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Background: Postoperative recurrence is a major contributor to poor prognosis in hepatocellular carcinoma (HCC) after curative
resection. Tyrosine kinase inhibitors (TKIs) are commonly used for recurrent HCC, yet substantial interpatient heterogeneity limits
their universal benefit, and reliable tools to individualize post-recurrence therapy are lacking.

Methods: We retrospectively analyzed 454 patients with recurrent HCC following curative resection. Overlap weighting based on
propensity scores was applied to balance baseline characteristics between TKI-treated and non-TKI-treated groups and to assess the
survival benefit of TKI therapy. Machine learning-based survival models were independently developed for each treatment cohort
using multiple algorithms and internally validated. A counterfactual inference framework was implemented to estimate individualized
survival outcomes under alternative treatment strategies and to identify the optimal therapy for each patient.

Results: After overlap weighting, TKI therapy was associated with improved survival compared with non-TKI treatment, including
longer recurrence-free survival (median, 24 vs. 12 months; HR = 0.355, P < 0.001) and overall survival (median, 36 vs. 18 months;
HR = 0.486, P = 0.001). In the non-TKI cohort, an eight-feature survival support vector machine (Surv-SVM) model achieved strong
predictive performance (C-index: 0.796 in training, 0.766 in validation). In the TKI cohort, a four-feature random survival forest (RSF)
model showed the highest discrimination (C-index: 0.856 and 0.838). Both models demonstrated good calibration and stable time-
dependent performance. Counterfactual analysis revealed potential treatment mismatch in 23.4% of patients, including 20.7% who
received non-TKI therapy but were predicted to benefit more from TKI treatment.

Conclusion: TKI therapy provides significant survival benefit in recurrent HCC after curative resection. Our machine learning-based,
counterfactual framework enables individualized estimation of treatment benefit, supporting personalized post-recurrence therapy and
facilitating precision management in this high-risk population.
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Introduction

HCC remains a leading cause of cancer-related mortality worldwide.! Curative resection is the primary treatment for
early-stage HCC; however, postoperative recurrence is common and represents a major determinant of long-term
survival.” Prognosis after recurrence is generally poor, making the selection of optimal post-recurrence therapy
a critical and complex clinical decision.

TKIs, including sorafenib and lenvatinib, have demonstrated significant survival benefits in advanced HCC and are
established as standard systemic therapies.* *By targeting key pathways involved in angiogenesis and tumor prolifera-
tion, these agents delay disease progression and improve overall survival. Their efficacy has prompted increasing use in
the management of recurrent HCC following curative resection. Nevertheless, evidence regarding the survival benefit of
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TKIs specifically in the post-recurrence setting remains inconclusive, with retrospective studies reporting inconsistent
outcomes and no definitive consensus.®’

Importantly, real-world data indicate that not all patients with recurrent HCC derive substantial benefit from TKI
therapy.®® Heterogeneity in tumor biology, liver function, and treatment tolerance contributes to variable responses.
Recent studies have identified multiple molecular markers and gene signatures associated with HCC prognosis, reflecting
the complex biological heterogeneity of this disease.'”'" Consequently, indiscriminate use of TKIs may expose some
patients to unnecessary toxicity and financial burden without improving survival. These observations highlight the urgent
need for strategies to reliably identify individuals most likely to benefit from TKI therapy after recurrence.

A central challenge is the absence of robust predictive frameworks to guide individualized therapy selection. In
current practice, post-recurrence treatment decisions are often empirical, based on physician experience or resource
availability rather than evidence-based estimates of personalized benefit, which may lead to suboptimal outcomes. To
address this gap, our study was designed with sequential aims: first, to evaluate the survival benefit of TKI therapy in
recurrent HCC after curative resection using propensity score-based methods to control for confounding; second, to
develop treatment-specific prognostic models for TKI and non-TKI cohorts employing multiple machine learning
algorithms; and third, to integrate counterfactual inference to quantify individualized survival outcomes under alternative
treatment strategies, thereby identifying the optimal therapeutic approach for each patient. This framework aims to
provide objective, data-driven support for post-recurrence decision-making and to advance precision medicine for this
high-risk population.

Material and Methods

Patients

This retrospective cohort study included patients with HCC who underwent curative resection and subsequently
developed postoperative recurrence at Qingdao University Affiliated Hospital between January 2015 and
December 2023.

Inclusion criteria were as follows: (1) age > 18 years with no severe comorbidities or major organ dysfunction; (2)
initial diagnosis of primary HCC confirmed by histopathology or non-invasive imaging criteria (multiphase CT or MRI);
(3) imaging-confirmed postoperative recurrence, including local recurrence or distant metastasis; (4) availability of
complete follow-up records, including detailed clinical and laboratory data; (5) receipt of TKI therapy following
recurrence, with documented medication regimen, treatment duration, and response assessment.

Exclusion criteria included: (1) history of other concurrent malignancies; (2) receipt of palliative or non-radical
surgery; (3) severe coagulopathy (International Normalized Ratio > 2.0) or active bleeding tendency; (4) Child-Pugh
grade C liver failure or dysfunction of other vital organs; (5) loss to follow-up or interruption of planned therapy; (6)
incomplete medical records precluding comprehensive analysis.

This study was conducted in accordance with the Declaration of Helsinki and approved by the Institutional Review
Board of Qingdao University Affiliated Hospital. Written informed consent was obtained from all participants. Based on
these criteria, a total of 454 eligible patients were included in the final analysis.

Data Collection

Baseline demographic, clinical, pathological, and laboratory data were collected. Demographic and clinical variables
included age, sex, and hepatitis B virus (HBV) infection status. Primary tumor characteristics encompassed tumor size,
number, histological differentiation, and the presence of microvascular or macrovascular invasion. Recurrent tumor
characteristics, including the size and number of recurrent lesions, were also recorded.

Laboratory parameters included preoperative complete blood counts and liver function tests. Systemic inflammation-
nutrition indices—such as neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), and lymphocyte-to
-monocyte ratio (LMR)—were derived from these data.

Continuous clinical variables were handled according to their distribution and clinical interpretability. Specifically,
several continuous variables were categorized based on clinically meaningful thresholds and are presented as categorical
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variables in Tables 1 and 2. This approach follows standard practices in clinical survival modeling and ensures
consistency between model inputs and the tabulated clinical data. The primary endpoint was overall survival (OS)
after recurrence, defined as the interval from the date of first confirmed recurrence to death from any cause or last follow-
up. The final follow-up date was August 31, 2025.

Statistical Analysis

All statistical analyses were conducted using R software (version 4.5.0; R Foundation for Statistical Computing).
Continuous variables are presented as mean + standard deviation or median (interquartile range), and categorical
variables as counts (percentages). Group comparisons were performed using Student’s #-test, Mann—Whitney U-test, chi-
square test, or Fisher’s exact test, as appropriate. Missing data were minimal in our dataset. For variables with occasional
missing values, we applied multiple imputation based on chained equations, following established protocols in previous
clinical studies. This approach ensured data completeness and maintained the statistical integrity of the analyses.
Variables with a P-value < 0.05 were considered statistically significant.

