 60 4 [ <0.1
< 60 211 84

Antithrombin [l (%) 2 66.70 45 19 <0.1
< 66.70 170 66

Fibrinogen (g/L) 2278 71 29 <0.1
<278 144 56

BA (umol/L) 20.10 97 38 <0.1
<0.10 118 47

ALK (U/L) =96 46 16 <0.1
<96 169 69

HDL (mmol/L) = .06 157 62 <0.1
< 1.06 58 23

LDL (mmol/L) 2277 87 35 <0.1
<277 128 50

TG (mmol/L) = 1.20 75 32 <0.1
<1.20 140 53

TC (mmol/L) > 342 195 78 <0.1
<342 20 7

2464 https: Journal of Hepatocellular Carcinoma 2025:12



Hao et al

Clinicopathological Factors Associated with Prognosis in HBV-HCC

As of the final follow-up in September 2023, a total of 437 patients experienced tumor recurrence, including 70 (16.0%)
with hepatic steatosis and 367 (84.0%) without. Univariate Cox regression identified several variables significantly
associated with recurrence, including hepatic steatosis, microvascular invasion (MVI), tumor size and number, albumin,
alpha-fetoprotein (AFP), white blood cell (WBC) count, high-density lipoprotein cholesterol (HDL-C), total bilirubin
(TBIL), and fibrinogen (Table 3).

In the multivariate Cox regression model, hepatic steatosis emerged as a significant independent risk factor
(HR:1.564, 95% CI: 1.137-2.150, P < 0.006), alongside MVI (HR:1.382, 95% CI: 1.011-1.890, P = 0.043), tumor
number (HR:1.518, 95% CI: 1.063-2.168, P = 0.022), tumor size (HR:1.880, 95% CI: 1.389-2.545, P < 0.001), AFP
(HR:1.457, 95% CI: 1.046-2.031, P = 0.026), and WBC count (HR:1.466, 95% CI: 1.075-2.000, P = 0.016).

On the other hand, HDL-C (HR:0.638, 95% CI: 0.459-0.887, P = 0.008) and albumin (HR:0.687, 95% CI:
0.473-0.998, P = 0.049) were identified as protective factors against recurrence.

Table 3 Univariate and Multivariate Cox Regression Analyses of Risk Factors
Associated with Recurrence-Free Survival (PFS) After Surgery in the Total

Cohort

Variables Univariate Analysis Multivariate Analysis
HR (95% CI) P HR (95% CI) P

Sex 1.237(0.855-1.790) | 0.259
Age 1.096(0.770-1.559) | 0.610
Bmi 1.134(0.668-1.925) | 0.641
Diabetes 0.734(0.468-1.149) | 0.176
Cirrhosis 1.055(0.779—1.429) | 0.728
Number I1.511(1.077-2.120) | 0.017 1.518(1.063-2.168) | 0.022
Size 1.749(1.303-2.349) | <0.001 | 1.880(1.389-2.545) | <0.001
Mvi 1.685(1.251-2.270) | 0.001 1.382(1.011-1.890) | 0.043
Steatosis 1.432(1.048-1.956) | 0.024 1.564(1.137-2.150) | 0.006
AFP 1.591(1.160-2.180) | 0.004 1.457(1.046-2.031) | 0.026
Blood glucose 1.048(0.768-1.431) | 0.766
TP 0.854(0.610-1.195) | 0.357
ALB 0.692(0.482-0.995) | 0.047 0.687(0.473-0.998) | 0.049
TBIL 0.682(0.507-0.918) | 0.012 0.696(0.514-0.943) | 0.019
ALT 0.973(0.720-1.314) | 0.858
AST 1.153(0.855-1.556) | 0.350
GGT 1.385(1.031-1.860) | 0.030 1.168(0.851-1.603) | 0.337
WBC 1.401(1.037-1.892) | 0.028 1.466(1.075-2.000) | 0.016
Prothrombin time | 1.329(0.986-1.791) | 0.061
INR 1.125(0.838-1.509) | 0.433
D-dimer 1.955(0.485-7.882) | 0.346
Antithrombin Il 0.738(0.503-1.081) | 0.119
Fibrinogen 1.488(1.099-2.016) | 0.010 1.306(0.951-1.795) | 0.099
BA 1.213(0.904-1.626) | 0.198
ALK 1.239(0.871-1.761) | 0.233
HDL 0.703(0.511-0.967) | 0.030 0.638(0.459-0.887) | 0.008
LDL 1.166(0.869—1.566) | 0.306
TG 1.030(0.759-1.397) | 0.851
TC 0.848(0.521-1.381) | 0.507

