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Purpose: Lenvatinib is an effective treatment for patients with intermediate- to advanced-stage unresectable hepatocellular carcinoma 
(HCC). However, tumor response and survival outcomes vary widely. Traditional machine learning (ML) models have been developed 
to predict treatment response or survival status at discrete time points. However, an overall prediction of overall survival (OS) and 
progression-free survival (PFS) incorporating censored survival data is lacking. We aimed to conduct a comprehensive survival 
analysis of OS and PFS by using ML-based survival models.
Patients and Methods: This multicenter, retrospective study included patients with unresectable HCC receiving lenvatinib across 
five healthcare centers. Demographic data, laboratory results, tumor characteristics, and survival outcomes were collected. Five ML- 
based survival models were developed and compared using Harrell’s concordance index (C-index). The predicted risk scores were 
used to stratify patients into low-, intermediate-, and high-risk groups and validated in the test set.
Results: 205 patients were included for training and validation. Among the five ML models, the GBM-Cox model achieved the highest 
C-indices for both OS (0.617) and PFS (0.645) prediction. The predicted risk scores stratified the patients into low-, intermediate-, and 
high-risk groups for OS (median, 18.7 vs 13.6 vs 8.8 months; p = 0.004) and PFS (median, 8.2 vs 4.0 vs 3.7; p = 0.017). The most 
influential prognostic factors included albumin-bilirubin (ALBI) score, alanine aminotransferase, and age for OS, and macrovascular 
invasion, ALBI score, and alpha-fetoprotein for PFS.
Conclusion: ML-based survival models successfully stratified patients into low-, intermediate-, and high-risk groups for OS and PFS. 
Key features included ALBI score and alanine aminotransferase for OS, and macrovascular invasion and ALBI score for PFS. These 
models have the potential to guide clinicians’ treatment decisions and provide prognostic evaluations. Future prospective studies with 
larger cohorts, as well as integration of imaging biomarkers are warranted to optimize these predictive models.
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Introduction
Hepatocellular carcinoma (HCC), the predominant form of liver cancer, is a major global health concern and a leading 
cause of cancer-related mortality worldwide.1 The past decade has seen advancements in treatment, particularly systemic 
therapies, which have brought the treatment of HCC into a new era. In 2018, lenvatinib emerged as an effective first-line 
treatment for unresectable HCC based on the REFLECT trial, which demonstrated its noninferiority over sorafenib in 
terms of overall survival (OS).2 Its effectiveness has also been confirmed in real-world studies.3,4 A further analysis of 
the REFLECT trial reported an objective response rate (ORR) of 18.8% according to the RECIST (Response Evaluation 
Criteria in Solid Tumors) 1.1 criteria and 40.6% according to the modified RECIST criteria.4

Although the advent of immunotherapy has replaced lenvatinib as the first-line treatment for unresectable HCC since 
2020,5 lenvatinib still serves as an effective treatment for patients who are intolerant or resistant to immunotherapies. 
Additionally, in patients with metabolic dysfunction-associated steatotic liver diseases, lenvatinib reportedly has compar
able efficacy to immunotherapy.6 However, the treatment response rate is modest, and survival outcomes vary across 
patients, which may be related to patient demographics, tumor features, metabolic phenotypes, and immunological 
characteristics.2,4,7,8 It is highly important to identify which patient population is likely to benefit from treatment and to 
predict patient prognosis, which is essential in guiding treatment plans.

