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Background: Nonalcoholic fatty liver disease (NAFLD) is an increasingly important etiologic factor in hepatocellular carcinoma
(HCC), but the prognostic value of liver-background steatosis remains incompletely defined. We developed and internally validated an
integrated machine learning model combining ultrasound radiomics, pathological steatosis grading, and clinicopathological variables
for postoperative risk stratification in HCC.

Methods: This retrospective study included 639 patients with HCC who underwent curative resection between 2010 and 2023. Radiomic
features were extracted from preoperative ultrasound images, and a radiomics signature was generated using LASSO regression. Hepatic
steatosis was graded using the Kleiner score, and clinicopathological variables were screened using the Boruta algorithm. A total of 101
machine learning models were developed and compared. Model performance was assessed using the concordance index, time-dependent
area under the curve (AUC), Brier score, calibration, decision curve analysis, and SHapley Additive exPlanations.

Results: The random survival forest model showed the best overall performance for predicting overall survival (OS) and recurrence-
free survival (RFS). In the validation cohort, the 1-, 3-, and 5-year AUCs were 0.863, 0.794, and 0.804 for OS, and 0.828, 0.811, and
0.823 for RFS, respectively. Brier scores remained below 0.20. Compared with BCLC and CNLC staging systems, the integrated
model showed improved discrimination, calibration, and net clinical benefit. SHAP analysis indicated that microvascular invasion,
tumor size, AFP, INR, Kleiner score, and Radscore contributed to individualized risk prediction.

Conclusion: This integrated radiopatho-clinical machine learning model showed favorable internal performance for predicting OS
and RFS after curative resection. Steatosis-related features may provide complementary prognostic information, supporting indivi-
dualized postoperative surveillance, although external validation is required.
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Introduction

Primary liver cancer (PLC) is the sixth most commonly diagnosed malignancy and the third leading cause of tumor-
related mortality."> The World Health Organization (WHO) demonstrates that the death of liver cancer patients is
expected to exceed one million by 2030.>* Primary liver hepatocellular carcinoma (HCC or LIHC) approximately
constitutes 85-90% of all liver malignancies. Chronic liver diseases, especially Hepatitis B virus (HBV) or HCV virus
infection, substantially contribute to severe hepatic fibrosis or cirrhosis, elevating the risk of HCC and indicating poor
prognosis.S*7 Metabolic dysfunction-associated fatty liver disease (MAFLD)-related hepatocarcinogenesis is a complex
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process involving lipotoxicity, oxidative stress, mitochondrial dysfunction, chronic low-grade inflammation, insulin
resistance, and remodeling of the hepatic microenvironment. These processes may promote genomic instability, vascular
invasion, and tumor progression even in the absence of advanced cirrhosis.*'' Moreover, liver background status in
MAFLD-related HCC may provide clinically relevant prognostic information beyond tumor-centered characteristics
alone. However, previous studies have reported inconsistent prognostic associations between hepatic steatosis or
MAFLD and postoperative outcomes in HCC, ranging from neutral effects on OS and RFS to apparently protective
associations with recurrence, while some subgroup analyses suggest worse outcomes in specific metabolic phenotypes
such as diabetic MAFLD.'*™"

Consequently, radiomics enables the extraction of quantitative information from medical images and has shown value
in preoperative diagnosis, histologic assessment, and prognostic prediction, particularly with computed tomography and
magnetic resonance imaging.'®"'® Recently, Wang et al utilized preoperative contrast-enhanced ultrasound (CEUS) and
clinical data to establish a powerful predictive model for pathological grading of HCC.* Additionally, Li et al combined
ultrasomics and circulating tumor cell counts to sufficiently predict early reoccurrence of HCC after radical surgery (C-
indexes of 0.933).%! Pathological differentiation grade is the “gold standard” for liver disease diagnosis, while it can only
be determined postoperatively and is limited by its invasiveness.”> The Kleiner score is a well-established histopatho-
logical system for grading hepatic steatosis severity. In the present study, we considered both NAFLD status and the
Kleiner score because they capture related but distinct aspects of liver background: NAFLD status reflects the presence or
absence of steatotic liver disease, whereas the Kleiner score provides semiquantitative information on steatosis severity.
We hypothesized that this graded pathological information might offer additional prognostic value beyond simple
dichotomous classification.”®** Thus, estimating liver fat percent through integrating ultrasomics and pathology to
conduct a prognostic model is effectively instrumental for HCC patients, especially for those with high levels of liver fat.

Current prognostic biomarkers for HCC remain insufficient for reliable individualized risk stratification, clinical decision-
making, and accurate postoperative outcome prediction alone.”> >° However, the prognostic significance of ultrasound-
derived steatosis-related radiomic features and pathological steatosis indicators has not been systematically evaluated for
either overall survival (OS) or recurrence-free survival (RFS) after curative resection. Therefore, the primary aim of this study
was to develop and internally validate a machine learning—based radiopatho-clinical model integrating ultrasound radiomics,
pathological steatosis assessment by the Kleiner score, and clinicopathological variables for predicting OS and RFS in patients
with HCC after curative resection. A secondary objective was to compare candidate machine learning algorithms and identify
the optimal model for postoperative risk stratification and prognostic assessment.

