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Background & Aims: While combined interventional therapies and targeted immunotherapy have improved outcomes for unresect-
able hepatocellular carcinoma (HCC), radiographic tumor shrinkage does not guarantee prolonged survival (the “responder paradox”).
We hypothesized that these distinct endpoints may be associated with different clinical and biological factors and require separate
predictive strategies. This study aimed to develop the predictive radiomics-integrated multimodal estimation (PRIME) system to
independently predict and biologically characterize treatment response versus overall survival (OS).

Methods: In this multicenter study comprising 246 patients receiving combined interventional therapies and targeted immunotherapy,
we integrated clinical data and dual-phase CT radiomics. We employed multimodal fusion algorithms to construct two
models: PRIME-R (predicting 3-month objective response) and PRIME-S (predicting OS). Model performance was rigorously tested
in an external validation cohort. Furthermore, we utilized SHapley Additive exPlanations and matched imaging-transcriptomic data to
elucidate the specific clinical and molecular features associated with each outcome.

Results: The PRIME models demonstrated superior accuracy compared to single-modality approaches. In external validation,
PRIME-R achieved an AUC of 0.85, while PRIME-S achieved a C-index of 0.72. Significant risk stratification was confirmed (HR
= 3.31, 95% CI: 2.06-5.31, P < 0.001). Crucially, feature analysis revealed a distinct divergence: PRIME-R was primarily driven
by tumor morphology. In contrast, PRIME-S relied heavily on systemic inflammation and liver function reserve. Transcriptomic
profiling supported this interpretation, showing that response was associated with acute immune activation, whereas survival was
associated with metabolic adaptation and tissue homeostasis.

Conclusion: Short-term response and long-term survival in HCC are distinct clinical endpoints associated with different biological
drivers. The PRIME system effectively distinguishes these outcomes, offering insights into the responder paradox and supporting dual-
endpoint risk stratification pending further prospective validation.

Keywords: hepatocellular carcinoma, multimodal, targeted immunotherapy, responder, non-invasive, multimodal models, treatment

response, survival, paradox, precision stratification

Introduction

Hepatocellular carcinoma (HCC) is the third leading cause of cancer-related deaths globally.' For patients with
unresectable HCC, the treatment landscape has undergone a major paradigm shift in the era of combination therapy.
Combined interventional therapies, such as transarterial chemoembolization (TACE) and hepatic arterial infusion
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chemotherapy (HAIC), together with systemic targeted immunotherapy, have emerged as an important treatment frame-
work and have improved clinical outcomes in this population.”* In routine practice, treatment response is commonly
assessed using morphological criteria, most notably the modified Response Evaluation Criteria in Solid Tumors
(mRECIST), which evaluates therapeutic efficacy based on changes in viable, arterially enhancing tumor tissue.*

However, clinical benefit remains highly heterogeneous.>> A major challenge is that radiographic tumor response
does not always translate into durable survival benefit, a phenomenon often referred to as the “responder paradox.” This
discordance suggests that local tumor regression alone may not fully capture the complex interplay between intrinsic
tumor biology and systemic host status, highlighting the need for more refined risk stratification.>°

This clinical discordance also underscores an important conceptual distinction between predictive and prognostic
modeling. Predictive indicators generally reflect immediate, treatment-specific tumor sensitivity, such as short-term
mRECIST response,”® whereas prognostic factors are associated with the long-term survival trajectory, which may be
influenced by broader systemic variables such as liver functional reserve, inflammatory status, immune homeostasis,
acquired resistance, and metastatic potential.”>'® Therefore, early treatment response and long-term survival may be
driven by partially distinct biological and clinical dimensions. Previous radiomics and multimodal machine learning
studies have made important contributions to HCC management by developing models to predict either treatment
response or overall survival (OS) independently.'''* However, focusing primarily on a single endpoint may not fully
explain why some patients achieve early radiographic tumor regression but fail to obtain durable survival benefit.
A modeling system that explicitly distinguishes these two endpoints could provide a more comprehensive view of patient
trajectories and refine risk stratification.