Several studies have explored machine learning (ML) approaches to predict outcomes for HCC patients treated with 
lenvatinib. Most of them adopt traditional ML algorithms, such as logistic regression, decision trees, or support vector 
machine, designed for binary or multiclass prediction of treatment response or survival status at specific time points.9–12 

However, treatment responders do not necessarily guarantee better OS,13,14 and an overall evaluation of survival 
outcomes is usually more important for clinicians than prediction at discrete time points. Furthermore, traditional ML 
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algorithms require training data with known event status over a defined time period, reflecting the inherent limitations of 
these methods.15 Without incorporating censored survival data, their results potentially limited the reliability of survival 
predictions. Survival models manage censored survival data, among which the Cox proportional hazards (CoxPH) model 
is the most commonly used. It can be integrated with coefficient regularization methods such as Lasso (least absolute 
shrinkage and selection operator) or elastic net regularization and serve as effective ML models.16,17 Recently, novel ML- 
based survival models have been developed that adapt ML algorithms, such as random forest and gradient boosting, 
including the random survival forest (RSF),18 gradient boosting machine CoxPH (GBM-Cox) model,19 and accelerated 
failure time XGBoost (AFT-XGB) model.20 In this study, we aimed to conduct a comprehensive survival analysis of OS 
and progression-free survival (PFS) for patients with unresectable HCC receiving lenvatinib by using various ML-based 
survival models and to share our best-performing model publicly as an interactive web-based tool.

Materials and Methods
Study Population and Dataset
This retrospective, multicenter study included patients ≥18 years old with intermediate- to advanced-stage HCC treated 
with lenvatinib at Taipei Veterans General Hospital (VGHTPE), National Taiwan University Hospital (NTUH), Shuang 
Ho Hospital (SHH), Taipei Municipal Wan Fang Hospital (WFH), and Taipei Medical University Hospital (TMUH) 
between December 2019 and April 2022. Patients were included in the study if they met the following criteria: (1) a 
diagnosis of HCC through pathological or radiological assessment with typical imaging patterns; (2) availability of CT or 
MRI imaging within one month prior to initiating lenvatinib; and (3) treatment with lenvatinib as a first-, second-, or 
third-line therapy. The exclusion criteria were as follows: (1) concurrent local therapy or immunotherapy during 
lenvatinib treatment; (2) lenvatinib treatment duration of less than two months; (3) Child‒Pugh score of class C; (4) 
absence of intrahepatic tumors; and (5) prior systemic treatment exceeding three lines. The demographic and clinical 
variables were collected. Radiological assessments were conducted every 2 to 3 months via contrast-enhanced CT or 
MRI scans. OS was defined as the time from the start of lenvatinib treatment to either death or the most recent follow-up. 
PFS was defined as the time from the start of lenvatinib treatment to the occurrence of disease progression, death, or the 
most recent follow-up. The final follow-up date was December 31, 2022.

This study complied with the principles of the Declaration of Helsinki, institutional guidelines, the Medical Care Act, 
and the Personal Data Protection Act of Taiwan. The institutional review boards of the participating hospitals approved 
the study (VGHTPE: 2023–09–012BC; NTUH: 202405146RINE; and TMU-JIRB: N202308023).

Study Variables
The variables that were used as input features included age, sex, hepatitis etiology, Barcelona Clinic Liver Cancer 
(BCLC) stage, alpha-fetoprotein (AFP), creatinine, albumin‒bilirubin (ALBI) score, alanine aminotransferase (ALT), 
platelet count, tumor radiologic burden on the basis of the Up-to-7 criteria,21 presence of main portal vein thrombosis, 
macrovascular invasion, metastasis, and prior systemic treatment. Body weight, body height, and Child‒Pugh class were 
not included as input variables because their percentage of missing values was ≥10%. For those input variables with 
missing values of <10%, imputation was performed using the mode for categorical variables and the average for 
continuous variables. Continuous variables were standardized during data preprocessing. Treatment response was 
evaluated based on the RECIST 1.1 criteria. The ORR was calculated as the rate of complete response or partial 
response.