Materials and Methods

Patients Cohort

The cohort construction process is shown in Figure 1. We retrospectively reviewed 1140 consecutive patients with HCC
who underwent hepatectomy at our institution between 2010 and 2023. HCC was confirmed by postoperative pathology,
and all included patients underwent RO resection with Child-Pugh class A liver function. Patients were excluded if they
had incomplete baseline data or insufficient follow-up information for outcome assessment at cohort entry. Patients with
allergic diseases, hematologic disorders, or other conditions that could substantially affect leukocyte counts were also
excluded. The study was conducted in accordance with the Declaration of Helsinki, and written informed consent was
obtained before treatment.

Clinicopathological Variables

All laboratory parameters were obtained from the institutional clinical laboratory system of our hospital as part of routine
preoperative assessment. External laboratory reports were not included in the present study. Baseline characteristics of the
patients, including date of surgery, sex, age, alpha-fetoprotein (AFP), total albumin (TOALB), total bilirubin (TBIL), direct
bilirubin (DBIL), Indirect Bilirubin (IBIL), alanine aminotransferase (ALT), aspartate aminotransferase (AST), gamma
glutamyl transferase (GGT), ALPline phosphatase (ALP), ALPline (ALP) hemoglobin count (HB), platelet count (PLT),
prothrombin time (PT), international normalized ratio (INR), low density lipoprotein (LDL), high density lipoprotein (HDL),
diabetes (blood sugar level), peripheral blood cell counts, lymphocyte, red blood cell percentage (REDP), red blood cell
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Total of 1140 HCC patients underwent curative resection for HCC in our
hospital from September 2010 to September 2023, with postoperative
pathology confirmation

Exclusion criteria:

(1) Diagnosis of other concurrent malignancies;

(2) Receipt of preoperative interventions or other anti-tumor treatments;

(3) Postoperative liver transplantation;

(4) Presence of major vascular invasion confirmed by pathology;

(5) Lack post-operative pathology data and pre-operative ultrasound images
(6) Incomplete baseline or follow-up data

HCC patients cohort with complete data in our
hospital (N=639)

Ultrasound-based radiomic features extraction,

pathological analysis and clinical variables selection

a“ 6:4 A Prognostic models for OS and RFS
! Train cohort Valid cohort were established through

(N=383, 60%) (N=256, 40%) 101 machine learning combinations

i and average C-index was calculated

i |

K-M SHAP mlr3 RSF model was selected as
curve analysis explanation the best model

Figure | Flow chart for patient inclusion and model establishment.
Abbreviations: HCC, hepatocellular carcinoma; OS, overall survival; RFS, recurrence-free survival; RSF, random survival forest; KM curve, Kaplan-Meier curve; SHAP,
SHapley Additive exPlanations.

number (REDN), monocyte count (MONO), antithrombin III (AT-III), neutrophil, white blood cell count (WHIT), platelet
count (PLAT), uric acid, thrombin time (TT), fibrosis, D-dimer (DD), ascites, intervention therapy, Hepatitis B surface antigen
(HBS), Hepatitis B surface antigen S1 (HBS1), core antibody of Hepatitis B (CAB), Hepatitis B e antigen (EAG) and Hepatitis
B DNA. Tumor characteristics included the largest tumor diameter (tumor size), tumor number, cirrhosis, microvascular
invasion (MVI), capsular invasion, tumor satellite nodules, and tumor differentiation. The value of tumor size was conserved to
four grades: <2 cm—“1”; >2 cm, <5 ecm—2”, >5 cm, <10 ecm—"*3”, >10 cm—*“4”. The value of AFP was conserved to
grades: <7 ng/mL—*“1"’; >7 ng/mL, <400 cm—2”’, >400 ng/mL—3”. Postoperative pathological biopsy of liver tissue is the
gold standard for evaluating hepatic steatosis. NAFLD is defined as the presence of fat droplets accumulating in more than 5%
of hepatocytes under low to medium magnification, without lobular inflammation, ballooning, or fibrosis. According to the
Kleiner scoring system, hepatic steatosis (based on post-operative pathological confirmation) is categorized as: Grade 0, less
than 5% hepatocyte steatosis; Grade 1, 5% to 33% hepatocyte steatosis; Grade 2, more than 33% to 66% hepatocyte steatosis;
Grade 3, more than 66% hepatocyte steatosis. To reduce the influence of potential temporal variation in laboratory measure-
ments, several laboratory variables were categorized according to clinically relevant thresholds before analysis.