Noninvasive multimodal data provides a foundation for this dual-endpoint prediction. Radiomics can quantify
intratumoral heterogeneity and “tumor geometry”, which correlate with local treatment sensitivity.'"'*'* Meanwhile,
clinical data—such as inflammatory markers and liver function—reflect the systemic environment that may influence
long-term prognosis.'>'® While integrating these modalities has shown promise in various cancers, its utility in
disentangling response versus survival in HCC combination therapy remains insufficiently explored.'”

In this multicenter study, we developed the predictive radiomics integrated multimodal estimation (PRIME) system to
independently predict treatment response (PRIME-R) and OS (PRIME-S). We utilized SHapley Additive exPlanations

2 https: Journal of Hepatocellular Carcinoma 2026:13



Lu et al

(SHAP) to visualize the divergence in feature importance between the two models. Finally, we leveraged matched
imaging-transcriptomic data from The Cancer Imaging Archive (TCIA) to investigate the molecular mechanisms—
specifically the balance between immune activation and metabolic adaptation—underlying these distinct clinical out-
comes. Our goal is to provide a noninvasive framework for dual-endpoint risk stratification and future individualized
management studies.

Materials and Methods

Cohort

This retrospective study was conducted at two tertiary hospitals in China: Shandong Cancer Hospital (the SCH cohort)
and Qilu Hospital (the QL cohort). The study protocol was approved by the Ethics Committee of Scientific Research of
Shandong Cancer Hospital (ID: SDTHEC202506027, June 18, 2025) and adhered to the principles of the Declaration of
Helsinki and Istanbul. Informed consent was waived due to the retrospective nature of the study. This study was reported
in compliance with the STROBE criteria.

Patient Enrollment, Treatment Response Evaluation and Follow-Up

Between January 2020 and January 2024, 113 consecutive patients with unresectable HCC were enrolled from the SCH
cohort and 133 from the QL cohort. Patients were followed up every 4-12 weeks, including imaging assessments to
evaluate treatment response at 3 months. The follow-up period ended on September 28, 2025. The key inclusion criteria
were: (1) clinical or histopathological diagnosis of HCC; (2) preserved liver function (Child-Pugh grade A or B) and
Eastern Cooperative Oncology Group performance status (ECOG-PS) score 0-1; (3) received combined interventional
therapy and targeted immunotherapy; and (4) underwent baseline dual-phase CECT within 1 month prior to treatment.
Patients were primarily excluded if they had infiltrative HCC with ill-defined boundaries, concurrent malignancies,
received less than two cycles of systemic therapy, lacked essential clinical/imaging data, or were lost to follow-up.
Patients from the SCH cohort were randomly stratified into training and internal validation cohorts (7:3 ratio) balanced
by treatment outcomes, while all patients from the QL cohort served as the external validation cohort. Tumor response
was evaluated at 3 months post-treatment according to the mRECIST by two experienced hepatobiliary surgeons (DXW
and PFS),* based on changes in arterial phase-enhancing target lesions on CECT or MRI. Detailed response assessment
criteria are provided in the Supplementary Methods.

Treatment Regimen
Detailed information on systemic and interventional treatment regimens—including drug types, dosing schedules,
adjustments, and criteria for continuation—is provided in the Supplementary Methods.

Clinical and Imaging Data Collection

Clinical and imaging data were retrieved from the electronic medical record systems of both centers. Clinical variables
included demographics, laboratory tests, tumor characteristics, treatment features, and composite indices. Relative
changes in key parameters at one month post-treatment were also calculated. Detailed definitions are provided in the
Supplementary Methods. The extent of missing data for each variable was thoroughly evaluated prior to analysis.

Missing clinical data were handled using median imputation via the Simplelmputer class from the scikit-learn package,
where missing entries were replaced with the corresponding column median. Features with >30% missing values were
entirely excluded from the analysis. Radiomics data consisted of contrast-enhanced CT (CECT) images in DICOM
format. Both arterial and portal venous phase images were retrieved. Acquisition parameters are summarized in the
Supplementary Methods.