Overlap Weighting Based on Propensity Scores Matching

To mitigate potential confounding bias, overlap weighting based on propensity scores was applied. Propensity scores,

representing the probability of receiving TKI therapy, were estimated for each patient using a logistic regression model

incorporating all baseline covariates. Overlap weights were then assigned to create a balanced pseudo-population.
Balance between weighted groups was assessed using standardized mean differences (SMDs), with SMD < 0.1

indicating adequate balance. Survival outcomes in the weighted cohort were compared using the weighted Kaplan-Meier

method and weighted Cox proportional hazards models.

Development and Validation of Machine Learning Prognostic Models

Prognostic models were developed separately for TKI-treated and non-TKI cohorts. Although overlap weighting was
applied to assess the causal effect of TKI therapy on post-recurrence outcomes, the prognostic models for individualized
survival prediction were trained on the original, unweighted cohort. This approach was chosen to capture the full
variability of baseline characteristics and treatment heterogeneity, and to ensure that the models can be applied to real-
world patients receiving diverse post-recurrence treatments.

Feature Selection

Within a 5-fold cross-validation framework, the concordance index (C-index) was used to evaluate and compare the
performance of three feature selection methods: stepwise Cox regression, RSF, and LASSO-Cox regression. The optimal
feature set for each cohort was then selected.

Model Construction and Training

Using the selected features, multiple survival prediction models were constructed, including RSF, elastic net Cox
regression, gradient boosting machine (GBM), and Surv-SVM. Predictive performance and stability were evaluated
and compared based on the C-index distribution across cross-validation folds.

RSF model was constructed using 300 survival trees (n_estimators=300). The minimum number of samples required
in terminal nodes was set to 5 (min_samples_leaf=5). At each split, the square root of the total number of variables was
randomly selected as candidate features (max_features="sqrt”’). Parallel computation was enabled using all available
CPU cores (n_jobs=—1). Surv-SVM was performed using a regularization parameter of alpha=1x10"* and a hybrid
ranking-regression setting with rank ratio=0.5. The relatively small regularization strength was selected to preserve
predictive information from high-dimensional features, while the hybrid optimization strategy allowed simultaneous
consideration of survival risk ranking and survival time prediction under censored survival conditions. This parameter
setting was considered suitable for the characteristics of the present study, including relatively small sample size, high-
dimensional feature space, and survival outcomes with censoring. Random seed was fixed at 42 to ensure reproducibility.
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Table | Baseline Characteristics of the Targeted Therapy and Non-Targeted Therapy Groups

Variables Total (n = 454) TKI Group (n = 307) Non-TKI Group (n = 147) P
NEU, Mean + SD 3.19 £ 1.46 322 £ 151 3.2 £ 1.37 0.500
MONO, Mean + SD 0.44 + 0.23 0.44 + 0.25 045+ 0.19 0.963
BASO, Mean + SD 0.02 + 0.02 0.02 + 0.02 0.03 + 0.04 0.201
EOS, Mean * SD 0.12+0.15 0.13x0.16 0.1 0.1l 0.310
LYM, Mean * SD 1.64 + 0.64 1.68 + 0.67 1.56 + 0.55 0.048
WBC, Mean * SD 541 + 1.8l 549 + 1.84 525+ .75 0.190
RBC, Mean * SD 4.66 = 0.57 4.66 + 0.55 4.65 + 0.60 0.941
HGB, Mean + SD 144.39 + 17.85 144.44 + 16.97 144.29 + 19.62 0.933
PLT, Mean + SD 159.01 + 62.57 157.70 + 58.80 161.74 + 69.92 0.521
ALB, Mean * SD 42.33 + 5.80 42.63 £ 5.71 41.69 +5.97 0.108
TBIL, Mean * SD 19.94 + 17.05 19.13 + 8.85 21.66 + 27.08 0.139
DBIL, Mean * SD 7.09 = 12.11 6.36 £ 2.73 8.59 +20.89 0.067
ALP, Mean £ SD 84.16 + 40.94 83.33 £ 39.64 85.89 + 43.62 0.534
IBIL, Mean * SD 12.68 + 6.69 12.48 + 5.94 13.11 + 8.04 0.351
ALT, Mean + SD 41.53 £ 51.00 37.73 £ 2839 49.50 + 79.45 0.084
AST, Mean + SD 36.31 + 40.69 33.53 £ 22.65 42.10 + 63.33 0.113
GGT, Mean + SD 70.36 + 100.32 67.47 £ 105.16 76.39 + 89.43 0.376
NER, Mean + SD 61.37 £ 107.14 6233 £ 11875 59.35 £ 77.79 0.782
NLR, Mean * SD 231 £2.18 237 £ 251 221 £ 1.26 0.480
PLR, Mean + SD 108.10 + 59.30 106.54 + 59.78 I111.36 + 5835 0.419
LMR, Mean * SD 4.19 + 1.84 434+ 1.83 3.89 £ 1.82 0.015
Gender, n(%) 0514
Female 67 (14.76) 43 (14.01) 24 (16.33)
Male 387 (85.24) 264 (85.99) 123 (83.67)
Age at surgery, n(%) 0.534
<60 years 253 (55.73) 168 (54.72) 85 (57.82)
260 years 201 (44.27) 139 (45.28) 62 (42.18)
Preoperative Intervention, n(%) <0.001
No 137 (30.18) 38 (12.38) 99 (67.35)
Yes 317 (69.82) 269 (87.62) 48 (32.65)
HBV, n(%) <0.001
No 325 (71.59) 289 (94.14) 36 (24.49)
Yes 129 (28.41) 18 (5.86) 111 (75.51)
Pre-AFP, n(%) 0.104
<7 ng/mL 119 (26.33) 87 (28.52) 32 (21.77)
7-400 ng/mL 189 (41.81) 130 (42.62) 59 (40.14)
>400 ng/mL 144 (31.86) 88 (28.85) 56 (38.10)
Pre-MDT, n(%) 0.014
<5 cm 269 (59.25) 194 (63.19) 75 (51.02)
25 cm 185 (40.75) 113 (36.81) 72 (48.98)
Pre-NT, n(%) 0.794
| 398 (87.67) 271 (88.27) 127 (86.39)
2 48 (10.57) 31 (10.10) 17 (11.56)
>3 8 (1.76) 5 (1.63) 3 (2.04)
Degree of differentiation, n(%) 0.009
Poorly 235 (51.76) 172 (56.03) 63 (42.86)
Moderately to highly 219 (48.24) 135 (43.97) 84 (57.14)
MVI, n(%) 0.195
0 210 (46.26) 149 (48.53) 61 (41.50)
| 167 (36.78) 112 (36.48) 55 (37.41)
2 77 (16.96) 46 (14.98) 31 (21.09)
Bile duct invasion and cancer thrombus, n(%) 0.540
No 443 (97.58) 301 (98.05) 142 (96.60)
Yes 11 (242) 6 (1.95) 5 (3.40)
(Continued)
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Table | (Continued).