Follow-Up

All patients were discharged from the hospital and scheduled for uniform follow-up according to our institutional
protocol, including outpatient visits every 3 months during the first 2 years after surgery, and every 3—-6 months
thereafter. Follow-up imaging included ultrasound of the liver, with additional dynamic contrast-enhanced CT or Gd-
EOB-DTPA-enhanced MRI performed when indicated by findings on routine surveillance. Additional tests such as chest,
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pelvic, or lower abdomen CT or PET-CT were conducted if clinically necessary. Tumor recurrence was diagnosed based
on at least two imaging studies or liver histopathology. Upon detecting recurrence, treatment options—including surgical
resection, local ablation, TACE, radiotherapy, systemic therapy, and supportive care—were selected according to
recurrence characteristics. Survival data were collected via clinical follow-up or telephone contact, with follow-up
continuing until September 2023. Follow-up began on the date of surgery. OS was defined as the time from the date
of HCC diagnosis by CT/MRI until death or the last follow-up date (September 2023); and RFS was defined as the time
from this starting point to the first recurrence, first metastasis, death, or last follow-up. Also, only preoperative ultrasound
images and corresponding postoperative pathological specimens were used for model development. Post-recurrence
treatments such as radiotherapy, local ablation, or transarterial chemoembolization (TACE) and any subsequent imaging
after recurrence were not included in feature extraction or model training. Therefore, treatment-induced changes in tumor
morphology did not affect the integrated model.

The whole cohort included 639 HCC patients. The median age of the cohort was 59.0 years (IQR: 52.0-66.0). Most
patients were male (83.3%). Regarding comorbidities, diabetes and hypertension were present in a subset of patients, and
body mass index (BMI) had a median value of 24.5 kg/m* (IQR: 22.0-27.0). Tumor characteristics included a median
tumor size of 3.6 cm (IQR: 2.5-5.0). Microvascular invasion (MVI) was present in approximately 50% of patients, and
satellite nodules were observed in 12% of cases. Liver-background features included hepatic steatosis, with 17% of
patients showing steatosis. Laboratory characteristics included median values for ALT (28 U/L), AST (29 U/L), total
bilirubin (18 pmol/L), albumin (40 g/L), and AFP (32 ng/mL). Viral status indicated that HBsAg-positive patients
accounted for 84.7%, and HBV DNA was detectable in 60% of the cohort. HCV positivity was rare in this cohort.

Ultrasound Image Pre-Processing and Feature Selection

In this study, we focus on the non-malignant parts of the ultrasound images, which are also considered the region of
interest (ROI). ROI segmentation was carried out by a trained sonographer with more than 5 years of experience
(reader 1) and confirmed by another sonographer with more than 10 years of experience (reader 2), both of whom
were ignorant of the basic information and pathological findings of each image. The segmentation of ROI was carried out
on the Onekey platform, which is an artificial intelligence research platform for medical imaging, on which radiologists
can preprocess image data, select features, extract features, build models, and so on. ROIs were manually delineated in
the non-malignant liver parenchyma, avoiding major vessels and bile ducts, with standardized ROI size, and indepen-
dently confirmed by two experienced sonographers blinded to clinical and pathological data. Patients who remained alive
without the event of interest at the end of follow-up, or who were lost to follow-up after cohort inclusion, were censored
at the date of the last confirmed contact. Only preoperative ultrasound images and postoperative pathological specimens
were used to construct the machine learning model. Recurrence and survival outcomes were defined from the date of
surgery to the first event (death or recurrence). Imaging and pathological findings obtained after post-recurrence salvage
therapies, including re-resection, local ablation, TACE, or radiotherapy, were not included in radiomic feature extraction
or model training. Patients who underwent multiple sequential treatments after recurrence were retained in the cohort for
follow-up reporting, but these post-treatment data did not contribute to model development.