Image Preprocessing, Tumor Segmentation, and Radiomics Feature Extraction
The image preprocessing workflow included DICOM format standardization and de-identification. To ensure reproducibility
across different CT scanners, all images were resampled to an isotropic voxel spacing of 1x1x1 mm using interpolation, and
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intensity normalization was applied. Three-dimensional regions of interest (ROIs) were initially segmented using the deep
learning-based MedSAM model,'®'? followed by meticulous manual refinement by two experienced hepatobiliary surgeons
using 3D Slicer software. Radiomics features—including first-order statistics, shape, and texture features from original
images, as well as images processed with Laplacian of Gaussian (LoG, 6=4.0) and wavelet transforms—were extracted
using the PyRadiomics Python package.”® To ensure extraction robustness, inter- and intra-observer reproducibility was
assessed using the intraclass correlation coefficient (ICC). Only highly reproducible features with an ICC > 0.75 were retained
for subsequent modeling. Following this reproducibility filter, a combined total of 1,675 radiomics features (851 from the
arterial phase and 824 from the venous phase) were retained for advanced feature selection.

Data Preprocessing and Feature Selection

Data preprocessing and feature selection were performed exclusively on the training set to prevent data leakage.
A unified yet task-specific pipeline was implemented. Features were standardized using z-score normalization. For
classification, radiomics features with low variance (<0.01) were removed. Clinical features underwent univariate logistic
regression (p < 0.05 retained). Subsequently, Elastic Net regularization (five-fold cross-validation, 11_ratio=0.5, “saga”
solver) was applied to select the most relevant features (coefficient > le-4). For survival analysis (Survival), features with
low variance (<0.1) were excluded. Preliminary screening used Cox proportional hazards regression with L1 regulariza-
tion, followed by Elastic Net regularization to select the top ten features based on coefficient magnitude.

Model Selection and Hyperparameter Tuning

For response classification, five ensemble algorithms—Bagging, Boosting, Stacking, Rotation Forest, and Gradient
Boosting with Randomness (GTBR)—were evaluated to identify the optimal radiomics model. Performance was
assessed via five-fold cross-validation using the Area Under the Curve (AUC). For survival prediction, three algorithms
were evaluated: Random Survival Forests (RSF), Gradient Boosting Survival Analysis (GBSA), and FastSurvivalSVM
(FSVM). The concordance index (C-index) was the primary metric. The best-performing models were selected for
hyperparameter tuning using grid search. Detailed parameter grids are in the Supplementary Methods.

Multimodal Fusion Strategies

We employed both early and late fusion strategies. Late fusion (decision-level fusion) was the primary strategy for the
PRIME system. For PRIME-R, probability outputs from the optimal clinical and radiomics base models were con-
catenated and fed into a logistic regression meta-classifier. For PRIME-S, complementary prognostic information was
integrated using Bayesian Model Averaging. Early fusion (feature-level fusion) involved concatenating features at the
input stage. Detailed algorithms are described in the Supplementary Methods.

External Validation and Model Interpretation

Model generalizability was assessed using the independent QL cohort. All parameters and weights from the training
cohort were applied directly to the external validation data. To interpret the models, SHAP values were computed using
a five-fold cross-validation averaging strategy,”’ providing unbiased estimates of feature importance and directionality.

Risk Classification and Survival Analysis

Patients were stratified into high- and low-risk groups based on the median risk score from the training set. Kaplan-Meier
(KM) survival curves were estimated, and differences were assessed using the Log rank test. Hazard ratios (HR) and 95%
confidence intervals (CI) were estimated using Cox proportional hazards regression.