Variables Total (n = 454) TKI Group (n = 307) Non-TKI Group (n = 147) P

Liver capsule, n(%) 0.257
No 242 (53.30) 158 (51.47) 84 (57.14)
Yes 212 (46.70) 149 (48.53) 63 (42.86)

Satellite nodules, n(%) 0.782
No 386 (85.02) 262 (85.34) 124 (84.35)
Yes 68 (14.98) 45 (14.66) 23 (15.65)

Nerve invasion, n(%) 0.438
No 441 (97.14) 300 (97.72) 141 (95.92)
Yes 13 (2.86) 7 (2.28) 6 (4.08)

Cirrhosis, n(%) 0.963
No 163 (35.90) 110 (35.83) 53 (36.05)
Yes 291 (64.10) 197 (64.17) 94 (63.95)

Postoperative intervention, n(%) 0.298
No 269 (59.25) 187 (60.91) 82 (55.78)
Yes 185 (40.75) 120 (39.09) 65 (44.22)

First recurrence site, n(%) <0.001
Extrahepatic 49 (10.79) 20 (6.51) 29 (19.73)
Intrahepatic 392 (86.34) 280 (91.21) 112 (76.19)
Both 13 (2.86) 7 (2.28) 6 (4.08)

Maximum diameter of tumor at recurrence, n(%) 0.799
<3cm 256 (56.64) 174 (57.05) 82 (55.78)
23 cm 196 (43.36) 131 (42.95) 65 (44.22)

Number of tumor at recurrence, n(%) 0.336
| 217 (47.80) 154 (50.16) 63 (42.86)
2 35(7.71) 22 (7.17) 13 (8.84)
23 202 (44.49) 131 (42.67) 71 (48.30)

AFP at recurrence, n(%) 0.090
<7 ng/mL 174 (39.19) 127 (42.76) 47 (31.97)
7-400 ng/mL 183 (41.22) 115 (38.72) 68 (46.26)
>400 ng/mL 87 (19.59) 55 (18.52) 32 (21.77)

Interventional treatment after recurrence, n(%) 0.161
No 150 (33.04) 108 (35.18) 42 (28.57)
Yes 304 (66.96) 199 (64.82) 105 (71.43)

Surgery treatment after recurrence, n(%) 0.321
No 266 (58.59) 175 (57.00) 91 (61.90)
Yes 188 (41.41) 132 (43.00) 56 (38.10)

Notes: Bold values indicate statistically significant differences (P < 0.05).

Abbreviations: NEU, neutrophil count; MONO, monocyte count; BASO, basophil count; EOS, eosinophil count; LYM, lymphocyte count; WBC, white blood cell count;
RBC, red blood cell count; HGB, hemoglobin; PLT, platelet count; ALB, albumin; TBIL, total bilirubin; DBIL, direct bilirubin; ALP, alkaline phosphatase; IBIL, indirect bilirubin;
ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; NER, neutrophil-to-erythrocyte ratio; NLR, neutrophil-to-lymphocyte
ratio; PLR, platelet-to-lymphocyte ratio; LMR, lymphocyte-to-monocyte ratio; HBV, hepatitis B virus; Pre-AFP, preoperative alpha-fetoprotein; Pre-MDT, preoperative
maximum tumor diameter; Pre-NT, preoperative number of tumors; MVI, microvascular invasion.

Model Evaluation

Validated models were assessed using multiple approaches: (1) risk stratification ability via Kaplan-Meier analysis with
Log rank test; (2) predictive discrimination over time using time-dependent area under the receiver operating character-
istic curve (AUC); (3) prediction accuracy measured by time-dependent Brier scores and calibration curves; (4) feature

importance interpreted at the individual level using SHapley Additive exPlanations (SHAP).

Counterfactual Framework for Treatment Strategy Matching Analysis
A counterfactual prediction framework was implemented to analyze personalized treatment matching. For each patient,
the two validated cohort-specific models were used to predict 24-month recurrence risk under two counterfactual
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Table 2 Baseline Characteristics Before and After Propensity Score Overlap Weighting

Variable Before PSM After PSM
Non-TKI Group (n = 307) TKI Group (n = 147) P SMD Non- TKI Group (n = 105) TKI Group (n = 54) P SMD

NEU, Mean + SD 322 £ 151 3.2+ 1.37 0.500 —0.072 3.05 % 1.36 3.02 %138 0.896 —0.022
MONO, Mean + SD 0.44 £ 0.25 045 +0.19 0.963 0.006 041 £0.24 041 £0.18 0.830 0.045
BASO, Mean = SD 0.02 £ 0.02 0.03 + 0.04 0.201 0.088 0.02 + 0.02 0.03 £ 0.05 0.464 0.079
EOS, Mean + SD 0.13£0.16 0.11 £0.11 0310 -0.135 0.1 £0.08 0.1 £0.09 0.996 0.001
LYM, Mean + SD 1.68 + 0.67 1.56 £ 0.55 0.048 -0.229 1.47 £ 0.54 1.50 £ 0.52 0.750 0.055
WBC, Mean * SD 549 + 1.84 525+ .75 0.190 -0.137 5.06 + 1.68 5.07 + 1.74 0.989 0.002
RBC, Mean * SD 4.66 + 0.55 4.65 + 0.60 0.941 —0.007 472 £ 0.52 4.70 + 0.62 0.825 —0.033
HGB, Mean + SD 144.44 + 16.97 144.29 + 19.62 0.933 —0.008 144.46 + 18.32 14541 + 21.12 0.769 0.045
PLT, Mean * SD 157.70 + 58.80 161.74 + 69.92 0.521 0.058 151.40 + 62.97 154.07 + 68.57 0.806 0.039
ALB, Mean £ SD 42.63 £ 571 41.69 + 5.97 0.108 -0.158 42.88 + 5.85 42.99 + 6.08 0.909 0.019
TBIL,Mean + SD 19.13 £ 8.85 21.66 + 27.08 0.139 0.093 20.01 £7.75 21.96 + 30.43 0.535 0.064
DBIL,Mean * SD 6.36 +2.73 8.59 + 20.89 0.067 0.107 6.84 + 2,96 871 £ 21.14 0.374 0.088
ALP, Mean + SD 83.33 + 39.64 85.89 + 43.62 0.534 0.059 87.03 + 41.25 80.60 + 34.71 0.329 —0.185
IBIL,Mean + SD 12.48 + 5.94 13.11 +8.04 0.351 0.078 13.33 £ 5.53 13.37 + 10.09 0.972 0.004
ALT, Mean = SD 37.73 £ 2839 49.50 + 79.45 0.084 0.148 36.93 £ 2572 49.47 + 106.40 0.253 0.118
AST, Mean + SD 33.53 £22.65 42.10 + 63.33 0.113 0.135 33.61 £ 17.02 43.17 + 96.04 0.322 0.100
GGT, Mean * SD 67.47 £ 105.16 76.39 £ 89.43 0.376 0.100 73.58 + 80.88 73.08 + 85.82 0.971 —0.006
NER, Mean + SD 6233 + 11875 59.35 £ 77.79 0.782 -0.038 5472 + 61.64 53397148 0.904 -0.018
NLR, Mean + SD 237 £ 251 221 £ 1.26 0.480 -0.122 231 £ 1.29 217 £ 1.16 0.501 -0.121
PLR, Mean = SD 106.54 + 59.78 111.36 + 58.35 0419 0.083 110.44 + 49.93 106.93 + 41.22 0.657 —0.085
LMR, Mean * SD 434+ 1.83 3.89 + 1.82 0.015 —0.246 427 +1.98 403 £ 1.79 0.461 —0.133
Gender, n (%) 0514 0.713

