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Objective: To develop and validate a machine learning-guided system (MLGS) for stratifying prognostic risk of unresectable 
hepatocellular carcinoma (uHCC) based on clinical data before and after intra-arterial therapy (IAT).
Methods: Between April 2008 and June 2022, a total of 5646 eligible patients with uHCC who underwent initial IAT were 
consecutively identified in 15 hospitals. The 5 year mortality was used as primary predictive outcome. Thirty-five sets of clinical 
data, including 29 preoperative and 6 postoperative data, were input successively into five supervised ML models. The performance of 
the ML models was compared using the area under the receiver operating characteristic (AUC) curve with the DeLong test. Kaplan- 
Meier analysis was used to revealed overall survival (OS) risk stratification of the MLGS.
Results: These patients were divided into training datasets (TD, n=3387), internal testing datasets (ITD, n=1130), and external test 
datasets (ETD, n=1129), respectively.The CatBoost model yield the best discrimination using preoperative data in the ML models 
using 23 variables, the AUC of CatBoost model were 0.777–0.735 in three datasets. Meanwhile, the XGBoost model yield the best 
discrimination using postoperative 20 variables and the AUC of XGBoost model were 0.904–0.861 in three datasets, which outperform 
significantly the performance of the CatBoost model (DeLong test, P < 0.001). The MLGS based on the XGBoost model provide 
significantly different OS between three risk stratification in three datasets (all, P < 0.001).
Conclusion: The MLGS may guide radiologists in developing strategies of IAT for uHCC. Prospective studies are needed to evaluate 
its clinical utility.
Keywords: intra-arterial therapies, hepatocellular carcinoma, risk scoring scale model, machine learning, risk stratification

Introduction
Hepatocellular carcinoma (HCC) constitutes roughly 90% of all primary liver malignancies, ranking as the sixth most 
prevalent cancer diagnosis and the third leading cause of cancer-associated deaths globally.1,2 For individuals diagnosed 
with unresectable HCC (uHCC), intra-arterial therapies (IATs), encompassing hepatic arterial infusion chemotherapy 
(HAIC) and transarterial chemoembolization (TACE), are established as standard therapeutic approaches in clinical 
practice. International clinical guidelines recommend TACE as the first-line intervention for intermediate-stage HCC,3,4 

whereas HAIC has become an essential treatment option for intermediate-advanced HCC in Asian populations5. In 
recent years, growing evidence has shown that combining IATs with molecular-targeted agents (MATs) and immune 
checkpoint inhibitors (ICIs) produces favorable therapeutic effects characterized by profound and long-lasting efficacy.5,6 

Furthermore, sequential local-regional therapies—such as surgical resection (SR), liver transplantation, and thermal 
ablation (TA)—administered following conversion therapy based on IAT-inclusive comprehensive treatment have sub
stantially enhanced the long-term survival of uHCC patients.7–10
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Numerous previous studies have identified a variety of clinical factors closely linked to HCC prognosis, and multiple 
predictive models have been constructed based on these variables to assist clinicians in precisely assessing patient 
outcomes and conducting risk stratification.11–14 However, The aforementioned model is limited by factors such as data 
deficiency and insufficient computing power, resulting in slightly inadequate predictive ability for the prognosis of IAT 
for uHCC. On the contrast, machine learning (ML) emerges is a promising technology that utilizes statistical, probabil
istic, and optimization algorithms for model training, offering unique advantages such as standardized handling of large- 
scale multicenter data, imputation of missing values, and high computational efficiency.15–19 By automating analytical 
models, ML algorithms can detect patterns and support decision-making with minimal human involvement, and they 
have been increasingly utilized in the development of recurrence prediction models within the field of oncology.

HCC displays substantial tumor heterogeneity at the histological, genomic,20 and molecular levels. Additionally, 
therapeutic decisions vary depending on tumor response to IAT and disease progression, resulting in marked interindi
vidual differences in the prognostic outcomes of uHCC patients. Consequently, accurate assessment of dynamic tumor 
progression during IAT is essential for improving long-term survival results. However, most existing predictive models 
are constrained by a limited range of clinical factors, small sample sizes for model development, inconsistent patholo
gical evaluation criteria, and insufficient clinical applicability. To date, there remains an absence of a noninvasive, 
convenient, and accurate model to guide clinicians in IAT decision-making.

We hypothesize that ML models incorporating postoperative variables will outperform preoperative only models and 
existing staging systems in predicting 5-years mortality. The present study aimed to develop and validate an ML model 
based on clinical data from uHCC patients who received IAT, with the goal of providing guidance for clinicians in 
therapeutic decision-making and surveillance strategy selection.