Transcriptomic and Pathway Analysis

Integrative analysis was performed using The Cancer Genome Atlas Liver Hepatocellular Carcinoma (TCGA-LIHC) cohort
and the TCIA database, which provides matched imaging and RNA sequencing data (N = 33).%? Differential gene expression
analysis identified genes associated with radiomics-based risk status. Enrichment analyses (GO, KEGG, GSEA) were

performed to uncover biological pathways. The immune microenvironment was characterized using ssGSEA.****
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Statistical Analysis

Categorical variables were summarized as counts (percentages) and continuous variables as means + SD or medians
(IQR). Comparisons used chi-square, Fisher’s exact, Student’s #-test, or Mann—Whitney U-test as appropriate. Spearman
correlation assessed feature redundancy (|r] < 0.50 considered weak). Model performance was evaluated using AUC
(classification) and C-index (survival). Time-dependent AUC (AUC-t) and Brier scores assessed dynamic accuracy.
Calibration curves were used to assess agreement between predicted and observed outcomes. Decision curve analysis
(DCA) evaluated clinical utility. All tests were two-sided (p < 0.05 significant). Furthermore, information regarding
whether patients received subsequent anti-tumor therapy after progression was extracted from the clinical database. To
assess the potential influence of subsequent therapy, multivariable Cox regression analyses were performed before and
after adding subsequent therapy as a covariate. Analysis used R (v4.4.0) and Python (v3.11.7).

Results

Patient Characteristics and Treatment Landscapes

The patient enrollment process and the overall study workflow are illustrated in Figures 1 and 2, respectively. Baseline
demographics and clinical characteristics were well-balanced between the training/internal validation cohort (SCH, n =
113) and the external validation cohort (QL, n = 133). Key liver function parameters, including cirrhosis prevalence,
Child-Pugh scores, and albumin-bilirubin (ALBI) grades, showed no significant inter-cohort differences. Similarly, tumor
burden indicators such as diameter, tumor number, portal vein tumor thrombus (PVTT) classification, and barcelona
clinic liver cancer (BCLC) stage were comparable (Table 1). Treatment strategies were consistent across centers, with
patients receiving interventional therapies (TACE and/or HAIC) combined with immunotherapy (primarily camrelizu-
mab, tislelizumab, or sintilimab) and targeted agents (predominantly lenvatinib). Clinical outcomes were also compar-
able, with similar objective response rate (ORR) (47% vs. 49%) and disease control rate (DCR) (75% vs. 77%). The
median follow-up time for the entire study cohort, calculated using the reverse Kaplan—-Meier method, was 26.3 months
(95% CI: 23.9-28.5). The median OS was 596 days for the SCH cohort and 627 days for the QL cohort.

Patients with uHCC who received interventional
therapy combined with targeted-immunotherapy

SCH cohort QL cohort
(N = 280) (N = 336)
167 patients excluded: | L o
(1) Failure to assess tumor response, N + 203 papents excluded
= i (1) Failure to assess tumor
) . . ! i response, N =35
2) Insufficient baseline data or missin, \ i . .
:)r)etreatment contrast-enhanced ° : — (2.) In.SUfﬂc'em baseline data or
computed tomography (CECT) | missing pretreatment contrast-
N =58 ’ 1 enhanced computed tomography
(3) Concurrent malignancies, N =22 ; E%Egoz)éyr;r?mali nancies|Ni=
(4) Receipt of additional anticancer ! i % g !
therapies, N =35 ] i )
i — ! | (4) Receipt of additional
L__(,ff)f?_s,s_tf’, fOHOWUPN_19 i anticancer therapies, N =30
7 3 i (5) Loss to follow-up, N = 27
A,
Training Internal test External validation
N=79 N =34 N =133

Figure | Flowchart of patient selection. Screening, inclusion, and exclusion process for patients with unresectable hepatocellular carcinoma (UHCC) receiving combined
interventional and targeted immunotherapy across two centers. The final cohort was divided into training, internal test, and external validation sets.
Abbreviation: CECT: contrast-enhanced computed tomography.
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Figure 2 Workflow of the PRIME system construction and validation. The workflow includes three main components: cohort and data collection, model construction, and
model performance and interpretation. Clinical data and dual-phase radiomics features were collected from eligible patients and used to develop the PRIME-R model for
treatment response prediction and the PRIME-S model for survival prediction. Model performance was evaluated using discrimination, calibration, clinical utility, and risk
stratification analyses, followed by interpretation using SHAP and transcriptomic pathway analysis.
Abbreviations: AUC, area under the curve; AUC-t, time-dependent area under the curve; C-index, concordance index; ECM, extracellular matrix; SHAP, SHapley Additive

exPlanations.