For radiomic feature extraction from grayscale ultrasound images, this study employed the ITK-SNAP and Pyradiomics
toolkit to extract various radiomic features based on the region of interest (ROI), including shape features, first-order statistical
features, texture features, and quantitative analysis parameters. Among these, first-order statistical features primarily focus on
the distribution of pixel intensity values within the ROI, quantifying image gray-level intensity through calculations of 7
statistical moments: mean, variance, skewness, kurtosis, energy, entropy, and median, reflecting the overall gray-level
information of the image. Shape features describe the geometric shape and boundary of the tumor, including the lengths of
the short and long axes, as well as the ratio of tumor surface area to volume. Texture features are obtained by calculating 5
common gray-level matrices: gray-level co-occurrence matrix (GLCM), gray-level dependence matrix (GLDM), gray-level
run-length matrix (GLRLM), gray-level size zone matrix (GLSZM), and neighboring gray-tone difference matrix NGTDM).
These texture matrices capture local structural information of the image, enabling in-depth quantitative description of tumor
heterogeneity, tissue structure, and internal characteristics. In the feature selection step, we eliminated redundant features that
exhibited high correlation, which may originate from the same underlying distribution. Among the remaining features, we
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further focused on those with higher correlation to the target variable, as these features are considered to have significant
potential for target identification. Therefore, this study implemented a three-step method to complete feature selection. First,
radiomic features were dimensionality-reduced using strict criteria, ensuring that the intraclass correlation coefficient (ICC)
within groups exceeded 0.9. Subsequently, Pearson correlation analysis was applied to select features with a correlation
coefficient lower than 0.9. The Kruskal-Wallis test was used to identify features with significant differentiation (P < 0.05). To
further optimize the feature pool and determine the most relevant features for model construction, LASSO logistic regression
was performed using the glmnet package with 10-fold cross-validation. The optimal regularization parameter was selected
according to the minimum cross-validation error criterion (lambda.min). Finally, the Radscore of each image was calculated:
—1.61159607879271-0.0881588858078856*original_firstorder Kurtosis+0.00354746749823003*original_firstorder Medi
an+0.00516877632723055*original firstorder Minimum-0.0817288261170648*original firstorder Skewness.

Model Construction, Evaluation, and Explanation

As previously described,'?

this study also utilized 101 machine learning algorithms to develop predictive models, including
random survival forest (RSF), elastic net (Enet), Lasso, Ridge, stepwise Cox, CoxBoost, partial least squares regression for
Cox (plsRcox), supervised principal components (SuperPC), generalized boosted regression modeling (GBM), and survival
support vector machine (survival-SVM). Model performance was evaluated using the concordance index (C-index), inte-
grated cumulative/dynamic area under the curve (C/D AUC), and integrated Brier score. The C-index, which measures model
discrimination, indicates practical utility if it exceeds 0.7; higher C-index values are associated with better prediction
performance. The Brier score assesses predictive accuracy, with values below 0.20 suggesting practical applicability; lower
Brier scores correspond to improved accuracy. Changes in C-index and Brier score over time were visualized using curves. All
candidate models were run using the default parameters provided by their respective modeling frameworks, without additional
hyperparameter tuning.

No a priori sample size calculation was performed because this was a retrospective prognostic modeling study.
Sample adequacy was assessed based on both the events-per-variable (EPV) principle and an approximate post hoc
power calculation using the Schoenfeld method for Cox models. The final integrated model included 8 predictors,
yielding EPVs of 51.8 for OS and 39.8 for RFS. Under a 2-sided alpha of 0.05 and assuming a balanced binary
predictor, the minimum detectable hazard ratio at 80% power was approximately 1.32 for OS and 1.37 for RFS.

To enhance the interpretability of ML models, as previously published papers,®'**

global explanations were provided
through time-dependent variable importance, partial dependence survival plots, and aggregated survival SHapley
Additive exPlanations (SurvSHAP) plots.** Subsequently, the focus shifted to localized explanations for individual
statistical units, specifically single patients, derived from the examination of SurvSHAP plots. The statistical analyses

were conducted using the R version 4.2.3 software.

Statistical Analysis

The normality of continuous variables was evaluated using the Shapiro—Wilk test. For normally distributed variables,
intergroup comparisons were conducted using independent samples #-tests; non-normally distributed variables were compared
using the Mann—Whitney U-test. In the present dataset, no variable had a missingness rate greater than 20%; therefore, no
variable was excluded due to missingness. All covariates were dichotomized, and categorical variables were compared using
the chi-square (y%) test. Kaplan-Meier (K-M) survival curves were constructed to assess OS and RFS, and the Log rank test
was used to compare survival distributions between groups. A p-value < 0.05 was considered statistically significant. All
statistical analyses and model construction were performed using R software (version 4.3.2).

Results
Workflow of This Study

Figure 1 summarizes the study workflow. Of 1140 patients with HCC initially screened, 639 met the eligibility criteria
and were included in the final cohort. For each patient, preoperative ultrasound images and postoperative pathological
data were collected. Regions of interest were segmented on ultrasound images, and steatosis-related radiomic features
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were extracted to generate the Radscore. In parallel, 2 experienced pathologists reviewed the specimens and assigned
Kleiner scores. Clinical variables associated with prognosis were screened using the Boruta algorithm, and overlapping
predictors for the OS and RFS models were retained. After random division into training and validation sets at a 6:4 ratio,
101 machine-learning approaches were evaluated, and RSF was selected as the optimal model. Risk stratification, SHAP-
based interpretation, and time-dependent performance analyses were then performed.