Methods
This retrospective, multi-center study was carried out in line with the principles outlined in the 1975 Declaration of 
Helsinki. The study protocol was approved by the Institutional Review Board of XXX (No. XX). Owing to the 
retrospective nature of the study, written informed consent was exempted. To preserve patient privacy and data 
confidentiality, patient data have been deidentified before analysis. Clinical data were extracted from an internally 
developed database, and the study was reported in adherence to the Transparent Reporting of a Multivariable Prediction 
Model for Individual Prognosis or Diagnosis (TRIPOD) guideline.21

Study Design
HCC diagnosis was confirmed in accordance with the guidelines established by the European Association for the Study 
of Liver (EASL) and the American Association for the Study of Liver Disease (AASLD).22,23 From April 2008 to 
October 2022, clinical data from a total of 7829 uHCC patients who underwent initial IAT were retrospectively collected 
from 15 tertiary hospitals in China (eTable 1). We performed TACE, HAIC, and combined targeted immunotherapy at 
each participating hospital, with the specific steps. The detailed descriptions of IAT procedures, criteria for discontinuing 
the protocol, and combination with targeted-immunotherapy are available in the Supplemental information E 1.1–1.3. 
The inclusion criteria were as follows: (a) age between 18 and 75 years; (b) Eastern Cooperative Oncology Group 
(ECOG) performance status < 2; (c) Child-Turcotte-Pugh (CTP) class A or B liver function. The exclusion criteria 
included: (a) prior treatment before IAT; (b) concurrent other malignancies; (c) loss to follow-up for more than 6 months. 
The patient enrollment pathway is illustrated in Figure 1A.

Follow-Up Protocol and Endpoint Definition
All patients underwent regular follow-up after IAT, with serum alpha-fetoprotein (AFP) testing and imaging examina
tions conducted 1 month after IAT and every 3 to 6 months thereafter until death or the final follow-up date (October 31, 
2025). The objective response (OR) to the first IAT was assessed by two radiologists in accordance with the modified 
Response Evaluation Criteria in Solid Tumours (mRECIST).24 Early recurrence (ER) was defined as the presence of 
suspected lesions exhibiting arterial phase enhancement and portal venous phase washout on contrast-enhanced imaging 
within 1 year25. Overall survival (OS) was defined as the time from the date of initial IAT to the date of death or the final 
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follow-up. The observation window for clinical indicators was set at the time of initial IAT, and the prediction window 
was defined as 1, 3, and 5 years after initial IAT. For patients with censored data within 5 years, their outcomes were 
classified as “nonevent” in all models.

Machine Learning-Guided System Construction
Data Collection
A total of 30 preoperative and 6 postoperative variables were collected for the development of ML models. The 
abbreviations and detailed descriptions of these 36 clinical variables are presented in the eTable 2. Five tumor staging 
systems—Barcelona Clinic Liver Cancer (BCLC), American Joint Committee on Cancer (AJCC) tumor-node-metastasis 
(TNM), China Clinic Liver Cancer Staging (CNLC), Japan Society of Hepatology (JSH), and EASL—and several 
clinical evaluation scores, including albumin-bilirubin (ALBI) grade, platelet-albumin-bilirubin (PALBI), neutrophil-to- 
lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), and model for end-stage liver disease (MELD), were also 
collected to compare the predictive performance of the ML models.

Selection of Clinical Variables
Variables with a missing data rate exceeding 20% (including pathological variations) were excluded from the model. Five 
representative supervised ML algorithms—XGBoost, CatBoost, GBDT, LGBM, and random forest (RF)—were applied 
and compared in this study (Supplemental Information E1.4). The ML model with the optimal discriminative capability 
was utilized to develop a simplified restricted system for guiding IAT scheme selection (hereafter referred to as the ML- 
guided system [MLGS]), which integrated preoperative and postoperative clinical information. The code parameters for 
ML model development are provided in the eTables 3 and 4. To optimize model performance and evaluate its general
ization capability, a random hyperparameter search combined with 5-fold cross-validation was employed to identify the 
optimal hyperparameter set. Subsequently, the final model was trained utilizing the entire training dataset based on the 
best-performing hyperparameters identified. Feature importance was then analyzed from this final model. In the cohort of 
the Sun Yat-sen University Cancer Center, HCC patients were divided into training and internal testing datasets at a ratio 
of 7:3, and the training datasets was optimized using 5-fold cross-validation. During the same period, data from another 
14 tertiary hospitals were used as an external testing datasets.

Figure 1 Enrollment pathway of unresectable HCC patients who underwent various IAT schemes. (A) HCC patients were enrolled to build an MLGS model; (B) both the 
preoperative and postoperative variables were input in the MLGS-pos model according to tumor progression and therapeutic procotols and the death risk score was 
calculated; (C) the clinical decision-making for IATIs based on death risk change from MLGS-pre model to MLGS-pos model. 
Abbreviations: HCC, hepatocellular carcinoma; IAT, intra-arterial interventional therapy; ML, machine learning.
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Dynamic Prognostic Risk Based on the ML Model
In the current study, the MLGS was employed to assess the dynamic prognostic risk of HCC patients receiving IAT and 
to guide clinicians in the timely adjustment of treatment and follow-up monitoring schemes by stratifying the 5-year 
mortality risk as a long-term outcome after IAT. The guidance process of the MLGS primarily comprises two 
components: first, the preoperative ML model assists clinicians and patients in evaluating preoperatively the effectiveness 
of IAT for uHCC based on significant mortality risk stratification; second, the postoperative ML model helps clinicians 
determine whether to adjust sequential treatment schemes during follow-up based on IAT response and tumor recurrence.