Female 43 (14.01) 24 (16.33) 0.063 20 (19.05) 9 (16.67) —0.064

Male 264 (85.99) 123 (83.67) —0.063 85 (80.95) 45 (83.33) 0.064
Age at surgery, n (%) 0.534 0.975

<60 years 168 (54.72) 85 (57.82) 0.063 60 (57.14) 31 (57.41) 0.005

260 years 139 (45.28) 62 (42.18) —0.063 45 (42.86) 23 (42.59) —0.005
Preoperative Intervention, n (%) <0.001 0.003

No 38 (12.38) 99 (67.35) 1.172 28 (26.67) 27 (50.00) 0.467

Yes 269 (87.62) 48 (32.65) -1.172 77 (73.33) 27 (50.00) -0.467
HBY, n (%) <0.001 0.001

No 289 (94.14) 36 (24.49) —-1.620 87 (82.86) 32 (59.26) —0.480

Yes 18 (5.86) 111 (75.51) 1.620 18 (17.14) 22 (40.74) 0.480
Pre-AFP, n (%) 0.104 0.487

<7 ng/mL 87 (28.52) 32 (21.77) —0.164 25 (23.81) 14 (25.93) 0.048

7-400 ng/mL 130 (42.62) 59 (40.14) —-0.051 41 (39.05) 25 (46.30) 0.145

>400 ng/mL 88 (28.85) 56 (38.10) 0.190 39 (37.14) 15 (27.78) —0.209
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Pre-MDT, n (%) 0.014 0.201
<5 cm 194 (63.19) 75 (51.02) —0.243 51 (48.57) 32 (59.26) 0.218
25 cm 113 (36.81) 72 (48.98) 0.243 54 (51.43) 22 (40.74) -0.218
Pre-NT, n (%) 0.794 0518
| 271 (88.27) 127 (86.39) —0.055 89 (84.76) 50 (92.59) 0.299
2 31 (10.10) 17 (11.56) 0.046 13 (12.38) 3 (5.56) -0.298
3 5(1.63) 3(2.04) 0.052 2 (1.90) 1 (1.85) —0.004
Degree of differentiation, n (%) 0.009 0.975
Poorly 172 (56.03) 63 (42.86) —0.266 45 (42.86) 23 (42.59) —0.005
Moderately to highly 135 (43.97) 84 (57.14) 0.266 60 (57.14) 31 (57.41) 0.005
MVI, n (%) 0.195 0.990
0 149 (48.53) 61 (41.50) -0.143 44 (41.90) 22 (40.74) -0.024
| 112 (36.48) 55 (37.41) 0.019 42 (40.00) 22 (40.74) 0.015
2 46 (14.98) 31 (21.09) 0.150 19 (18.10) 10 (18.52) 0.011
Bile duct invasion and cancer thrombus, n (%) 0.540 0.554
No 301 (98.05) 142 (96.60) —0.080 104 (99.05) 52 (96.30) —0.146
Yes 6 (1.95) 5 (3.40) 0.080 1 (0.95) 2 (3.70) 0.146
Liver capsule, n (%) 0.257 0.628
No 158 (51.47) 84 (57.14) 0.115 58 (55.24) 32 (59.26) 0.082
Yes 149 (48.53) 63 (42.86) -0.115 47 (44.76) 22 (40.74) —0.082
Satellite nodules, n(%) 0.782 0.270
No 262 (85.34) 124 (84.35) —0.027 84 (80.00) 47 (87.04) 0.210
Yes 45 (14.66) 23 (15.65) 0.027 21 (20.00) 7 (12.96) —0.210
Nerve invasion, n (%) 0.438 0.549
No 300 (97.72) 141 (95.92) —-0.091 103 (98.10) 54 (100.00) 0.171
Yes 7 (2.28) 6 (4.08) 0.091 2 (1.90) 0 (0.00) -0.171
Cirrhosis, n (%) 0.963 0.159
No 110 (35.83) 53 (36.05) 0.005 41 (39.05) 15 (27.78) -0.252
Yes 197 (64.17) 94 (63.95) —0.005 64 (60.95) 39 (72.22) 0.252
Postoperative intervention, n (%) 0.298 0.356
No 187 (60.91) 82 (55.78) —0.103 70 (66.67) 32 (59.26) —0.151
Yes 120 (39.09) 65 (44.22) 0.103 35 (33.33) 22 (40.74) 0.151
First recurrence site, n(%) <0.001 0.745
Extrahepatic 20 (6.51) 29 (19.73) 0.332 12 (11.43) 8 (14.81) 0.095
Intrahepatic 280 (91.21) 112 (76.19) —0.353 89 (84.76) 45 (83.33) —0.038
Both 7 (2.28) 6 (4.08) 0.091 4 (3.81) 1 (1.85) —0.145
Maximum diameter of tumor at recurrence, n (%) 0.799 0.808
<3cm 174 (57.05) 82 (55.78) —-0.026 66 (62.86) 35 (64.81) 0.041
23 cm 131 (42.95) 65 (44.22) 0.026 39 (37.14) 19 (35.19) —0.041
(Continued)
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Table 2 (Continued).

Variable Before PSM After PSM
Non-TKI Group (n = 307) TKI Group (n = 147) P SMD Non- TKI Group (n = 105) TKI Group (n = 54) P SMD
Number of tumor at recurrence, n (%) 0.336 0.954
| 154 (50.16) 63 (42.86) —0.148 44 (41.90) 24 (44.44) 0.051
2 22 (7.17) 13 (8.84) 0.059 10 (9.52) 5(9.26) —0.009
23 131 (42.67) 71 (48.30) 0.113 51 (48.57) 25 (46.30) —0.046
AFP at recurrence, n(%) 0.090 0.442
<7 ng/mL 127 (42.76) 47 (31.97) —-0.231 33 (31.43) 22 (40.74) 0.190
7-400 ng/mL 115 (38.72) 68 (46.26) 0.151 51 (48.57) 21 (38.89) —0.199
>400 ng/mL 55 (18.52) 32 (21.77) 0.079 21 (20.00) 11 (20.37) 0.009
Interventional treatment after recurrence, n (%) 0.161 0.873
No 108 (35.18) 42 (28.57) —0.146 26 (24.76) 14 (25.93) 0.027
Yes 199 (64.82) 105 (71.43) 0.146 79 (75.24) 40 (74.07) —0.027
Surgery treatment after recurrence, n (%) 0.321 0.823
No 175 (57.00) 91 (61.90) o0.101 68 (64.76) 34 (62.96) —0.037
Yes 132 (43.00) 56 (38.10) —0.101 37 (35.24) 20 (37.04) 0.037

Notes: Bold values indicate statistically significant differences (P < 0.05).
Abbreviations: NEU, neutrophil count; MONO, monocyte count; BASO, basophil count; EOS, eosinophil count; LYM, lymphocyte count; WBC, white blood cell count; RBC, red blood cell count; HGB, hemoglobin; PLT, platelet count;
ALB, albumin; TBIL, total bilirubin; DBIL, direct bilirubin; ALP, alkaline phosphatase; IBIL, indirect bilirubin; ALT, alanine aminotransferase; AST, aspartate aminotransferase; GGT, gamma-glutamyl transferase; NER, neutrophil-to-
erythrocyte ratio; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-lymphocyte ratio; LMR, lymphocyte-to-monocyte ratio; HBV, hepatitis B virus; Pre-AFP, preoperative alpha-fetoprotein; Pre-MDT, preoperative maximum tumor
diameter; Pre-NT, preoperative number of tumors; MVI, microvascular invasion.
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scenarios: receiving TKI therapy or not. The absolute difference in predicted risk between scenarios was calculated, with
a risk difference > 0.05 predefined as clinically significant for treatment recommendation.'?