Integration of Pathological, Radiomic, and Clinical Model Establishment

We analyzed radiomic, pathological, and clinical data from 639 patients. Representative pathological sections illustrating
mild and severe steatosis according to the Kleiner score are shown in Figure 2A and B, and a representative preoperative
ultrasound image from a patient with NAFLD-related HCC is shown in Figure 2C. Figure 2D summarizes the
distribution of extracted radiomic features. After feature screening, LASSO was used to derive the radiomics signature
(Figure 2E and F), and the final Radscore was calculated using 4 retained features. The Boruta algorithm was applied
separately to identify candidate clinicopathological predictors for OS and RFS (Figure 2G and H). Variables classified as
confirmed in the endpoint-specific analyses were then compared using a Venn diagram. This procedure yielded 5 shared
clinicopathological predictors—MVI, tumor size, INR, AFP, and satellite nodules—which were retained in the final
integrated model (Figure 2I). Variables such as AST, ALT, and cirrhosis were not retained because they were not
identified as stable shared predictors across both endpoints. Blood sugar, which was used as the dataset variable
corresponding to diabetes status, appeared only in the OS-specific candidate set and therefore was not included in the
final shared predictor panel. These clinicopathological variables were subsequently integrated with the Radscore,
NAFLD status, and Kleiner score to develop 101 machine-learning models. (Figure 2J). The cohort was randomly
divided into a training set (60%) and a validation set (40%), and model performance was ranked according to the C-index
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Figure 2 The process of selecting the features and variables and the machine learning establishment. (A and B) A representative post-operative pathological section with
mild NAFLD (A) and severe NAFLD (B). (C) A representative B-mode ultrasound image of a pre-operative HCC patient with the diagnosis of NAFLD. (D) The distribution
of all of the extracted radiomic features. (E and F) The lasso process for radiomics feature selection. (H and I) The Boruta algorithm displays the important variables in OS
(G) and RFS (H) cohorts. (I) The “Confirmed” and “Tentative” variables are performed using a Venn diagram, and only five are considered as the vital prognostic indexes. (J)
A total of 101 machine learning prognostic models are performed for the train and validation set of OS and RFS cohorts, and RSF is selected as the optimal.
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in both the OS and RFS analyses. Comparative model performance was presented in Figure 2J, which summarizes the
mean C-index values of 101 candidate models across four datasets (OS.train, OS.valid, RFS.train, and RFS.valid). In
addition, all candidate models were run using the default parameters provided by their respective modeling frameworks,
without additional hyperparameter tuning.

Risk Stratification and SHAP Analysis of the RSF Model

After model development, risk scores for death and recurrence were calculated for each patient. Using the third quartile
as the cutoff, patients in the OS training (Figure 3A), OS validation (Figure 3B), RFS training (Figure 3C), and RFS
validation (Figure 3D) cohorts were stratified into low-, intermediate-, and high-risk groups. Kaplan-Meier analysis
showed clear separation among the 3 risk groups in all 4 datasets (all P < 0.001). Figure 3E presents the mean SHAP
values of the 8 variables included in the RSF model for OS and RFS. The 4 most important predictors were clinical
factors, namely MVI, tumor size, AFP, and INR, followed by the Kleiner score, hepatic steatosis status, and the
Radscore. Swarm plots further illustrate the distribution of SHAP values for the OS (Figure 3F) and RFS (Figure 3G)
models. Representative low- and high-risk cases for OS and RFS are shown in Figure 3H and I, demonstrating that the
model-derived risk estimates were consistent with observed follow-up outcomes.

Kaplan-Meier analysis of the entire cohort likewise showed significant separation for both OS (Figure 4A) and RFS
(Figure 4B) across the 3 risk groups (both P < 0.001). To further examine the contribution of each variable within each
subgroup, we summarized SHAP proportions using donut charts. In the OS model, MVI accounted for the largest SHAP
contribution across the low-, intermediate-, and high-risk subgroups (31.4%, 49.5%, and 21.2%, respectively; Figure 4C).
AFP also contributed substantially, particularly in the low-risk (19.8%) and high-risk (24.3%) groups. Notably, the
Kleiner score showed a larger contribution in the high-risk subgroup (13.9%) than in the low-risk (3.7%) or intermediate-
risk (6.5%) subgroup. The Radscore also contributed meaningfully, especially in the low-risk (13.8%) and high-risk
(10.2%) groups. A similar pattern was observed for RFS (Figure 4D), with higher SHAP contributions from the Kleiner
score and Radscore in the high-risk subgroup than in the low-risk subgroup.

We next explored the relationships and potential interactions between radiological or pathological steatosis-related
variables and clinical factors. In the overall cohort and in patients without fatty liver, Spearman analysis did not show strong
correlations (Figure 5A and C). In contrast, among patients with fatty liver, the Kleiner score showed positive correlations with
AFP and MVI, whereas the Radscore showed a weaker association with tumor size (Figure 5B). We then examined these
interactions using SHAP-based analyses. In both the OS and RFS models, cases with higher Kleiner scores combined with
elevated AFP or the presence of MVI showed higher SHAP values than cases without these features. A similar trend was
observed in the fatty liver subgroup (Figure 5SD-K). These interaction findings should be interpreted as exploratory. They
indicate that steatosis-related variables may modify model-predicted risk in the presence of established tumor-related factors,
but they do not establish a causal relationship between hepatic steatosis and postoperative outcomes.