The preoperative ML model assigns a clear death risk score to uHCC patients scheduled to receive IAT. However, 
when postoperative variables—such as IAT response, conversion therapy modalities, and tumor recurrence—are sequen
tially input into the preoperative ML model, the risk score of uHCC patients changes accordingly (Figure 1B). 
Concurrently, the original death risk stratification may shift (eg, from low risk to high risk), enabling clinicians to adjust 
therapeutic and monitoring strategies during this dynamic process (Figure 1C).

Statistical Analysis
All statistical analyses were performed using R software version 3.6.3 (http://www.r-project.org/). The performance of 
the ML models was evaluated using the area under the receiver operating characteristic curve (AUC), sensitivity (SEN), 
specificity (SPE), positive predictive value (PPV), negative predictive value (NPV), and F1 score. To improve the 
applicability of the predictive model by simplifying input variables, a stepwise Cox proportional hazards model was built 
based on the top important variables derived from the optimal ML model.

The discriminative ability of the models and different tumor staging systems was measured using the concordance 
index (C-index) and compared via the DeLong test. Time-dependent receiver operating characteristic curves and AUC 
values at each time point from 12 to 60 months were used to assess OS prediction accuracy at different time points. The 
prediction error of the models was evaluated using the integrated Brier score (IBS). To interpret the causal relationship of 
the MLGS, the Shapley Additive exPlanations (SHAP) method was used to explain the prediction results of each ML 
model.26,27

Survival curves were generated using the Kaplan-Meier method and compared using the Log rank test. All statistical 
tests were two-sided, and a P value < 0.05 was considered statistically significant.

Results
Baseline Characteristics
Finally, a total of 5646 eligible patients (4930 male, 716 female; median age, 57 years, IQR: 37–63 years) were included 
and divided into a derivation cohort consisted of training datasets (TD) (51%, N = 3367) and internal testing datasets 
(ITD) (13%, N = 1130) at the Sun Yat-sen University Cancer Center and an external testing datasets (ETD) (36%, N = 
1129) at the another 14 hospitals. Overall, the mortality rate among patients who received IAT prior to the final follow-up 
endpoint was 61.5% (3360 out of 5646 patients). Among all deaths, 61.6% (2018/3367) occurred death in the TD, 62.0% 
(683/1130) in the ITD, and 60.7% (659/1129) in the ETD, with no statistically significant differences between these rates 
(P = 0.913). Table 1 presents a comparison of baseline characteristics across the three datasets. All preoperative variables 
were well-balanced and homogeneous among the datasets (all P > 0.05). A feature heatmap was generated through 
correlation analysis of 35 risk factors, resulting in a correlation coefficient matrix (eFigure 1). In the ITD and ETD 
cohorts, OR to the first IAT, sequential local treatment, targeted-immunotherapy, lymphocyte count, and creatinine level 
were strongly negatively correlated with patient outcomes. Additionally, we compared the performance of the five ML 
models in predicting 1- and 3-year mortality across the three datasets (eTables 5 and 6), and the predictive capability of 
the models for 1- and 3-year mortality was consistent with that for 5-year mortality.

Comparison of the Predictive Performance of the ML Models
Table 2 summarizes the number of predictors and the AUC, SEN, SPE, PPV, NPV, and F1 score of each ML model based 
on clinical variables for predicting 5-year mortality. For preoperative ML models, the CatBoost model achieved the 
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Table 1 The Baseline Characteristics of uHCC Patients Underwent IATs in Three Datasets

Variables TD (n= 3386) ITD (n=1130) ETD (n=1129) P value

Demographic and history (n =10)
Age (years)a 53.19 ± 11.81 53.73 ± 11.56 52.69 ±12.46 0.116

BMI (kg/cm2)a 22.58 ± 4.62 22.69 ± 3.58 22.54 ± 4.30 0.658

Genderb 0.971
Male 2851 (84.20%) 948 (83.89%) 950 (84.15%)

Female 535 (15.80%) 182 (16.11%) 179 (15.85%)

ECOGb 0.360
PS 0 3195 (94.36%) 1059 (93.72%) 1074 (95.13%)

PS 1 191 (5.64%) 71 (6.29%) 55 (4.87%)
Smokingb <0.001

Absence 2871 (84.79%) 976 (86.37%) 1014 (89.81%)

Presence 515 (15.21%) 154 (13.63%) 115 (10.19%)
Drinkingb 0.083

Absence 3251 (96.01%) 1086 (96.11%) 1100 (97.43%)