Patients were subsequently classified into four decision quadrants based on actual treatment received versus model-
recommended treatment (lower predicted risk). This analysis quantified alignment between real-world treatment and
model-based recommendations, identifying potential mismatches and providing evidence for individualized clinical

decision-making.

Results

Baseline Characteristics of the Study Cohort

A total of 454 patients with recurrent HCC treated at Qingdao University Affiliated Hospital between January 2015 and
December 2023 were included (Figure 1). The cohort comprised 387 males (85.2%), and 253 patients (55.7%) were
younger than 60 years at the time of surgery. Based on post-recurrence treatment, patients were categorized into a non-
TKI group (n = 307) and a TKI therapy group (n = 147). Detailed baseline characteristics are summarized in Table 1.
Intergroup comparisons revealed significant differences in lymphocyte count (P = 0.048), LMR (P = 0.015), history of
preoperative interventional therapy, HBV infection status, maximum preoperative tumor diameter, tumor differentiation,
and site of first recurrence (all P < 0.05). Other variables showed no significant differences (all P > 0.05).

Survival Outcomes After Overlap VVeighting Adjustment

After applying overlap weighting, propensity score distributions were well-balanced, resulting in a weighted cohort of 54
patients in the TKI therapy group and 105 in the non- TKI group (approximately 1:2 ratio). Covariate balance assessment
(Table 2) confirmed that previously imbalanced variables were adequately balanced after weighting (all P > 0.05).
Overlapping probability density curves (Figure 2A) and standardized mean differences below 0.1 for all covariates
(Figure 2B) demonstrated successful covariate adjustment.

A total of 499 patients with postoperative recurrent hepatocellular
carcinoma (HCC) treated at Qingdao University Affiliated Hospital
Exclusion Criteria (n=45): between January 2015 and December 2023.

1.Presence of other concurrent malignancies.
2.Receipt of palliative surgery or incomplete tumor
resection.
3.Severe coagulopathy.
4.Preoperative receipt of targeted therapy. Final Included Cohort(n=454)
5.Loss to postoperative follow-up. Non-Targeted Therapy Group (n=307)
Targeted Therapy Group (n=147)
|Overlap Weighting and Survival Analysis | |Machine Learning Modeling |

Non-Targeted Therapy Group Targeted Therapy Group Non-Targeted Therapy Group Targeted Therapy Group
(n=105) (n=54) (n=307) (n=147

| l | le———|at a 7:3 ratio. ata 7:3 ratio.

Kaplan-Meier survival curves were compared|
between the two balanced groups.

|training set (n=214) and validation set (n=93) ”training set (n=102) and validation set (n=45) I

1

| Model Development and Validation. | |Model Validation and Evaluation. |

An absolute risk difference greater than 0.05 was
set as the threshold for clinical significance.

Treatment strategy matching analysis
based on counterfactual reasoning.

Figure | Flowchart of patient selection, matching, and modeling procedures.
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Figure 2 Evaluation of cohort balance and survival outcomes after propensity score overlap weighting. (A) Density distribution of propensity scores in the TKI-TKI therapy
and non-TKI therapy groups after weighting. (B) Standardized mean differences (SMD) for all baseline covariates between the TKI-TKI therapy and non-TKI therapy groups
after weighting. (C) Kaplan—Meier curves for recurrence-free survival (RFS) in the TKI-TKI therapy and non-TKI therapy groups. (D) Kaplan—Meier curves for overall
survival (OS) in the TKI-TKI therapy and non-TKI therapy groups.

Survival analysis showed significantly improved outcomes in the TKI therapy group. Median recurrence-free survival
(RFS) was 24 months versus 12 months in the non-targeted group (HR = 0.355; 95% CI: 0.238-0.528; P < 0.001;
Figure 2C). Median OS was 36 months versus 18 months (HR = 0.486; 95% CI: 0.311-0.759; P = 0.001; Figure 2D),
indicating that, after adjustment for confounding, TKI therapy significantly prolongs both RFS and OS.

Prognostic Model for the Non- TKI Subgroup

Feature Selection

Patients in the non-TKI group were randomly split into training (n = 214) and validation (n = 93) sets in a 7:3 ratio. The
results of univariate and multivariate Cox regression analyses for the non-TKI subgroups are summarized in Table 3. Among
stepwise Cox regression, RSF, and LASSO-Cox methods, stepwise Cox regression yielded the optimal eight-feature set:
surgery/ablation after recurrence, number of recurrent tumors, interventional therapy after recurrence, maximum preoperative
tumor diameter, AFP level at recurrence, satellite nodules, HBV infection status, and nerve invasion.

Algorithm Comparison and Model Construction

Using this feature set, four algorithms—RSF, Elastic Net Cox, GBM, and Surv-SVM —were compared (Figure 3A).
Five-fold cross-validation (Figure 3B) identified Surv-SVM as having the highest and most stable median C-index (0.79).
Comprehensive evaluation (Figure 3C) confirmed its superior average C-index (0.783) and 24-month time-dependent
AUC (0.875), establishing it as the final model. Feature importance ranking (Figure 3D) highlighted surgery/ablation
after recurrence, number of recurrent tumors, and interventional therapy after recurrence as the top predictors.
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Table 3 Univariate and Multivariate Cox Regression Analyses of Clinical Factors Associated with Recurrence in

No Targeted Therapy Patients with HCC

Characteristic Univariate HR (95% CI) P Multivariate HR (95% CI) P
Surgery 0.526 (0.455-0.607) <0.001 0.575 (0.490-0.673) <0.001
NT 1.820 (1.589-2.085) <0.001 1.657 (1.426—1.924) <0.001
Pre-MDT 1.459 (1.283-1.659) <0.001 1.239 (1.082-1.418) 0.002
Satellite nodules 1.311 (1.162—1.480) <0.001 1.186 (1.043—1.349) 0.009
Degree of differentiation 1.342 (1.177-1.531) <0.001

MVI 1.326 (1.169—1.504) <0.001

MDT 1.296 (1.138-1.476) <0.001

AFP 1.300 (1.138-1.485) <0.001 1.185 (1.035-1.357) 0.014
GGT 1.268 (1.122-1.433) <0.001

HBV 0.702 (0.570-0.865) <0.001 0.780 (0.632-0.962) 0.020
Nerve invasion 1.203 (1.074-1.348) 0.001 1.199 (1.069-1.344) 0.002
Bile duct invasion and cancer thrombus 1.197 (1.069-1.341) 0.002