Note: Bold values indicate statistically significant differences (p < 0.05).
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Recurrence-Free Survival (RFS) Analysis

Median follow-up of 58.8 months (95% CI, 53.0 to 68.2 months) calculated by the reverse Kaplan-Meier method. Based
on the results of multivariate Cox regression, Kaplan—-Meier (KM) survival curves were plotted for hepatic steatosis
status under different clinical subgroups. Variables that remained statistically significant in the multivariate model
included MVI, tumor size, tumor number, albumin, AFP, WBC count, HDL-C, and total bilirubin. In the overall cohort,
patients with hepatic steatosis showed worse Recurrence-free survival (RFS) than those without (Figure 2A). In patients
with negative MVI, tumor diameter < 3.6 cm, solitary tumor, albumin > 44.72 g/L, AFP < 209.8 ng/mL, WBC count <
5.12 x 10°/L, HDL-C > 1.06 mmol/L, and total bilirubin < 14.89 pmol/L, the presence of hepatic steatosis was
consistently associated with shorter RFS (Figure 2B-E).

Machine Learning Model Development and Performance Evaluation
Patients with HBV-HCC were randomly divided into a training set (n = 210) and a validation set (n = 90) in a 3:1 ratio.
Complete clinical and pathological information for both sets is provided in the Supplemental Table 1. In the training set,

variables identified as independent prognostic factors through multivariate Cox analysis were used for model construc-
tion. Seven features—including hepatic steatosis, MVI, HDL-C, LDL-C, triglycerides, albumin, and tumor number—
were selected to build the model. A total of 101 combinations across 10 machine learning algorithms were tested
(Figure 3A). The Random Survival Forest (RSF) model showed the highest concordance index, and when the number of
trees reached 1000, the error rate plateaued (Figure 3B). The final RSF model achieved a C-index of 0.719 in the training
set and 0.634 in the validation set. The feature importance ranking from the random forest model revealed that hepatic
steatosis was among the most influential predictors contributing to the model’s performance (Figure 3C).

In the training set, the area under the curve (AUC) for 1-year, 2-year, and 3-year predictions were 0.782, 0.856, and
0.898, respectively. In the validation set, the AUCs were 0.660, 0.772, and 0.775, respectively (Figure 3D and E).
Calibration curves demonstrated good consistency between predicted and observed outcomes (Figure 4A and B).
Decision curve analysis (DCA) in the full cohort showed that the developed model offered higher net clinical benefit
compared to widely used staging systems, including the Barcelona Clinic Liver Cancer (BCLC) and China Liver Cancer
(CNLC) staging systems, for predicting 1-, 3-, and 5-year recurrence risk (Figure 4C—H). Overall, the machine learning
model developed in this study outperformed other conventional models in predictive accuracy.

To elucidate the contribution of individual clinical features to the risk stratification model, we applied Shapley Additive
Explanations (SHAP) analysis to the Random Survival Forest (RSF) model. As shown in Figure 5A, Tumor Size was
identified as the most influential variable, exhibiting the highest mean SHAP value (13.72), followed by microvascular
invasion (MVI, 8.37), total bilirubin (TBIL, 7.79), and Hepatic Steatosis (4.71). These variables exerted a considerable
impact on the predicted relapse risk. The SHAP summary plot in Figure 5B provides a more granular view of feature
influence at the individual patient level. High values of Tumor Size, MVI, and TBIL were predominantly associated with
increased relapse risk, as indicated by the rightward shift of yellow dots. Conversely, low levels of albumin and high tumor
number showed a relatively weaker effect on the model output. These findings confirm that tumor burden and hepatic
function-related indices are key determinants in relapse prediction among HBV-related HCC patients.

Risk Stratification and Prognostic Classification
Following model construction, a recurrence risk score was calculated for each patient. Based on the optimal threshold
(54.19), patients in the training set were classified into high- and low-risk groups. A total of 104 patients with scores
below 54.19 were defined as low risk, while those with scores above the threshold were classified as high risk. Kaplan—
Meier survival analysis was performed to visualize differences in RFS between the two risk groups. The results
confirmed that the model exhibited good performance in distinguishing between high- and low-risk patients for
recurrence after radical resection of HBV-related HCC (Figure 5C and D).