Presence 135 (3.99%) 44 (3.89%) 29 (2.57%)
Comorbiditiesb 0.240

Absence 2963 (87.51%) 982 (86.90%) 1006 (89.11%)

Presence 423 (12.49%) 148 (13.10%) 123 (10.89%)
HBVb 0.256

Absence 184 (5.43%) 70 (6.19%) 67 (5.93%)

Presence 3202 (94.57%) 1060 (93.81%) 1062 (94.07%)
Cirrhosisb 0.818

Absence 273 (8.06%) 88 (7.79%) 96 (8.50%)

Presence 3113 (91.94%) 1042 (92.21%) 1033 (91.50%)
Ascitesb 0.982

Absence 3062 (90.43%) 1024 (90.62%) 1021 (90.43%)

Presence 324 (9.57%) 106 (9.38%) 108 (9.57%)
Child-Pugh classb 0.806

A 3002 (88.66%) 997 (88.23%) 1006 (89.11%)

B 384 (11.34%) 133 (11.77%) 123 (10.89%)
Tumor characteristics (n = 5)
Pseudo-capsulated 0.944

Absence 2780 (82.10%) 929 (82.21%) 932 (82.55%)
Presence 606 (17.90%) 201 (17.79%) 197 (17.45%)

Maximum diameter of tumors (mean (SD)) (cm)c 9.5 ±1.2 9.5 ± 1.5 9.6 ±1.2 0.975

Number of tumorsb 0.613
1–3 1698 (50.15%) 583 (51.59%) 580 (51.37%)

>3 1688 (49.85%) 547 (48.41%) 549 (48.63%)

Vascular invasionb 0.411
Absence 2156 (63.67%) 704 (62.30%) 724 (64.13%)

Presence 1230 (36.33%) 426 (37.70%) 405 (35.87%)

Metastasisb 0.774
Absence 2585 (76.34%) 873 (77.26%) 859 (76.09%)

Presence 801 (23.66%) 257 (22.74%) 270 (23.91%)

Laboratory findings (n =15)
AFP (ug/mL)b 0.518

<400 1475 (43.56%) 510 (45.13%) 509 (45.08%)

>400 1911 (56.44%) 620 (54.87%) 620 (54.92%)
DCP (ug/mL)b 0.185

<400 1651 (48.76%) 364 (32.21%) 347 (30.74%)

>400 2035 (51.24%) 766 (67.79%) 782 (69.26%)

(Continued)
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Table 1 (Continued). 

Variables TD (n= 3386) ITD (n=1130) ETD (n=1129) P value

ALT (U/L)c 45.6 52.6 55.1 0.548

AST (U/L)c 65.2 91.5 90.6 0.812

ALB (g/L)a 37.5 ± 5.5 37.7 ± 4.3 37.6 ± 4.5 0.825
TBIL (μmol/L)c 21.2 18.6 20.3 0.478

PT(s)a 12.6 ± 1.4 12.5± 1.3 12.3 ± 1.8 0.432

INRa 1.09 ± 0.13 1.10±0.11 1.09±0.16 0.167
Platelet counts (×109)c 159 178 157 0.900

Creatinine (μmol/L)a 71.3 ± 8.36 71.6 ± 7.77 72.4 ± 5.93 0.756

CRP (μmol/L)c 15.2 15.6 13.8 0.447
Lymphocytea 1.5 ± 0.2 1.5 ± 0.3 1.6 ± 0.2 0.992

Neutrophilsa 4.5 ± 1.1 4.6 ± 1.4 4.3 ± 1.1 0.209

Treatment parameter (n =6)
IAIT modalitiesb 0.705

TACE 2151 (63.53%) 728 (64.42%) 709 (62.73%)

HAIC 1235 (36.47%) 402 (35.58%) 420 (37.27%)
Combination with TKI and ICIb 0.740

Absence 2130 (62.91%) 688 (60.88%) 700 (62.00%)

Presence
TKI or ICI 589 (17.40%) 202 (17.87%) 194 (17.18%)

TKI plus ICI 667 (19.69%) 240 (21.25%) 235 (20.81%)

Sequential local therapyb 0.082
Absence 2230 (65.86%) 769 (68.05%) 749 (66.34%)

Presence

SR 389 (11.49%) 115 (10.18%) 154 (13.64%)
TA 647 (19.11%) 208 (18.41%) 182 (16.12%)

SBRT 120 (3.54%) 38 (3.36%) 44 (3.90%)

The response of first IAITb <0.001
OR 1035 (30.57%) 169 (14.96%) 203 (17.98%)

Non OR 2351 (69.43%) 961 (85.04%) 926 (82.02%)

Early recurrenceb 0.844
Absence 1137 (33.65%) 383 (34.07%) 382 (33.90%)

Presence 2242 (66.35%) 741 (65.93%) 745 (66.10%)