Performance Evaluation and MLR3 Explanation of the Integrated Model

Decision curve analysis showed that the integrated model provided greater net clinical benefit than the clinical model, the
radiopathological model, and the conventional Barcelona Clinic Liver Cancer (BCLC) and China Liver Cancer (CNLC)
staging systems for predicting 1-, 3-, and 5-year OS in both the training (Figure 6A—C) and validation (Figure 6D-F)
cohorts. Calibration plots also demonstrated good agreement between predicted and observed 3- and 5-year OS in both
datasets (Figure 6G—J), indicating favorable calibration of the integrated model.

Similar findings were observed for RFS. The integrated model yielded higher net benefit than the comparator models
for predicting 1-, 3-, and 5-year recurrence in both the training (Figure 7A—C) and validation (Figure 7D-F) cohorts.
Calibration curves for 3- and 5-year RFS also showed good agreement between predicted and observed outcomes
(Figure 7G-J). Overall, the integrated model outperformed the conventional comparator models in both discrimination
and clinical utility.

To further characterize model performance over time, we calculated time-dependent Brier scores and cumulative/
dynamic AUCs from 1 to 5 years using the mlr3 framework. In both the training and validation sets, the Brier score
remained below 0.20, and the cumulative/dynamic AUC was generally above 0.75 for OS (Figure 8A). For OS, the
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Figure 3 Risk stratification and SHAP analysis based on the RSF model. (A and B) Kaplan—Meier (KM) curves for overall survival (OS) stratified by RSF-derived risk groups
in the train (A) and valid (B) cohorts. (C and D) KM curves for recurrence-free survival (RFS) stratified by RSF-derived risk groups in the train (C) and valid (D) cohorts.
(E) Mean importance of the eight features contributing to the RSF model in OS (E.left) and RFS (E.right), ranked by SHapley Additive exPlanations (SHAP) value. (F and G)
Swarm plots show the distribution of SHAP values for each feature of the OS (F) and RFS (G) cohorts. Each dot represents an individual case, colored by the feature value
(yellow: high; purple: low), illustrating the impact of each feature on model output. (H and I) Four representative cases through our RSF model SHAP calculation: low risk
case in OS (H.left), high risk case in OS (H.right), low risk case in RFS (Lleft), and high risk case in RFS (l.right).

AUCs of the integrated model in the training cohort were 0.827, 0.774, and 0.803 at 1, 3, and 5 years, respectively
(Figure 8B), and the corresponding AUCs in the validation cohort were 0.863, 0.794, and 0.804 (Figure 8C). For RFS,
the Brier score remained below 0.20, whereas the cumulative/dynamic AUC exceeded 0.65 in the training set and 0.70 in
the validation set (Figure 8D). The 1-, 3-, and 5-year AUCs for RFS were 0.780, 0.793, and 0.763 in the training cohort
(Figure 8E), and 0.828, 0.811, and 0.823 in the validation cohort (Figure 8F). Although the 1-year OS AUC in the
validation cohort was slightly higher than that in the training cohort (0.863 vs 0.827; Figure 8B and C), this difference
may reflect random variation arising from a single internal data split. Performance across 3- and 5-year time points
remained comparable, and the Brier score was stable, supporting the robustness of the model. For OS, the 1-, 3-, and 5-
year AUCs were 0.827, 0.774, and 0.803 in the training cohort and 0.863, 0.794, and 0.804 in the validation cohort. For
RFS, the corresponding AUCs were 0.780, 0.793, and 0.763 in the training cohort and 0.828, 0.811, and 0.823 in the
validation cohort, with Brier scores remaining below 0.20 in both datasets.

Discussion
NAFLD is recognized as an increasingly important etiologic factor in HCC, and hepatic steatosis may be associated with
early histologic changes in the liver.>®* In this study, we developed an integrated prognostic model for HCC after
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curative resection by combining preoperative ultrasound radiomics, postoperative Kleiner score, and routinely available
clinicopathological variables. Notably, among 101 machine-learning strategies, the RSF model showed the best overall
performance for both OS and RFS. In the validation cohort, the model achieved stable discrimination at 1, 3, and 5 years
and consistently outperformed the Barcelona Clinic Liver Cancer (BCLC) and China Liver Cancer (CNLC) staging
systems in decision curve analysis and calibration analyses. Consequently, these findings suggest that incorporating
steatosis-related information is associated with improved postoperative risk stratification beyond conventional tumor
stage-based approaches.