Sample Size Justification
Given the expected limited sample size, an a priori sample size justification was conducted to evaluate statistical power 
and the risk of overfitting. The Riley method was applied using the pmsamplesize package in R (version 4.4.2).22 As no 
previous studies have utilized ML-based survival models in patients receiving lenvatinib for unresectable HCC, a 
previously published CoxPH model for OS prediction was used as a reference. The study reported an AUROC of 0.80 
with seven predictors among 351 enrolled patients.23 The analysis indicated that a minimum sample size of 490 would be 
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required when the shrinkage coefficient is set to 0.9, and 216 when set to 0.8, with the latter associated with an increased 
risk of overfitting. To mitigate such risks, regularized (Lasso and elastic net) and tree-based ML algorithms were 
employed to reduce the influence of weakly predictive variables.16–18,24

Survival Analysis via Machine Learning
The entire dataset was collected under the same enrollment protocol to ensure consistent baseline characteristics across 
centers and divided into a training set and a test set based on the volume of the healthcare centers involved. Patient data 
from VGHTPE, SHH, WFH, and TMUH (74% of the dataset) were used for model training and internal validation, 
whereas those from NTUH comprised the test set (26% of the dataset) and served as external validation. The dataset 
collection and splitting process is illustrated in Figure 1.

We developed and validated five ML survival models, including the RSF, Lasso-regularized CoxPH (Lasso-Cox), 
elastic net-regularized CoxPH (EN-Cox), GBM-Cox, and AFT-XGB models. A conventional CoxPH model was 
developed for comparison. RSF is an ensemble learning and nonparametric method that extends from the random forest 
algorithm to manage right-censored survival data.18,25 It is constructed via an ensemble of survival trees and estimation 
of the cumulative hazard function. The split of survival trees is judged by log-rank statistics. After training the survival 
trees, RSF aggregates the results via ensemble methods. Lasso regularization, or the L1 penalty, effectively performs 
feature selection by penalizing features with lower predictive ability, leading to some coefficients being shrunk toward 
zero.17,26 Elastic net regularization, which combines L1 and L2 (Ridge) penalties, effectively handles situations with 
highly correlated features and balances between feature selection and coefficient shrinkage.16 The GBM-Cox model 
combines GBM, an ensemble learning tree-based method, with the CoxPH model by using the negative log partial 
likelihood as its cost function.27 The AFT model, in contrast to the proportional hazards model, which estimates 
covariates’ multiplicative effects on the hazard function, directly models the time to event by assessing how covariates 
accelerate or decelerate survival time.28 XGBoost, a widely used and efficient tree-based ML algorithm, has been adapted 
to integrate with the AFT model to build an effective survival model (AFT-XGB).20 The training process involved 5-fold 

Figure 1 Data collection and splitting process for model training.
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cross-validation within the training set for hyperparameter tuning (Supplementary Table 1). The best parameters were 
used to train the final models. The models were constructed via Python (version 3.11) with the xgboost, scikit-survival, 
scikit-learn, and lifelines packages.

Model Performance Evaluation and Comparison
The predictive performance of the ML models was evaluated using the Harrell’s concordance index (C-index), integrated 
time-dependent area under the receiver operating characteristic curve (iAUC), and integrated Brier score (IBS). The 
C-index measures the concordance between the model’s predicted risk scores and the observed survival outcomes across 
all comparable subject pairs,29 and serves as our primary performance metric. The time-dependent area under the receiver 
operating characteristic curve (AUROC) quantifies the probability that, at a specific time point, a randomly selected 
patient who experiences the event by that time has a higher predicted risk score than a randomly selected patient who has 
not experienced the event by that time.29–31 The Brier score quantifies the accuracy of survival probability predictions by 
measuring the mean squared error between the predicted survival probability and the actual survival status at specific 
time points.29 The iAUC and IBS were calculated as weighted averages of time-dependent AUROC values and Brier 
scores over time, respectively. To implement risk stratification and provide clinical granularity, the training set risk scores 
predicted by the best-performing ML model (with the highest C-index) were grouped into tertiles by selecting cutoffs that 
optimized the overall log-rank p-value of the survival curves across multiple percentile combinations in the training set. 
These cutoffs were then applied to the test set. SHAP (SHapley Additive exPlanations) values were calculated for feature 
importance analysis.32