Recurrence typeb 0.949
Absence 884 (26.11%) 295 (26.11%) 291 (25.78%)

Presence 2501 (73.86%) 835 (73.89%) 838 (74.22%)

Biomarkers and stages (n=6)
ALBI gradeb 0.437

1 1533 (45.29%) 507 (44.87%) 527 (46.68%)

2 1795 (54.71%) 598 (55.23%) 588 (53.32%)
PALBI gradeb 0.899

1 1201 (35.48%) 399 (35.31%) 416 (36.85%)
2 1383 (40.86%) 467 (41.33%) 446 (39.50%)

3 801 (23.66%) 264 (23.36%) 267 (23.65%)

NLRb 0.076
≤ 4 3369 (99.50%) 1120 (99.12%) 1124 (99.56%)

> 4 17 (0.50%) 10 (0.88%) 5 (0.44%)

PLRb 0.993
≤ 112 2138 (63.14%) 712 (63.01%) 711 (62.98%)

> 112 1248 (36.86%) 418 (36.99%) 418 (37.02%)

(Continued)
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Table 1 (Continued). 

Variables TD (n= 3386) ITD (n=1130) ETD (n=1129) P value

MELDb 0.274

≤ 25 3369 (99.50%) 1120 (99.12%) 1124 (99.56%)
> 25 17 (0.50%) 10 (0.88%) 5 (0.44%)

BCLC gradeb 0.692

A 649 (19.17%) 210 (18.58%) 235 (20.81%)
B 1142 (33.73%) 378 (33.45%) 367 (32.51%)

C 1595 (47.11%) 542 (47.96%) 527 (46.68%)

Notes: Data are number of patients; data in parentheses are percentage unless otherwise indicated. Data in bracket was percent of 
patients. aData are mean ± standard deviation; bData are frequencies with percentages in parentheses; cDate are median value; P-value < 
0.05 indicated a significant difference. 
Abbreviations: ITA, intra-arterial therapy; TACE, transarterial chemoembolization; HAIC, hepatic arterial infusion chemotherapy; TD, 
training datasets; ITD, internal test datasets; ETD, external test datasets; uHCC, unresectable hepatocellular carcinoma; HBV, hepatitis 
B virus;ALT, alanine aminotransferase; AST:aspartate aminotransferase; AFP, α-fetoprotein; DCP, des-γ-carboxy prothrombin; ALB:Albumin; 
TBIL:Total bilirubin; BIL:Bilirubin; Cr:Creatinine; CRP, C reactive protein PT:Prothrombin time; INR, international normalized ratio; SR, 
surgical resection; TA, thermal ablation; SBRT, stereotactic body radiotherapy; TKI, Tyrosine kinase inhibitors; ICI, immune checkpoint 
inhibitors.

Table 2 The Performance Comparison of Five ML Models Based on Preoperative and Postoperative Variables

Models Cohorts No. of Predictors in Model AUC NPV PPV SENS SPEC F1 Score

CatBoosta TD 23 0.7771 0.8159 0.5616 0.7432 0.6623 0.6397

ITD 0.7429 0.8251 0.5258 0.7855 0.5882 0.6300
ETD 0.7346 0.8010 0.5453 0.7236 0.6485 0.6219

GBDTa TD 22 0.7885 0.8009 0.6023 0.6854 0.7366 0.6411

ITD 0.7418 0.7737 0.5784 0.6313 0.7325 0.6037
ETD 0.7310 0.8182 0.5316 0.7692 0.6050 0.6287

LGBMa TD 25 0.7969 0.8613 0.5483 0.8339 0.6002 0.6616

ITD 0.7364 0.8201 0.5054 0.7928 0.5490 0.6173
ETD 0.7328 0.8081 0.5306 0.7500 0.6134 0.6215

RFa TD 26 0.7502 0.8121 0.5264 0.7608 0.6016 0.6223

ITD 0.7215 0.8143 0.4940 0.7928 0.5280 0.6087
ETD 0.7180 0.8110 0.4962 0.7861 0.5350 0.6084

XGBoosta TD 21 0.7979 0.8334 0.5793 0.7681 0.6754 0.6605

ITD 0.7427 0.8123 0.5313 0.7566 0.6120 0.6243
ETD 0.7322 0.8077 0.5325 0.7476 0.6176 0.6220

CatBoostb TD 19 0.8955 0.8894 0.7183 0.8266 0.8113 0.7687

ITD 0.8838 0.9215 0.6403 0.8964 0.7073 0.747
ETD 0.8561 0.8502 0.6993 0.7548 0.8109 0.726

GBDTb TD 25 0.9089 0.9102 0.7254 0.8628 0.8099 0.7881

ITD 0.8868 0.9291 0.6358 0.9084 0.6975 0.748
ETD 0.8588 0.8895 0.6388 0.8462 0.7213 0.728

LGBMb TD 34 0.9087 0.9151 0.7226 0.8716 0.8052 0.7901
ITD 0.8866 0.933 0.6402 0.9133 0.7017 0.7527

ETD 0.8590 0.8667 0.664 0.7981 0.7647 0.7249

RFb TD 16 0.8850 0.8874 0.6905 0.8291 0.7837 0.7535
ITD 0.8786 0.8774 0.6836 0.812 0.7815 0.7423

ETD 0.8492 0.8746 0.6489 0.8173 0.7423 0.7234

XGBoostb TD 20 0.9042 0.8985 0.7382 0.8395 0.8267 0.7856
ITD 0.8865 0.9340 0.6344 0.9157 0.6933 0.7495