A notable aspect of the present study is the incorporation of liver-background information into postoperative
prognostic assessment. By evaluating 101 machine learning strategies, we identified RSF as the best-performing
model for both OS and RFS prediction (Figure 2). Compared with conventional linear models, the RSF algorithm is
able to capture complex non-linear relationships and high-dimensional data structures without relying on the proportional
hazards assumption.*>*®3” Feature selection using the Boruta algorithm further supported model construction by
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identifying a subset of confirmed predictors, including MVI, tumor size, and AFP, while reducing the influence of less
informative variables.*® To improve model interpretability, we incorporated SHAP and time-dependent variable impor-
tance analyses.***' This approach provided interpretable estimates of variable contributions at both global and individual
patient levels. The favorable predictive performance, reflected by time-dependent AUCs and higher net clinical benefit in
DCA, suggests that the integrated machine learning model may improve postoperative risk stratification compared with
established staging systems such as BCLC and CNLC. The slightly higher 1-year OS AUC in the validation cohort
compared with the training cohort may be attributable to sampling variability due to the single internal split. Overall,
time-dependent AUCs and Brier scores confirm that the model provides stable medium-term predictive performance.
Also, external validation in independent cohorts is warranted to further assess generalizability.

Furthermore, an important aspect of our study is the integration of ultrasound-based radiomics as a non-invasive
correlate of histopathological hepatic steatosis. While the Kleiner scoring system remains the “gold standard” for

2342 its clinical utility is limited by its invasiveness and potential sampling bias during

quantifying liver fat content,
biopsy. Our Radscore, derived from first-order statistical features including Kurtosis and Skewness, captures subtle
alterations in acoustic attenuation and echo-intensity distribution associated with fatty liver.**** SHAP analysis indicated
a synergy between the Radscore and the Kleiner score, particularly in the high-risk subgroup, suggesting that higher
background steatosis may be associated with an increased postoperative risk profile (Figure 4). In the context of the “seed

and soil” hypothesis, these findings may reflect a potential link between a lipotoxic and pro-inflammatory hepatic
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microenvironment related to chronic NAFLD and increased risk of microvascular invasion and early intrahepatic
recurrence. However, given the retrospective and observational nature of the present study, these findings should be
considered hypothesis-generating rather than evidence of causality.*>*® By integrating preoperative imaging and
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Figure 7 Decision curve analysis (DCA) and calibration curves of the predictive model in the RFS cohort. (A—F) DCA curves at |, 3, and 5 years in the train cohort (A-C)
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curves at 3 and 5 years in the training cohort (G and H) and validation cohort (I and J), showing the difference among the five models.

postoperative pathology, the model provides a comprehensive assessment of liver background, offering clinicians insights
into hepatic metabolic status before surgical intervention.

Notably, previous studies have reported inconsistent conclusions regarding the prognostic role of NAFLD or MAFLD
in HCC patients undergoing curative resection. Such inconsistency may partly reflect the marked biological and
prognostic heterogeneity of HCC, including differences in underlying molecular subtypes and tumor—microenvironment
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Figure 8 Model performance for important time points in OS and RFS cohorts. (A) Time-dependent model performance was estimated for the train and validation sets of the
OS cohort, displayed by Brier score and cumulative/dynamic (€ and D) AUC metrics. (B and C) Time-dependent ROC and corresponding AUC for OS predictionat I, 3,and 5
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in the RFS cohort (D). (E and F) Time-dependent ROC and corresponding AUC for RFS prediction at |, 3, and 5 years in the train cohort (E) and valid cohort (F).

interactions.*’ For example, Xiong et al demonstrated that MAFLD was not an independent prognostic factor for overall
survival in 576 HCC patients and even showed a protective effect on recurrence-free survival in univariate analysis.'”
Likewise, these neutral or apparently protective findings suggest that the prognostic implications of MAFLD/NAFLD
may vary according to cohort composition, endpoint definition, and analytical strategy. By contrast, Hamza et al
illustrated that MAFLD was linked with increased mortality in female HCC patients, underscoring potential sex-
specific heterogeneity.'* Furthermore, Xiong’s subsequent study showed that concurrent MAFLD was associated with
a higher incidence of postoperative complications, especially in patients with diabetes.*® Taken together, the available
evidence appears mixed rather than uniform. In contrast, our findings suggest that hepatic steatosis, particularly when
quantified by the Kleiner score, may contribute to postoperative risk stratification, especially in high-risk subgroups. This
discrepancy may be attributable to differences in study design and variable modeling. Unlike conventional analyses that
treat NAFLD as a binary variable, our study incorporates quantitative pathological grading and integrates it with
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radiomic features and machine learning algorithms, thereby capturing the heterogencous biological effects of hepatic
steatosis more comprehensively.