Survival Status Prediction at Discrete Time Points
We also applied the best-performing ML model with the highest C-index to predict survival status at discrete time points: 
from 6 to 36 months after starting lenvatinib therapy at 6-month intervals for OS prediction, and from 6 to 18 months for 
PFS prediction. Sensitivity, specificity, positive predictive value, negative predictive value, accuracy, and both binary and 
time-dependent AUROC were calculated. The optimal AUROC threshold at each time point was determined using the 
Youden index, which maximizes the sum of sensitivity and specificity.33

Statistical Analysis
The statistical comparison of demographic data between patients in the training and test sets was performed using 
Student’s t-test or the Mann–Whitney U-test for continuous variables. For categorical variables, the Pearson chi-square 
test or Fisher’s exact test was used. The Kaplan-Meier method was used to estimate the survival curves via ML models- 
derived risk scores, and a Log rank test was used for comparison. All the statistical analyses were performed using SPSS 
(version 27.0.1.0; IBM, Armonk, NY, USA) and Python (version 3.11).

Results
Patient Baseline Characteristics
A total of 205 patients were included in this study, with 151 patients from four healthcare centers in the training set, and 
54 patients from one large-volume healthcare center in the test set. The detailed baseline characteristics are summarized 
in Table 1. The mean age of the entire cohort was 67.4 years, and the majority of patients (75.1%) were male. Hepatitis B 
virus infection was the most common underlying liver disease, affecting 62.9% of the participants. The disease was 
classified as BCLC stage C in 80.5% of the patients, indicating significantly more advanced-stage HCC at the time of 
treatment initiation. In terms of tumor characteristics, 22.9% of patients presented with main portal vein thrombosis, 
57.1% presented with major vascular invasion, and 44.9% had evidence of metastatic disease. According to ALBI 
grading, 36.1% of patients were categorized as ALBI grade 1, whereas 60.0% and 2.4% were classified as grades 2 and 3, 
respectively. Additionally, 78.5% of patients had a tumor radiologic burden exceeding the Up-to-7 criteria, and 41.0% 
had received prior systemic therapy. Comparisons of patient characteristics between the training and test sets revealed no 
significant differences in demographics, laboratory tests, or radiological assessments.
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Observed Survival Outcomes
The treatment response, evaluated via the RECIST 1.1 criteria, demonstrated an ORR of 13.2% for the entire cohort. The 
median OS of the entire cohort was 12.2 months, whereas the median PFS was 7.3 months. No significant differences were 
observed between the training and test sets for OS (11.5 vs 13.4 months, p = 0.76) or PFS (7.6 vs 6.6 months, p = 0.37). During 
the follow-up period, 143 patients experienced disease progression or death, among whom 130 patients died.

Model Performance Evaluation and Comparison
For OS prediction, all the ML-based survival models outperformed the CoxPH model, with the GBM-Cox model 
achieving the highest C-index of 0.617 and iAUC of 0.732. The Lasso-Cox model achieved the lowest IBS of 0.197. For 
PFS prediction, the GBM-Cox model also achieved the highest C-index of 0.645 and iAUC of 0.709. The Lasso-Cox 
model achieved the lowest IBS of 0.203. The model performances are detailed in Table 2.

Risk Stratification for OS and PFS
Using the predicted risk score threshold derived from the training set, survival curves for OS risk stratification into low-, 
intermediate-, and high-risk groups differed significantly in both the training (p < 0.001) and test sets (p = 0.004). The median 
OS of the low-, intermediate-, and high-risk groups in the test set were 18.7, 13.6, and 8.8 months, respectively (Figure 2). For 
PFS risk stratification, the survival curves also significantly differed when patients were stratified into low-, intermediate-, and 
high-risk groups in both the training (p < 0.001) and test sets (p = 0.017). The median PFS of the low-, intermediate-, and high- 
risk groups in the test set were 8.2, 4.0, and 3.7 months, respectively (Figure 3). This ML-based risk-stratification tool has been 
publicly available as an interactive application at https://hcc-survival-predictor.onrender.com.