ETD 0.8619 0.8973 0.6336 0.8606 0.7101 0.7299

Notes: The bold values represent the optimal AUC value in the external testing cohort. aRepresent preoperative ML models and bRepresent 
postoperative ML. models. 
Abbreviations: ML, machine learning; TD, training datasets; ITD, internal datasets; ETD, external datasets; AUC, areas under receiver 
operating characteristic curve; ACC, accuracy; PPV, positive predictive value; NPV, negative predictive value; SENS, sensitivity; SPEC, specificity.
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optimal predictive performance, with an AUC of 0.777 (95% CI, 0.712–0.815) in the TD, 0.743 (95% CI, 0.705–0.811) 
in the ITD, and 0.735 (95% CI, 0.68–0.782) in the ETD when trained using the 23 most important variables identified by 
the CatBoost importance score. Among postoperative ML models, the XGBoost model demonstrated the best predictive 
performance. When trained using the 20 most important variables identified by the XGBoost importance score, the 
XGBoost model achieved an AUC of 0.904 (95% CI, 0.876–0.963) in the TD, 0.886 (95% CI, 0.845–0.927) in the ITD, 
and 0.862 (95% CI, 0.818–0.932) in the ETD (Figure 2A).

Interpretation Methods for the ML Models
As depicted in the SHAP summary plots (Figure 2B), the contribution of each feature to the ML model was evaluated 
using average SHAP values and presented in descending order. Additionally, local explanation was employed to analyze 
how a specific prediction was made for an individual by incorporating personalized input data. Figure 2C illustrates the 
impact of clinical variables on the 5-year mortality rate with a specific probability. Furthermore, a heatmap interpreting 
the outcomes of uHCC patients who received IAT in the ETD is shown in Figure 2D, and the mean SHAP values were 
compared among the three mortality risk subgroups (Figure 2E). Our results demonstrated that ER was most strongly 
associated with poor prognosis (eFigure 2). Non-OR to the first IAT was the second most significant risk factor for 
mortality and was linked to a higher risk of poor prognosis than OR (eFigure 3). Patients who received IAT alone had 
a significantly higher risk of adverse outcomes than those who received IAT combined with sequential local treatment 
(eFigure 4) or targeted-immunotherapy (eFigure 5). Patients with an AFP concentration > 400 ng/mL had a higher risk of 
poor prognosis than those with an AFP concentration ≤ 400 ng/mL (eFigure 6). Patients with a tumor diameter > 10 cm 
or more than 3 lesions had a poorer prognosis than those with a tumor diameter ≤ 10 cm or 1–3 lesions, respectively 
(eFigures 7 and 8). The relationship between laboratory findings (including creatinine) and SHAP values exhibited an 

Figure 2 The death risk possibility of prediction based on ML models were explained using SHAP algorithm. (A) the XGBoost model trained using the 20 most important 
variables measured by the AUC values; (B) SHAP summary plots show the contributions of the feature to the ML model; (C) SHAP bar chart represented this clinical 
variables towards the 5-years death rate with a probability of specific percentage; (D) a heatmap of interpretation for outcomes of uHCC patients underwent IAT; (E) the 
mean SHAP value were compared between three death risk subgroups.

https://doi.org/10.2147/JHC.S613199                                                                                                                                                                                                                                                                                                                                                                                                                                                   Journal of Hepatocellular Carcinoma 2026:13 8

Tan et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx
https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx
https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx
https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx
https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx
https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx
https://www.dovepress.com/article/supplementary_file/613199/613199_Supplemental%20content20260504-clean.docx


S-shaped curve with distinct turning points (eFigure 9). The HAIC protocol without metastasis was associated with better 
OS than the TACE protocol or HAIC with metastasis (eFigures 10 and 11).