ALP 1.210 (1.068-1.370) 0.003

Pre-AFP 1.191 (1.045-1.359) 0.009

Invention 0.848 (0.744-0.966) 0.013 0.631 (0.547-0.727) <0.001
EOS 1.150 (1.030-1.284) 0.013

Pre-Intervention 1.178 (1.019-1.363) 0.027

PLR 1.124 (1.010-1.251) 0.033

Liver capsule 1.150 (1.008-1.311) 0.038

PLT 1.127 (0.983-1.292) 0.087

HGB 0.908 (0.802-1.027) 0.125

Pre-NT 1.109 (0.970-1.269) 0.131

First recurrence site 0.897 (0.769-1.046) 0.165

NER 0.917 (0.793-1.061) 0.243

LMR 0.930 (0.809-1.068) 0.303

Age at surgery 1.063 (0.933-1.212) 0.358

NLR 1.052 (0.941-1.177) 0.374

DBIL 1.061 (0.929-1.212) 0.383

AST 1.043 (0.945-1.150) 0.406

LYM 0.944 (0.821-1.085) 0416

ALB 1.043 (0.908-1.197) 0.555

TBIL 1.038 (0.915-1.178) 0.558

MONO 1.041 (0.905-1.197) 0.576

Gender 1.039 (0.907-1.189) 0.585

IBIL 1.014 (0.897—1.146) 0.824

RBC 1.012 (0.889-1.151) 0.858

Cirrhosis 0.991 (0.870-1.128) 0.887

NEU 1.008 (0.891-1.141) 0.896

BASO 1.003 (0.880-1.142) 0.968

ALT 1.001 (0.886—1.132) 0.981

WBC 1.000 (0.880-1.135) 0.996

Notes: Bold values indicate statistically significant differences (P < 0.05).

Abbreviations: NT, number of tumors; Pre-MDT, preoperative maximum tumor diameter; MVI, microvascular invasion; MDT, maximum tumor
diameter; AFP, alpha-fetoprotein; GGT, gamma-glutamyl transferase; HBV, hepatitis B virus; ALP, alkaline phosphatase; Pre-AFP, preoperative alpha-
fetoprotein; EOS, eosinophil count; Pre-intervention, preoperative intervention; PLR, platelet-to-lymphocyte ratio; PLT, platelet count; HGB,
hemoglobin; Pre-NT, preoperative number of tumors; NER, neutrophil-to-erythrocyte ratio; LMR, lymphocyte-to-monocyte ratio; NLR, neutro-
phil-to-lymphocyte ratio; DBIL, direct bilirubin; AST, aspartate aminotransferase; LYM, lymphocyte count; ALB, albumin; TBIL, total bilirubin;
MONO, monocyte count; IBIL, indirect bilirubin; RBC, red blood cell count; NEU, neutrophil count; BASO, basophil count; ALT, alanine
aminotransferase; WBC, white blood cell count.
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Figure 3 Development and evaluation of the prognostic prediction model for the non-TKI therapy cohort. (A) Comparison of three feature selection methods: stepwise
Cox regression, random survival forest (RSF), and LASSO-Cox regression. (B) Distribution of the concordance index (C-index) across five-fold cross-validation for the four
candidate prediction algorithms. (C) Performance comparison of the four machine learning algorithms based on comprehensive evaluation metrics. (D) Ranking of the
importance of the selected predictive features in the final model.

Model Validation and Evaluation

Kaplan-Meier survival analysis (Figure 4A and B) demonstrated significant OS separation between low- and high-risk groups in
both training (C-index = 0.796, P < 0.001) and validation sets (C-index = 0.766, P < 0.001). Time-dependent AUC remained
above 0.82 throughout the 70-month follow-up (Figure 4C), indicating stable discrimination. Time-dependent Brier scores
(Figure 4D) suggested optimal calibration during mid-follow-up, with overlapping curves for training and validation sets. The
24-month calibration curve (Figure 4E and F) further validated predictive accuracy. SHAP analysis (Figure 4G) identified
surgery/ablation or interventional therapy post-recurrence as the strongest protective factors, whereas an increased number of
recurrent tumors was the primary risk factor.

Prognostic Model for the TKI Therapy Subgroup

Feature Selection

The TKI therapy cohort was split into training (n = 102) and validation (n = 45) sets in a 7:3 ratio. The results of univariate
and multivariate Cox regression analyses for the TKI therapy subgroups are summarized in Table 4. Stepwise Cox
regression, RSF, and LASSO-Cox methods were used for feature selection. RSF identified four key predictors: maximum
tumor diameter at recurrence, surgery/ablation after recurrence, platelet count, and number of recurrent tumors (Figure SA).

Algorithm Comparison and Model Construction

Model comparison using these variables in five-fold cross-validation (Figure 5B and C) identified RSF as the optimal
model, demonstrating superior predictive discrimination (average C-index: 0.778), stability, and 24-month time-
dependent AUC (0.851). Feature importance ranking (Figure 5D) indicated maximum tumor diameter at recurrence as
the most critical predictor, followed by platelet count and surgery/ablation after recurrence.
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Table 4 Univariate and Multivariate Cox Regression Analyses of Clinical Factors Associated with Recurrence in

Targeted Therapy Patients with HCC

Characteristic Univariate HR (95% CI) P Multivariate HR (95% CI) P
Surgery 0.602 (0.470-0.771) <0.001 0.527 (0.405-0.685) <0.001
NT 1.306 (1.041-1.640) 0.021

Pre-MDT 1.231 (0.986-1.537) 0.067

Satellite nodules 1.017 (0.825-1.255) 0.872

Degree of differentiation 1.173 (0.938-1.467) 0.161

MVI 1.218 (0.976—1.521) 0.081

MDT 1.836 (1.462-2.306) <0.001 2.079 (1.624-2.662) <0.001
AFP 1.247 (1.006—1.546) 0.044 1.307 (1.041-1.641) 0.021
GGT 0.952 (0.762—1.190) 0.667

HBV 1.127 (0.899-1.412) 0.299

Nerve invasion 0.968 (0.770-1.217) 0.779

Bile duct invasion and cancer thrombus 1.167 (0.944-1.443) 0.154

ALP 1.291 (1.070-1.557) 0.008

Pre-AFP 0.990 (0.789-1.242) 0.932

Invention 1.029 (0.818-1.294) 0.809

EOS 1.106 (0.887—1.379) 0.372

Pre-Intervention 0.787 (0.628-0.987) 0.038 0.748 (0.590-0.949) 0.017
PLR 0.953 (0.743-1.221) 0.703

Liver capsule 1.020 (0.820-1.269) 0.860

PLT 1.025 (0.824-1.275) 0.827

HGB 0.887 (0.696—1.132) 0.336

Pre-NT 0.874 (0.686—1.114) 0.278

First recurrence site I.113 (0.882-1.406) 0.366

NER 0.957 (0.777-1.178) 0.676

LMR 0.866 (0.691-1.087) 0.215

Age at surgery 1.286 (1.032-1.602) 0.025 1.354 (1.079-1.699) 0.009
NLR 1.032 (0.849—1.255) 0.750

DBIL 0.727 (0.360—1.468) 0.373

AST 1.055 (0.862—1.291) 0.605

LYM 1.039 (0.816-1.322) 0.758

ALB 0.972 (0.790-1.196) 0.791

TBIL 0.683 (0.371-1.259) 0.222

MONO 1.158 (0.936-1.433) 0.177

Gender 1.093 (0.854-1.398) 0.479

IBIL 0.793 (0.592-1.062) 0.120 0.664 (0.471-0.937) 0.020
RBC 0.925 (0.734-1.167) 0.512

Cirrhosis 0.911 (0.731-1.136) 0.408

NEU 1.130 (0.917-1.392) 0.253

BASO 0.973 (0.836—1.131) 0.719

ALT 1.018 (0.810-1.279) 0.879

WBC I.141 (0.917-1.419) 0.238

TKI-ICI therapy 0.967 (0.771-1.212) 0.769

Notes: Bold values indicate statistically significant differences (P < 0.05).