Table 1 Baseline Characteristics of the Entire Cohort, Training Set, and Test Set

Variable All Cohort  
(N = 205)

Training  
(N=151)

Test  
(N=54)

p value

Mean age (SD), years 67.4±12.2 66.4±12.5 70.1±11.1 0.06

Sex, male 154 (75.1) 112 (74.2) 42 (77.8) 0.60

HBsAg, positive 129 (62.9) 93 (61.6) 36 (66.7) 0.51
Anti-HCV, positive 35 (17.1) 22 (14.6) 13 (24.1) 0.11

Prior systemic therapy, yes 84 (41.0) 57 (37.7) 27 (50.0) 0.12

AFP, ng/mL 21075.2±147,421.3 27,292.6±172,257.6 4380.3±13,360.3 0.33
Cre, mg/dl 1.0±0.7 1.0±0.6 1.2±0.9 0.19

PLT, x109/L 198.2±119.2 202.9±126.7 185.2±94.8 0.35
ALT, U/L 54.3±68.6 56.3±70.7 49.1±62.4 0.51

Metastasis, positive 92 (44.9) 70 (46.4) 22 (40.7) 0.48

MVI, positive 117 (57.1) 89 (58.9) 28 (51.9) 0.37
Vp4, positive 47 (22.9) 38 (25.2) 19 (16.7) 0.20

BCLC stage, B 40 (19.5) 29 (19.2) 11 (20.4) 0.85

BCLC stage, C 165 (80.5) 122 (80.8) 43 (79.6)
ALBI grade, 1 74 (36.1) 50 (33.8) 24 (44.4) 0.38

ALBI grade, 2 123 (60.0) 94 (62.3) 29 (53.7)

ALBI grade, 3 5 (2.4) 4 (2.6) 1 (1.9)
ALBI score −2.4±0.5 −2.4±0.5 −2.5±0.5 0.11

Up-to-7 criteria, in 161 (78.5) 123 (81.5) 38 (70.3) 0.09

Up-to-7 criteria, out 44 (21.5) 28 (18.5) 16 (29.6)
Median OS 12.2 11.5 13.4 0.76

Median PFS 7.3 7.6 6.6 0.37

Notes: The data are presented as the means ± SDs or N values (% or number). 
Abbreviations: SD, standard deviation; HBsAg, hepatitis B surface antigen; Anti-HCV, anti-hepatitis C antibody; AFP, alpha- 
fetoprotein; Cre, creatinine; PLT, platelet; ALT, alanine transaminase; MVI, major vascular invasion; Vp4, main portal vein 
thrombosis; BCLC, Barcelona Clinic Liver Cancer; ALBI, albumin‒bilirubin; OS, overall survival; PFS, progression-free survival.
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Survival Status Prediction at Discrete Time Points
The survival status prediction performance of the GBM-Cox model at discrete time points is detailed in Table 3. For OS 
prediction, it achieved binary AUROCs ranging from 0.59 to 0.93 and time-dependent AUROCs from 0.58 to 0.94 with 
the highest values (0.75 to 0.94) observed at 18 to 36 months from the start of lenvatinib therapy. For PFS prediction, it 
achieved binary AUROCs ranging from 0.63 to 0.79 and time-dependent AUROCs from 0.57 to 0.78 at 6 to 18 months.