Prognostic Risk Stratification of the MLGS
Stratifying prognoses for specific patient populations is vital for establishing criteria for their inclusion in clinical trials 
and therapeutic interventions (Figure 3A). Based on the cutoff values (22.34, 76.25) from both the preoperative MLGS 
(MLGS-pre) and postoperative MLGS (MLGS-post) models, HCC patients were divided into three risk groups: low-risk, 
middle-risk, and high-risk. The person-months in each risk group are shown in Figure 3B, indicating that patients in the 
low-risk group had better OS than those in the high-risk group. According to the MLGS-pre model, the low-risk group in 
the TD had significantly higher 1-, 3-, and 5-year cumulative OS rates (87.8%, 62.1%, and 49.1%, respectively) 
compared to the middle-risk group (63.2%, 33.4%, and 25.4%, respectively) and the high-risk group (35.9%, 13.0%, 
and 8.9%, respectively) (P < 0.001). Similar results were observed in the ITD and ETD cohorts using the preoperative 
model (Figure 3C–E). According to the MLGS-post model, the 1-, 3-, and 5-year cumulative OS rates in the low-risk 
group in the TD were 98.3%, 81.7%, and 65.8%, respectively, while those in the middle-risk group were 68.0%, 22.1%, 
and 13.5%, respectively—both significantly higher than those in the high-risk group (20.5%, 1.7%, and 0%) (P < 0.001). 
Similar results were obtained in the ITD and ETD cohorts using the postoperative model (Figure 3F–H).

Comparison of the Predictive Accuracy Between MLGS, Tumor Stages, and 
Biomarkers
To evaluate the discriminative capability of the ML models, we compared their prognostic performance with that of 
ALBI grade, PALBI grade, PLR, NLR, MELD grade, and other staging systems (BCLC, JSH, AJCC TNM, EASL, and 
CNLC). Time-dependent AUC analysis revealed that the MLGS had superior OS prediction performance compared to 
the staging systems at various time points in both study cohorts (all Log rank test, P < 0.001) (Figures 3I–K). The 
prediction error curves of all models and staging systems are shown, and the IBS values for MLGS-post were 0.17 in the 
TD, 0.14 in the ITD, and 0.22 in the ETD (Figures 3L–N). The bootstrapped calibration curves plotted with 5-years 
mortality was well matched with the idealized 45°line for the MLGS in the three datasets (eFigure 12). Decision curve 
analysis (DCA) graphically indicated that the MLGS provided a larger benefit across the range of reasonable threshold 
probabilities in the three datasets (eFigure 12).

Clinical Value of the MLGS
The MLGS developed in this study comprises two ML models: the preoperative and postoperative models. The 
preoperative model provides a prognostic risk score for individual uHCC patients before IAT and classifies them into 
low-risk, middle-risk, and high-risk groups. Subsequently, the six postoperative variables are input into the preoperative 
model, and the risk coefficient changes with the input of positively and negatively correlated variables. During follow-up 
after IAT, inputting the time and status of tumor recurrence into the preoperative ML model leads to a significant increase 
in the mortality hazard. Furthermore, the IAT scheme plays a crucial role in improving survival benefits—for instance, 
selecting between HAIC and TACE, or combining IAT with targeted-immunotherapy and sequential local treatment. 
Based on the dynamic changes in mortality risk following the input of these variables, the MLGS can guide clinicians in 
continuously adjusting treatment schemes during the IAT process.

Discussion
IAT possesses considerable potential as an effective treatment for uHCC, with growing evidence highlighting its 
significant role in improving survival and quality of life for HCC patients.4,28,29 Accurate and rational IAT decision- 
making is critical for achieving long-term survival benefits. Therefore, we developed the MLGS to assist clinicians in 
formulating comprehensive IAT plans throughout the treatment process. The MLGS can effectively classify HCC 
patients who received IAT into three distinct risk groups with significantly different long-term OS durations. 
Additionally, it can visually display the dynamic changes in mortality risk over time, taking into account variations in 
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Figure 3 Risk strata for predicting the prognosis of HCC patients who underwent IATs. (A) Segmenting prognoses for particular patient populations were shown using line 
chart; (B). The uHCC patients were categorized into three risk group and the person-months were showed in different risk group; the survival outcomes of HCC patients 
received the IAT scheme between three risk subgroups based on MLGS-pre model (C) OS, (D) PFS, and (E) EPFS the survival outcomes of HCC patients received the IAT 
scheme between three risk subgroups based on MLGS-post model (F) OS, (G) PFS, and (H) EPFS. Model discrimination measured with time-dependent areas under the 
receiver operating characteristic curves at various time points for the training (I), internal testing (J) and external testing (K) cohorts. The integrated Brier score of models 
for the training (L), internal testing (M) and external testing (N) cohorts.
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tumor status and treatment strategies. Thus, the MLGS may facilitate personalized decision-making and reduce future 
mortality rates, treatment-related side effects, and economic burden for a larger number of uHCC patients receiving IAT.