The biological plausibility of these findings is supported by prior work on NAFLD-associated hepatocarcinogenesis.
Hepatic steatosis is closely associated with lipotoxicity, oxidative stress, chronic inflammation, and remodeling of the
hepatic microenvironment.*”>' MAFLD-related hepatocarcinogenesis is a complex process, which may promote geno-
mic instability, vascular invasion, and tumor progression even in the absence of advanced cirrhosis.”'** Also, these
processes may promote vascular invasion, facilitate intrahepatic dissemination, and increase the likelihood of recurrence
after surgery.>>>® Moreover, our SHAP interaction analysis revealed that the prognostic impact of the Kleiner score is
amplified in the presence of high AFP levels and microvascular invasion (Figure 5), suggesting a synergistic effect
between metabolic dysfunction and tumor aggressiveness. These interaction findings should be interpreted as exploratory
and associative, indicating that steatosis-related variables may modify model-predicted risk in the presence of established
tumor-aggressive features, without establishing a causal relationship.

Furthermore, from a clinical perspective, this model may have several practical implications. First, ultrasound is widely
available and inexpensive, making radiomics-based assessment of liver background potentially applicable in routine pre-
operative evaluation. Second, the integration of imaging, pathology, and clinical variables enables more refined identification
of patients at high risk of death or recurrence after resection. Such patients may be candidates for closer surveillance and more
individualized postoperative management. For example, patients classified as high risk may be considered for shorter follow-
up intervals, more intensive imaging surveillance, or closer multidisciplinary evaluation for adjuvant treatment eligibility,
whereas low-risk patients may avoid unnecessary intensive monitoring. Third, the use of SHAP-based explanations improves
transparency and may facilitate clinical acceptance of the model in multidisciplinary decision-making.

Moreover, the integrated machine learning model has several potential applications. First, it enables individualized risk
stratification for OS and RFS by combining preoperative ultrasound radiomics, postoperative Kleiner score, and routine
clinicopathological variables. High-risk patients identified by the model may benefit from closer surveillance, more intensive
follow-up, or consideration of adjuvant therapy, while low-risk patients may require less intensive monitoring. Second, the use
of widely available, low-cost, and non-invasive ultrasound facilitates feasible implementation in routine preoperative
evaluation. Third, model interpretability using SHAP allows transparent communication of risk factors to clinicians,
supporting multidisciplinary decision-making. Finally, potential barriers to clinical adoption include the need for standardized
imaging protocols, computational infrastructure, training of staff, and integration into electronic health records. Addressing
these factors will be crucial for successful real-world translation of the predictive model.

Several limitations should be acknowledged. This was a retrospective single-center study with a cohort predominantly
composed of HBV-related HCC patients, which may limit the generalizability of our findings to NAFLD-predominant
populations or other ethnic groups. Although internal validation was performed, external validation in independent
multicenter cohorts is needed to confirm model applicability across diverse clinical settings. Ultrasound acquisition and
ROI delineation remain operator-dependent, which may affect the reproducibility of radiomic features despite strict ICC-
based filtering. Finally, while the current study demonstrates prognostic associations, the mechanistic links between
ultrasound-derived radiomic phenotypes, histologic steatosis, and tumor progression remain to be clarified in future
translational studies. Consequently, the conclusions are framed as hypothesis-generating, emphasizing the need for
prospective validation. In addition, the observation that the 1-year AUC in the validation cohort was slightly higher
than that in the training cohort suggests possible sampling-related instability in the internal split. Although this was not
accompanied by consistently better validation performance across all time points, it nevertheless underscores the need for
external validation in independent cohorts. In addition, although a predefined institutional follow-up schedule was used,
incomplete surveillance or missed follow-up visits after cohort inclusion may still have introduced surveillance bias,
particularly in the assessment of recurrence-free survival. Also, because the study period spanned more than a decade,
temporal variation in laboratory assay platforms, calibration standards, or reference ranges may have introduced
measurement heterogeneity. Although laboratory data were obtained from the same institutional system and several
variables were categorized to reduce this influence, such bias cannot be completely excluded.

Given the long duration of the study (2010-2023), potential heterogeneity in ultrasound devices and acquisition
protocols, as well as in pathological evaluation and treatment strategies, was minimized by adhering to standardized
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institutional procedures. All preoperative ultrasound images were acquired according to the same imaging protocol and
reviewed by two experienced sonographers, while all histopathological slides were scored according to the Kleiner
system by two pathologists in consensus. Despite these measures, minor temporal or technical variations cannot be fully
excluded and are acknowledged as a limitation of the retrospective design.

Overall, we established an integrated radiopatho-clinical machine learning model for HCC by combining ultrasound
radiomics, Kleiner score, and clinicopathological variables. The model showed favorable internal performance for
predicting OS and RFS after curative resection and suggested that steatosis-related features may provide complementary
prognostic information beyond conventional tumor-centered factors. These findings may support more individualized
postoperative surveillance and risk stratification, particularly in patients with NAFLD-related liver background.
However, the mechanistic links between hepatic steatosis, radiomic phenotypes, and tumor progression remain to be
clarified, and external validation in independent multicenter cohorts is required before broader clinical application.
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