Table 2 Comparison of C-Index, iAUC, and 
IBS Among the Machine Learning Models

C-index iAUC IBS

OS prediction

CoxPH 0.565 0.695 0.216

AFT-XGB 0.588 0.678 0.443
Lasso-Cox 0.597 0.717 0.197

EN-Cox 0.566 0.699 0.319

GBM-Cox 0.617 0.732 0.332
RSF 0.608 0.704 0.317

PFS prediction

CoxPH 0.591 0.644 0.210

AFT-XGB 0.594 0.647 0.333
Lasso-Cox 0.595 0.649 0.203

EN-Cox 0.588 0.644 0.299

GBM-Cox 0.645 0.709 0.294
RSF 0.610 0.666 0.285

Abbreviations: iAUC, integrated time-dependent area under 
the receiver operating characteristic curve; IBS, integrated 
Brier score; CoxPH, Cox proportional hazards model; AFT- 
XGB, accelerated failure time-XGBoost model; Lasso-Cox, 
Lasso-regularized Cox proportional hazards model; EN-Cox, 
elastic net-regularized Cox proportional hazards model; GBM- 
Cox, gradient-boosting machine Cox proportional hazards 
model; RSF, random survival forest; OS, overall survival; PFS, 
progression-free survival.

Figure 2 OS survival curves of the low-, intermediate-, and high-risk groups of the (A) training set and (B) test set. 
Abbreviation: OS, overall survival.
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Features of Importance Analysis
To assess the predictive importance of features, we calculated SHAP values for the best-performing models. For OS 
prediction, the five features with the highest SHAP values for the GBM-Cox model were the ALBI score, ALT level, age, 
creatinine level, and presence of metastasis (Figure 4A). For PFS prediction, the top five features for the GBM-Cox 
model were presence of macrovascular invasion, the ALBI score, AFP level, ALT level, and creatinine level 
(Supplementary Figure 1A). Heatmaps of the feature SHAP values for the test set patients are shown in Figure 4B 
and Supplementary Figure 1B for OS and PFS, respectively.

Table 3 Performance Metrics of the GBM-Cox Model for Survival Status Prediction in the Test 
Set (N=54) at Specific Time Points

Time (Months) Sen 
(%)

Spe 
(%)

PPV 
(%)

NPV 
(%)

Acc 
(%)

Binary 
AUROC

Time-Dependent  
AUROC

Overall survival
6 83.0 57.1 92.9 33.3 79.6 0.62 0.62

12 88.9 36.0 60.0 75.0 63.5 0.59 0.58

18 94.1 42.9 44.4 93.8 59.6 0.75 0.75
24 42.9 97.3 85.7 81.8 82.4 0.76 0.76

30 50.0 97.4 83.3 88.4 87.8 0.78 0.78

36 100.0 85.0 25.0 100.0 85.7 0.93 0.94
Progression-free survival

6 79.3 56.0 67.7 70.0 68.5 0.71 0.70

12 81.3 69.4 54.2 89.3 73.1 0.79 0.78
18 85.7 48.9 20.7 95.7 53.9 0.63 0.57

Notes: Survivals and non-progression status are labeled as positive. 
Abbreviations: Sen, sensitivity; Spe, specificity; PPV, positive predictive value; NPV, negative predictive value; Acc, 
accuracy; AUROC, area under the receiver operating characteristic curve.

Figure 3 PFS survival curves of the low-, intermediate-, and high-risk groups of the (A) training set and (B) test set. 
Abbreviation: PFS, progression-free survival.
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Discussion
The present study conducted a comprehensive survival analysis using five ML-based survival models in patients 
receiving lenvatinib for unresectable HCC. Among these models, the GBM-Cox model achieved the best performance, 
with the highest C-indices and iAUCs for both OS and PFS prediction. Based on the risk scores predicted by the GBM- 
Cox model, patients were stratified into low-, intermediate-, and high-risk groups.

Lenvatinib marked a new era of treatment, which showed noninferiority to sorafenib in patients with HCC in a Phase 
3 clinical trial in 2018.2 However, the treatment response and OS are still modest, with a real-world median OS of 
approximately 11.4 months and an ORR of approximately 36.0% according to the mRECIST criteria.3,4,34 Although 
treatment response is strongly associated with OS, other factors, such as preserved liver function, AFP level, and tumor 
size, have also been identified as independent prognostic factors.3,35 Predicting OS in patients with HCC treated with 
lenvatinib is important because it reflects the overall evaluation of both treatment effects and nontreatment effects. It can 
guide clinicians’ treatment plans with early shifts to or the addition of other therapies if a poor prognosis is anticipated.