This study has several strengths and innovations. First, the MLGS was developed and externally validated using 
clinical data from 5646 patients (from 15 hospitals in China) and 35 available clinical variables, with a relatively long 
median follow-up time (4.2 years). This ensures the comprehensiveness, robustness, and accuracy of the MLGS from 
multiple perspectives. Second, the MLGS was developed using a wide range of variables, including demographic 
characteristics, tumor features, laboratory test results, and treatment schemes. Preoperative and postoperative variables 
were sequentially input based on the timeline before and after IAT, enabling visualization of the dynamic trajectory of 
mortality risk. Third, five representative ML algorithms were compared, and the XGBoost model—with the most 
reasonable variable input—was selected to develop the MLGS for prognostic risk stratification. Fourth, the predictive 
performance of the MLGS was significantly superior to that of other internationally recognized clinical and biological 
markers, which are considered important in clinical practice.

Given the lack of interpretability of ML processes, the SHAP method was utilized to explain the relationship between 
clinical variables and mortality risk. These variables mainly fell into two categories: those associated with increased 
mortality risk (eg, high AFP levels, non-OR to the first IAT, ER) and those associated with reduced mortality risk or 
improved survival benefits (eg, local treatment after IAT, combination of IAT with targeted-immunotherapy). These 
findings are consistent with the recent global Phase III randomized clinical trial (EMERALD-1), which demonstrated 
better progression-free survival with the combination of bevacizumab, durvalumab, and TACE compared to TACE 
monotherapy in patients with intermediate HCC.29 Previous studies have also clarified that the tumor microenvironment, 
including proteoglycans, immune cells, and hypoxia, plays a critical role in tumor initiation and progression during the 
invasion-metastasis cascade.30–32

Previous research has focused solely on decision-making for a single treatment option. For example, Liu et al 
constructed two models using semantic information and ultrasound image data to predict ER in HCC patients undergoing 
TA or SR and identify suitable candidates.33 Ding et al developed a hybrid model to accurately predict the probability of 
ER after TA or SR, providing reliable evidence for optimal treatment decision-making in patients with single 3- to 5-cm 
HCCs.34 These decision support models were individual-based and cross-stratified twice according to treatment type. In 
contrast, the MLGS developed in this study is based on a dynamic risk trajectory formed by the input of preoperative 
clinical data, postoperative tumor status, and IAT schemes. Our results showed that tumor burden, tumor immunity- 
related biomarkers, and liver function affect the prognosis of uHCC patients before IAT.However, with the selection of 
IAT modality, achievement of initial OR, and application of subsequent treatment schemes, the ability to predict mortality 
risk was significantly improved compared to the preoperative model. By leveraging the dynamic changes in risk scores 
generated by the MLGS, clinicians can more accurately formulate personalized IAT regimens.

The MLGS incorporates simple, easily accessible clinical and radiological variables that can be used to identify high- 
risk HCC patients. High-risk patients require prolonged and intensive monitoring due to their elevated mortality risk, 
along with additional systemic medications. The MLGS effectively classifies HCC patients into different subgroups 
based on risk levels and helps identify the most suitable candidates for IAT. In the TD, 33% of uHCC patients were 
classified as high-risk, with a 5-year OS rate of 0%, while the low-risk group had a 5-year OS rate of 49.1%. The MLGS 
is clinically significant as it enables the identification of a subset of IAT-treated patients at high risk of mortality who may 
benefit from targeted interventions. For example, if patients receiving HAIC are classified as high-risk by the MLGS, 
clinicians may modify the treatment plan to TACE or implement a proactive targeted-immunotherapy and monitoring 
strategy with shorter intervals.

This study possesses several inherent limitations. First, participants were enrolled across 15 Chinese medical 
institutions, each with distinct protocols, surgical techniques, and medication regimens for TACE and HAIC. These 
institutional variations may have introduced heterogeneity, potentially impacting the generalizability of the findings. 
Second, the pharmacological diversity in TACE and HAIC regimens across centers may have introduced confounding 
variables affecting the final outcomes. Furthermore, the clinical characteristics of the study cohort differ substantially 
from Western populations, where patients typically present with smaller tumor burdens and alcoholic cirrhosis as the 
primary etiology of HCC, limiting the broad applicability of our results to Western settings. Finally, given the established 
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role of radiomics in predicting prognosis for patients undergoing IAT, future investigations should integrate radiomic 
features into our ML models to enhance predictive precision.

In conclusion, the MLGS accurately stratifies prognostic risk and may assist in identifying high-risk patients who 
could benefit from more intensive surveillance or adjunctive therapies. Prospective studies are needed to evaluate its 
clinical utility.

Abbreviations
HCC, hepatocellular carcinoma; ML, machine learning; MLGS, machine learning guided system; TACE, Transarterial 
chemoembolization; HAIC, hepatic arterial infusion chemotherapy; IATs, intra-arterial interventional therapies; RF, 
Random Forest; XGBoost, eXtreme Gradient Boosting; CatBoost, Categorical Gradient Boosting; GBDT, Gradient 
Boosting Decision Tree; LGBM, Light Gradient Boosting Machine; SHAP, SHapley Additive exPlanations; OS, overall 
survival; TKI, tyrosine kinase inhibitors; ICI, immune checkpoint inhibitors; HR, hazard ratios; CI, confidence intervals.
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