To further illustrate the clinical and pathological heterogeneity of patients with and without hepatic steatosis, we
selected two representative cases from our cohort. These cases emphasize the potential role of hepatic steatosis in
promoting early recurrence following radical resection for HBV-related HCC (Figure 6A—D).
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Figure 3 Machine learning model selection and performance evaluation. (A) Comparison of 101 machine learning model combinations based on C-index in the training,
validation, and overall cohorts. The Random Survival Forest (RSF) model achieved the highest overall performance. (B) Error rate curve of the RSF model as a function of
the number of trees, showing stabilization after approximately 300 trees. (C) Variable importance plot of the RSF model, highlighting the top contributing features. Time-
dependent ROC and corresponding AUC for relapse-free survival prediction at |, 3, and 5 years in the training cohort (D) and validation cohort (E).

Discussion

Previous studies have suggested that hepatic steatosis may contribute to the development of HCC in patients with
hepatitis B. Xu et al investigated the impact of hepatic steatosis on postoperative outcomes in hepatocellular carcinoma
(HCC) patients undergoing laparoscopic hepatectomy but found no significant association.'> Our findings on the
significant negative impact of MAFLD on long-term survival appear to contrast with previous reports by Yoon et al
and Lin et al, which concluded that fatty liver disease had no significant prognostic effect in patients with HBV-related
HCC after resection.'*'* Several methodological distinctions may explain this discrepancy. The study by Yoon et al,'
which also employed PSM, included a notably smaller cohort compared to our present study. The larger sample size in
our analysis provides greater statistical power to detect a significant difference, potentially uncovering a effect that was
underpowered in earlier, smaller studies. Furthermore, the study by Lin et al,"* focused specifically on the spectrum of
hepatic steatosis and steatohepatitis by excluding patients without liver fat accumulation. While this design offers
valuable insights into the disease severity, it precludes a direct comparison of outcomes between patients with versus
without hepatic steatosis—which was the central question of our investigation. Our study design, which included all
comers and then stratified them based on hepatic steatosis diagnosis, may more accurately reflect the real-world
prognostic implication of concurrently having hepatic steatosis in the entire HBV-HCC population undergoing surgery.
Therefore, the enhanced power of our larger cohort and the differences in patient selection criteria likely contribute to the
novel identification of hepatic steatosis as an independent risk factor for worse survival in this setting. In our study, we
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Figure 5 SHAP analysis and risk stratification based on the RSF model. (A) Mean SHAP values of the top nine features contributing to the Random Survival Forest (RSF)
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feature value (purple: low; yellow: high), illustrating the impact of each feature on model output. (C and D) Kaplan—Meier curves for recurrence-free survival (RFS) stratified
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demonstrated that hepatic steatosis significantly promotes tumor recurrence following radical resection in patients with
HBV-related HCC. Kaplan—Meier survival analysis revealed that patients without hepatic steatosis had significantly
better recurrence-free survival (RFS) compared to those with steatosis. Furthermore, multivariate Cox regression analysis
identified hepatic steatosis as an independent risk factor for tumor recurrence. To strengthen the validity of our findings,
we applied propensity score matching (PSM) to balance baseline characteristics, thereby simulating a randomized
controlled trial and minimizing potential confounding bias. Additionally, we employed a comprehensive ensemble of
101 machine learning models to identify the most effective predictive approach. The Random Survival Forest (RSF)
model demonstrated the highest predictive performance. Using SHAP value analysis, hepatic steatosis emerged as the
fourth most important variable influencing the model’s predictions. Decision curve analysis (DCA) further confirmed that
our model offers greater clinical benefit than traditional staging systems, such as the Barcelona Clinic Liver Cancer
(BCLC) and China Liver Cancer (CNLC) systems, in predicting recurrence risk.

Although numerous clinical and pathological factors influencing HCC prognosis have been reported, accurately
identifying and evaluating these predictors remains challenging. Hepatic steatosis is commonly associated with hyper-

glycemia, insulin resistance, and oxidative stress.'” Epidemiologically, it is more prevalent among individuals with
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Histopathological examination showed a poorly differentiated tumor without evidence of hepatic steatosis (D). Despite receiving similar surgical treatment, the patient
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obesity and type 2 diabetes.” As a central organ in lipid homeostasis, the liver is intricately involved in metabolic
dysfunction, which is increasingly recognized as a key factor in hepatocarcinogenesis.'® Several lipid-synthesizing
enzymes are significantly upregulated in HCC. Moreover, hepatocellular stress—such as endoplasmic reticulum (ER)

stress and mitochondrial dysfunction—can exacerbate insulin resistance and promote hepatic fat accumulation.'” In
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patients with nonalcoholic fatty liver disease (NAFLD), macrophage activation leads to the release of inflammatory
cytokines, including tumor necrosis factor (TNF) and interleukin-6 (IL-6), thereby facilitating the progression from
simple steatosis to steatohepatitis and ultimately to HCC.'® Hepatic steatosis may also reduce CD4+ T cell levels, impair
immune surveillance, and contribute to immune evasion.'” Recent work by Hiroki et al highlighted the association
between hepatic steatosis and immune exhaustion within the tumor immune microenvironment (TIME) in liver cancer.?’