Previous studies have investigated the use of ML algorithms for predicting OS and PFS in patients with HCC. 
However, owing to the relatively new advent of lenvatinib, many of them do not include patients treated with lenvatinib.
36–38 Some studies have used ML algorithms to predict treatment response in patients with HCC treated with lenvatinib. 
Bo et al achieved excellent performance in predicting treatment response to lenvatinib.9 However, by applying 
unsupervised ML algorithms, they reported that two radiomics subtypes were associated with different PFS but not 
OS. Ma et al used clinical data to predict treatment response to lenvatinib combined with transarterial chemoemboliza
tion, achieving a high AUROC of 0.91 via a random forest model.11 Although the predictive accuracy is high, their study 
did not reveal OS or PFS predictions. Hua et al used clinical data and radiomics features to predict treatment response to 
lenvatinib plus PD-1 inhibitors and interventional therapy, and stratified patients into high- and low-risk groups for OS 
and PFS.12 Other studies have used ML models to predict survival status at discrete time points.39–41 Han et al used 
XGBoost to predict survival status at specific time points and stratified patients into risk groups based on the predicted 
survival probabilities.40 Simsek et al applied a LightGBM model to predict survival status at specific time points but did 
not perform an overall prognostic evaluation.39 To the best of our knowledge, this is the first study to apply ML-based 
survival models in patients with unresectable HCC treated with lenvatinib. By applying ML-based survival models, 
censored survival data can be leveraged, and the predicted risk scores can be used to stratify patients into risk groups for 
overall OS and PFS evaluation.

Figure 4 Feature importance analysis based on SHAP values for the GBM-Cox model in OS prediction. (A) Beeswarm plot of SHAP values. (B) Heatmap of SHAP values for 
patients in the test set. Each point or panel represents the SHAP value of a feature to the predicted risk for a patient. 
Abbreviations: ALBI, albumin-bilirubin; ALT, alanine aminotransferase; Cre, creatinine; Mets, metastasis; AFP, alpha-fetoprotein; PLT, platelet; HCV, hepatitis C; Rad, 
radiologic burden evaluated by the Up-to-7 criteria; HBV, hepatitis B; VP4, main portal vein thrombosis; BCLC, Barcelona Clinic Liver Cancer stage.
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Among the ML models, the GBM-Cox model exhibited the highest C-indices and iAUCs for both OS and PFS prediction, 
while the Lasso-Cox model had the lowest IBS. These findings suggest that the GBM-Cox model has the best discriminative 
ability for risk prediction, but is less effective than the Lasso-Cox model in estimating survival probabilities. The GBM-Cox 
model also demonstrated robust prediction of survival status at discrete time points, particularly between 18 and 36 months 
after initiating lenvatinib therapy (AUROCs: 0.75–0.94) for OS and between 6 and 12 months (AUROCs: 0.70–0.79) for PFS. 
Although our study aimed to perform an overall evaluation of OS and PFS, these results also demonstrate the ability of ML- 
based survival models to predict survival status at discrete time points.

By investigating SHAP values, feature importance analysis identified key prognostic factors. For OS prediction with 
the GBM-Cox model, the five features with the highest SHAP values were the ALBI score, ALT level, age, creatinine 
level, and presence of metastasis. For PFS prediction, the most influential features were presence of macrovascular 
invasion, the ALBI score, AFP, ALT, and creatinine levels. Importantly, the identified prognostics factors, such as 
vascular invasion, tumor size, and metastasis, have been reported to be associated with gene expression profiles involved 
in the development and prognosis of HCC.42,43 The ALBI score, calculated from serum albumin and total bilirubin 
levels, has been validated as an independent prognostic factor for OS in patients with HCC or chronic liver disease.44,45 