Abbreviations: NT, number of tumors; Pre-MDT, preoperative maximum tumor diameter; MVI, microvascular invasion; MDT, maximum tumor
diameter; AFP, alpha-fetoprotein; GGT, gamma-glutamyl transferase; HBV, hepatitis B virus; ALP, alkaline phosphatase; Pre-AFP, preoperative alpha-
fetoprotein; EOS, eosinophil count; Pre-intervention, preoperative intervention; PLR, platelet-to-lymphocyte ratio; PLT, platelet count; HGB,
hemoglobin; Pre-NT, preoperative number of tumors; NER, neutrophil-to-erythrocyte ratio; LMR, lymphocyte-to-monocyte ratio; NLR, neutro-
phil-to-lymphocyte ratio; DBIL, direct bilirubin; AST, aspartate aminotransferase; LYM, lymphocyte count; ALB, albumin; TBIL, total bilirubin;
MONO, monocyte count; IBIL, indirect bilirubin; RBC, red blood cell count; NEU, neutrophil count; BASO, basophil count; ALT, alanine
aminotransferase; WBC, white blood cell count; TKI-ICI therapy, tyrosine kinase inhibitor and immune checkpoint inhibitor therapy.
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Figure 5 Development and evaluation of the prognostic prediction model for the TKI therapy cohort. (A) Comparison of three feature selection methods: stepwise Cox
regression, random survival forest (RSF), and LASSO-Cox regression. (B) Distribution of the concordance index (C-index) across five-fold cross-validation for the four
candidate prediction algorithms. (C) Performance comparison of the four machine learning algorithms based on comprehensive evaluation metrics. (D) Ranking of the
importance of the selected predictive features in the final model.

Model Validation and Evaluation

The RSF model effectively stratified patients into high- and low-risk groups (training C-index = 0.856, validation
C-index = 0.838, both P < 0.001; Figure 6A and B). Predictive performance remained stable within 48 months
(Figure 6C). Time-dependent Brier scores stabilized between 0.48-0.49 (Figure 6D), and the 24-month calibration
curve demonstrated good accuracy (Figure 6E and F). SHAP analysis (Figure 6G) confirmed maximum tumor diameter
at recurrence as the primary risk factor and surgery/ablation after recurrence as a key protective factor.

Treatment Strategy Matching Analysis Based on Counterfactual Predictions

Using the two validated models, counterfactual analysis of the entire cohort (n = 454) yielded the following strategy
matching: 213 patients (46.9%) were aligned with the model’s recommendation for non-TKI therapy; 135 patients
(29.7%) were aligned for TKI therapy; 94 patients (20.7%) receiving non-TKI therapy were recommended to switch to
TKI therapy; and 12 patients (2.6%) receiving TKI therapy were recommended to switch to non-TKI therapy. Overall,
348 patients (76.6%) were in the “treatment-concordant™ group, whereas 106 patients (23.4%) comprised the “potential
treatment-mismatch” group (Figure 7).

Discussion

The optimal management of HCC recurrence after curative resection remains insufficiently defined, largely due to the
lack of high-level evidence guiding post-recurrence treatment selection. Although TKIs are widely used in advanced
HCC, their survival benefit in the post-resection recurrent setting remains controversial.'®> In this study, by applying
overlap weighting based on propensity scores to minimize confounding, we demonstrated that TKI therapy was
associated with significantly improved recurrence-free survival (HR = 0.355) and overall survival (HR = 0.486)
compared with non-TKI therapy. These findings provide robust real-world evidence supporting the effectiveness of
TKI therapy in patients with recurrent HCC after curative resection.’®
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Figure 6 Validation and interpretation of the prognostic model for the TKI therapy cohort. (A) Kaplan-Meier overall survival (OS) curves for the low- and high-risk groups
in the training set. (B) Kaplan-Meier overall survival (OS) curves for the low- and high-risk groups in the validation set. (C) Time-dependent area under the curve (AUC) for
the model over the 48-month follow-up period. (D) Time-dependent Brier score for assessing the calibration of the model. (E and F) Calibration plots comparing predicted
and observed survival probability at 24 months. (G) SHapley Additive exPlanations (SHAP) summary plot showing the impact of key features on model output.
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Figure 7 Distribution of treatment strategy alignment following counterfactual analysis.The chart categorizes patients into four groups based on the comparison of their
actual treatment and the optimal treatment predicted by the validated models.

Beyond confirming population-level treatment benefit, an important strength of this study lies in its focus on
individualized therapeutic decision-making. Recognizing the marked heterogeneity in recurrent HCC, we developed
separate machine learning—based prognostic models for TKI-treated and non-TKI-treated patients. By integrating these
treatment-specific models within a counterfactual inference framework, we were able to quantify individualized survival
outcomes under alternative treatment scenarios. This dual-scenario modeling approach moves beyond traditional risk
stratification and enables personalized estimation of treatment benefit, thereby facilitating data-driven optimization of
post-recurrence treatment strategies for patients with HCC.

The treatment-specific models revealed distinct prognostic architectures. In the TKI-treated cohort, key predictors
emphasized the dominant roles of tumor burden and the immune—inflammatory milieu. Maximum tumor diameter at
recurrence emerged as the most influential risk factor, consistent with prior evidence indicating that baseline tumor size
critically affects responsiveness to TKIs such as sorafenib and lenvatinib.'* Larger recurrent tumors may reflect greater
intratumoral heterogeneity and a more complex tumor microenvironment, thereby attenuating the therapeutic efficacy of
angiogenesis- and signaling pathway—targeted agents. The inclusion of platelet count further underscores its dual
significance as an indicator of hepatic functional reserve and an active mediator of systemic inflammation and tumor
progression. Platelets have been shown to facilitate angiogenesis, immune evasion, and metastatic niche formation
through the release of pro-angiogenic and immunomodulatory factors, mechanisms that may directly or indirectly
modulate sensitivity to TKI therapy.'>"'® Notably, the TKI-specific model incorporated fewer prognostic features overall.
This observation may reflect a relative “simplification” of disease progression pathways once key oncogenic signaling
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axes (eg., VEGFR and FGFR) are pharmacologically inhibited. Under such conditions, patient prognosis may become
more strongly determined by the agent’s capacity to control dominant tumor burden characteristics and by the host’s
ability to sustain an immune microenvironment conducive to effective treatment response.'’