It remains uncertain whether metabolic dysregulation is a cause or consequence of HCC. However, several large-scale studies
have shown that hepatitis B surface antigen (HBsAg)-positive patients often exhibit dysregulated lipid metabolism.”?' This
represents a shift in our understanding of the metabolic consequences of hepatitis B virus (HBV) infection, which, similar to
hepatitis C virus, has been implicated in the development of hepatic steatosis.””> HBV may disrupt lipid homeostasis in
hepatocytes, resulting in the persistent accumulation of triglycerides, free fatty acids, and cholesterol.® One hypothesis suggests
that intracellular lipid droplets may alter the localization of HBV antigens and inhibit viral replication.”> The HBx protein has
been shown to upregulate fatty acid-binding proteins, further promoting lipid accumulation. Interestingly, HBsAg-positive
individuals often exhibit lower serum cholesterol and triglyceride levels and a reduced risk of hyperlipidemia.>*2° This paradox
complicates clinical identification of hepatic steatosis in HBV-infected individuals based solely on the presence or absence of
metabolic syndrome. The interaction between hepatic steatosis and HBV-related hepatitis is thus multifaceted, and their
relationship may be synergistic or antagonistic. Further mechanistic studies are needed to fully elucidate this complex interplay.

Previous studies have identified tumor diameter, tumor number, alpha-fetoprotein (AFP) levels, and microvascular invasion
(MVI) as significant predictors of recurrence.”’ Patients with smaller tumors, solitary lesions, negative MVI, and low AFP levels
generally exhibit better outcomes.”® To eliminate the influence of these known prognostic factors, we performed subgroup
analyses. Notably, even among patients with tumors <3.6 cm, solitary lesions, no MVI, and AFP <209.8 ng/mL, hepatic steatosis
remained associated with poorer prognosis. This suggests that hepatic steatosis may influence prognosis independently of tumor
burden. Whether lifestyle modifications—such as weight loss or improved insulin sensitivity—can mitigate this effect remains to
be investigated. The aMAP score, composed of albumin and bilirubin levels, has been used to predict the risk of HCC
development in chronic hepatitis patients.”” In our study, albumin was identified as a protective factor, while bilirubin was
associated with increased recurrence risk. Studies have indicated that high-density lipoprotein (HDL) may exert anti-tumor
effects through multiple mechanisms, including its abilities to mitigate inflammation, regulate lipid metabolism, and modulate
immune responses. All of these mechanisms are closely associated with cancer development and progression.”” In insulin-
resistant states, HDL-C levels decline, and intrahepatic triglyceride accumulation accelerates HDL-C degradation.®'? Given
HDL-C’s essential role in cholesterol efflux, therapeutic strategies aimed at enhancing HDL-C production and function may
represent a promising direction in the management of hepatic steatosis in HBV-infected patients.

Machine learning has become increasingly valuable in clinical research, aiding in disease diagnosis, risk stratification, and
treatment decision-making.>*** In terms of modeling, machine learning empowers systems to learn from errors, analyze data,
identify patterns, and make informed decisions with minimal human intervention.*® In our study, we tested 101 machine
learning models to select the optimal predictor of postoperative recurrence. Importantly, the resulting model provides
interpretable insights into the relative importance of risk and protective factors, facilitating potential clinical policy.

Nevertheless, several limitations should be acknowledged. The number of patients with hepatic steatosis in our cohort
was relatively small, which limited more precise stratification. Larger sample sizes and multi-center validation are needed
to confirm these findings. Moreover, to ensure diagnostic accuracy, we did not rely on imaging or the fatty liver index
(FLI) to identify hepatic steatosis.”® While liver biopsy remains the gold standard, it is invasive and impractical for
routine use. Noninvasive imaging techniques such as ultrasound and magnetic resonance imaging-proton density fat
fraction (MRI-PDFF) have shown promise but require further refinement. We hope that future advancements in

diagnostic technology will enable more accurate identification of hepatic steatosis, thus facilitating precision medicine.’

Conclusion

This study shows that preoperative hepatic steatosis is an independent risk factor for postoperative recurrence in HBV-
related HCC. The Random Survival Forest model, incorporating hepatic steatosis and clinical-pathological variables,
offers a reliable tool for predicting recurrence risk and may assist clinicians in optimizing follow-up and personalizing
treatment strategies.
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