A higher ALBI score is associated with poorer outcomes and may provide better prognostic value than the Child-Pugh 
class.45 Macrovascular invasion has also been found to be associated with shorter PFS or OS.3,46 However, studies have 
also shown inconsistent results on prognostic factors in patients with HCC treated with lenvatinib.3,35,47–50 For example, 
Welland et al and Kudo et al reported that AFP ≥ 200 ng/mL was an independent negative prognostic factor for OS,3,35 

whereas Hiraoka et al reported that only the ALBI grade was independently prognostic.47 Our models reinforce the 
prognostic significance of these key variables and may offer insights into potential nonlinear effects among variables that 
were not identified previously using traditional statistical approachs.51

This study has several limitations. First, the sample size was relatively small. Although regularized and tree-based ML 
algorithms were employed to mitigate the effects of less predictive variables and reduce the risk of overfitting, the limited 
sample size may still constrain statistical power and affect the model robustness. However, compared with most studies that 
applied ML models to patients treated with lenvatinib, our sample size was slightly larger. Future studies with larger, 
prospectively collected datasets are warranted. Second, our input features did not include radiomic features or raw images 
from pretreatment CT or MRI scans, which may have limited the model’s predictive performance. Incorporating such data 
could potentially enhance the predictive power of the model. However, radiomic features are often not standardized, and 
including numerous radiomic features in a relatively small dataset increases the risk of overfitting and unreliable predictions.
52–54 Third, body weight, body height, and Child‒Pugh class were excluded from the training variables because each had more 
than 10% missing data, potentially introducing bias. Future studies incorporating these factors may better mitigate this 
limitation. Finally, although we employed five commonly used and efficient ML-based survival models, we did not include all 
available models. Other models may have the potential to achieve better predictive performance.

Conclusion
Our study demonstrated that ML-based survival models effectively stratified patients into low-, intermediate-, and high- 
risk groups for OS and PFS prediction by using the predicted risk scores for patients with HCC treated with lenvatinib. 
Unlike traditional ML algorithms, our models manage censored survival data and provide an overall evaluation instead of 
survival status prediction at discrete time points. Among the models, the GBM-Cox model is the best with the highest 
C-indices and iAUCs. By using baseline patient demographics, laboratory tests, and tumor characteristics, these ML- 
based survival models enable effective risk stratification for OS and PFS, offering prognostic insights that may aid 
clinicians in treatment planning and improve clinical decision-making. Future research should validate these findings in 
larger prospective cohort studies and explore integration with imaging biomarkers to optimize predictive models.

Abbreviations
AFP, alpha-fetoprotein; AFT, accelerated failure time; ALBI, albumin–bilirubin; ALT, alanine aminotransferase; Anti- 
HCV, anti-hepatitis C antibody; AUROC, area under the receiver operating characteristic; BCLC, Barcelona Clinic Liver 
Cancer; C-index, concordance index; CoxPH, Cox proportional hazards model; Cre, creatinine; CT, computed tomography; 

https://doi.org/10.2147/JHC.S560649                                                                                                                                                                                                                                                                                                                                                                                                                                                   Journal of Hepatocellular Carcinoma 2025:12 2634

Lu et al                                                                                                                                                                               

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



EN, elastic net; GBM, gradient boosting machine; HBsAg, hepatitis B surface antigen; Lasso, least absolute shrinkage and 
selection operator; HCC, hepatocellular carcinoma; iAUC, integrated time-dependent area under the receiver operating 
characteristic; ML, machine learning; mRECIST, modified Response Evaluation Criteria in Solid Tumors; MRI, magnetic 
resonance imaging; NPV, negative predictive value; TACE, transarterial chemoembolization; ORR, objective response 
rate; OS, overall survival; PFS, progression-free survival; PLT, platelet; PPV, positive predictive value; RECIST, Response 
Evaluation Criteria in Solid Tumors; RSF, random survival forest; SD, standard deviation.
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