Conversely, the prognostic model for the non-TKI cohort incorporated a broader array of variables, reflecting the
multifactorial nature of disease progression in the absence of targeted intervention. In addition to number of recurrent
tumors, a well-established surrogate for intrahepatic dissemination and multicentric recurrence,'® the model retained
primary tumor pathological features, underscoring the persistent influence of intrinsic tumor biology on post-recurrence
outcomes. The inclusion of alpha-fetoprotein level at recurrence further highlights its role as a canonical biomarker of
tumor aggressiveness and proliferative activity, as well as a predictor of therapeutic responsiveness in advanced HCC."
Importantly, HBV infection status emerged as a clinically relevant determinant, consistent with evidence that effective
antiviral therapy confers a survival advantage in virus-related HCC following curative resection.”’ Ongoing viral
replication and the associated chronic inflammatory milieu may accelerate hepatocarcinogenesis and promote tumor
progression when systemic anticancer therapy is absent. Taken together, the differential feature composition between the
two models suggests that, without TKI treatment, patient prognosis is more heavily governed by the tumor’s inherent
invasive potential and the host’s sustained inflammatory state, whereas TKI therapy may partially override these drivers
by constraining key oncogenic signaling pathways.

In summary, although the independent prognostic factors selected by the two models demonstrated both overlap and
divergence, one shared finding carries particularly important clinical implications. The therapeutic paradigm of systemic
therapy combined with local treatment constitutes the cornerstone of management for advanced hepatocellular carcinoma
and is consistently recommended by major international guidelines.”' *’Recent evidence further indicates that integrated
locoregional and systemic strategies can improve survival outcomes in patients with recurrent hepatocellular carcinoma
by synergistically controlling macroscopic disease and modulating the tumor microenvironment.>* In the present study,
receipt of radical local treatment (surgical resection or ablation) after recurrence emerged as the most influential
protective factor in both subgroup-specific models. This consistent finding strongly suggests that the principle of
combining systemic therapy with aggressive local control remains applicable—and prognostically advantageous—even
in patients who experience recurrence following curative resection. These results are in line with contemporary retro-
spective analyses demonstrating that surgical or ablative control of recurrent lesions is independently associated with
prolonged overall survival and delayed disease progression in recurrent HCC.> Importantly, this observation underscores
that, irrespective of the subsequent systemic treatment strategy, effective eradication of macroscopic recurrent lesions
represents a universal foundation for improving post-recurrence outcomes.

The principal distinction between the two models lies in the composition and complexity of their feature sets. The
TKI-treated model was comparatively parsimonious, potentially reflecting a “simplification” of dominant prognostic
drivers under TKI therapy, with outcomes being governed primarily by residual tumor burden and the host immune
microenvironment. In contrast, the non-TKI model captured a broader spectrum of variables, more comprehensively
characterizing the tumor’s intrinsic invasive behavior and the patient’s chronic inflammatory state in the absence of
targeted oncogenic pathway inhibition. This divergence is consistent with emerging evidence suggesting that targeted
systemic therapies may partially override tumor-intrinsic heterogeneity by suppressing key oncogenic signaling path-
ways, thereby reshaping the prognostic landscape.?® This critical divergence highlights the methodological and clinical
value of our treatment-stratified modeling strategy, suggesting that a single unified prognostic model may be insufficient
to accurately reflect the heterogeneous biological mechanisms influencing prognosis across different therapeutic
pathways.*’

The central advancement of our framework lies in its transition from conventional prognostic estimation to clinically
actionable decision support. This innovation is supported by two key strengths. First, model development and reporting
rigorously adhered to international standards for clinical prediction research, ensuring methodological transparency,
robustness, and reproducibility.”® Moreover, all predictive variables were derived from routinely available clinical data,
obviating the need for specialized or costly testing and thereby enhancing the feasibility of real-world implementation.
Second, and most notably, this study pioneers a dual-scenario modeling strategy integrated with counterfactual
reasoning.”’ Consistent with prior applications of counterfactual frameworks in clinical research,'>® this approach
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enables estimation of individualized survival outcomes under alternative treatment strategies, allowing objective identi-
fication of potential treatment mismatch at the patient level. Consequently, our treatment-matching simulation revealed
that approximately 23.4% of patients within the cohort may derive substantial benefit from optimization of their current
therapeutic strategy.

Several recent studies have developed radiomics and deep learning models to predict HCC recurrence or treatment
response. Ren et al applied CT-based machine learning to predict outcomes in HCC patients receiving TACE plus TKI
therapy;>' Wang et al integrated MR radiomics with deep learning to predict post-ablation recurrence;** Liu et al
constructed a pathology-based deep learning model for postoperative recurrence risk and sorafenib response;*® Chen et al
combined conventional radiomics and deep learning features to predict early recurrence after curative ablation.>* While
bioinformatics approaches have been employed to identify hub genes and predictive signatures for HCC treatment
response.”> These studies collectively demonstrate the potential of artificial intelligence to personalize HCC manage-
ment. Compared with these approaches, our model offers distinct advantages: it directly compares survival outcomes
between TKI and non-TKI therapies in the specific setting of postoperative recurrence, and provides individualized
treatment benefit estimates through a counterfactual framework. Moreover, our model relies solely on routinely available
clinical and laboratory variables, making it more readily generalizable across institutions without requiring specialized
imaging or pathology pipelines. However, a trade-off exists: our model may not capture tumor morphological hetero-
geneity as effectively as image-based deep learning models. Therefore, the two approaches are complementary. Future
work could integrate clinical variables with radiomics and pathological features to further improve predictive accuracy
for post-recurrence TKI benefit.

This study has several limitations. First, as a single-center retrospective analysis, residual or unmeasured confounding
cannot be fully excluded, despite the use of advanced overlap weighting based on propensity scores to mitigate measured
confounders. Second, the TKI-treated group included both sorafenib and lenvatinib without agent-specific subgroup
analysis due to limited sample size, precluding assessment of differential survival benefits between individual TKIs.
Moreover, because the TKI and non-TKI models were trained on separate subgroups with potentially different feature
distributions, applying a patient’s baseline characteristics to both models may introduce prediction errors for under-
represented profiles; thus, individualized treatment benefit estimates should be interpreted with caution. Third, our
models focus solely on survival outcomes and do not incorporate treatment toxicity, cost, patient preferences, or quality
of life, which are critical for clinical decision-making. Finally, although the models demonstrated robust internal
validation and favorable performance, their generalizability remains to be established through external validation.
Future research should include prospective, multi-center data collection to assess the real-world clinical utility and
further refine the treatment-matching framework.

Conclusion

This study demonstrates that tyrosine kinase inhibitor therapy provides a significant survival benefit in patients with
postoperative recurrent hepatocellular carcinoma, as shown through rigorous propensity score-based adjustment. By
integrating machine learning-based prognostic models with counterfactual inference, we enable individualized estimation
of treatment benefit and predictive survival outcomes. This framework represents a step toward data-driven, precision
management of recurrent HCC and may inform personalized post-recurrence therapeutic decisions. Prospective valida-

tion and evaluation of clinical implementation are warranted before routine application.
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