The PRIME System Identifies Distinct Predictors for Response and Survival
PRIME-R: Tumor Geometry and Texture Drive Treatment Response

To construct the response prediction model (PRIME-R), feature selection identified ten radiomics biomarkers and nine clinical

predictors. Radiomics features were predominantly characterized by tumor geometry and morphology as well as advanced

textural heterogeneity derived from wavelet transformations (Supplementary Figure 1). In contrast, clinical feature selection
identified predictors such as ECOG-PS and AFP, with the prognostic nutritional index (PNI) showing the most significant

Table | Characteristics of the Included 246 Patients

Center A Center B

Overall 113 133
Baseline characteristics P
Age, year 56.48+9.36 | 55.83+10.11 | 0.60
Age group, year 0.84

<55 52(0.46) 64(0.48)

=55 61(0.54) 69(0.52)
(Continued)
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Table | (Continued).

Center A Center B
Gender 0.08
Female 14(0.12) 29(0.22)
Male 99(0.88) 104(0.78)
BMI, kg/m? 23284324 | 23.94+2.86 | 0.09
Weight, kg 67.62+10.7 | 67.63+11.34 | 0.99
ECOG PS score 1.00
0 85(0.75) 101(0.76)
[ 28(0.25) 32(0.24)
HBV 0.73
Negative 32(0.28) 34(0.26)
Positive 81(0.72) 99(0.74)
Liver cirrhosis 1.00
No 57(0.50) 67(0.50)
Yes 56(0.50) 66(0.50)
Laboratory examination
ALT, >40 U/L 51(0.45) 55(0.41) | 0.64
AST, >40 U/L 74(0.65) 74(0.56) | 0.15
TBIL, >17.1 ymol/L 50(0.44) 61(0.46) | 0.90
AFP
<400 51(0.45) 77(0.58) | 0.06
2400 62(0.55) 56(0.42)
ALBI grade 0.69
| 56(0.50) 73(0.55)
2 52(0.46) 54(0.41)
3 5(0.04) 6(0.05)
Child-Pugh stage 0.98
5 30(0.27) 34(0.26)
6--7 83(0.73) 99(0.74)
Tumor characteristics
Tumor diameter, cm 9.18+4.09 9.0413.84 | 0.78
Tumor diameter group, cm 0.85
<10 64(0.57) 78(0.59)
210 49(0.43) 55(0.41)
Tumor number 0.42
Single 27(0.24) 39(0.29)
Multiple 86(0.76) 94(0.71)
HVTT classification group 1.00
<2 80(0.71) 95(0.71)
2 33(0.29) 38(0.29)
PVTT classification group 0.78
<3 59(0.52) 66(0.50)
>3 54(0.48) 67(0.50)
BCLC stage 0.26
A 2(0.02) 0(0)
B 34(0.30) 45(0.34)
C 77(0.68) 88(0.66)

(Continued)
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Table | (Continued).

Center A Center B
Treatment regimen
Immunotherapy
Camrelizumab 49(0.43) 55(0.41)
Pembrolizumab 3(0.03) 0(0)
Sintilimab 17(0.15) 29(0.22)
Toripalimab 1(0.01) 2(0.02)
AK 104 6(0.05) 0(0)
Penpulimab 1(0.01) 1(0.01)
Tislelizumab 33(0.29) 36(0.27)
Atezolizumab 3(0.03) 7(0.05)
Durvalumab 0(0) 2(0.02)
Nivolumab 0(0) 1(0.01)
Targeted therapy
Anlotinib 1(0.01) 1(0.01)
Lenvatinib 85(0.75) 88(0.66)
Apatinib 5(0.04) 2(0.02)
Donafenib 10(0.09) 2(0.02)
Sorafenib 5(0.04) 12(0.09)
Bevacizumab 7(0.06) 28(0.21)
Interventional therapy
TACE/HAIC 70(0.62) 95(0.71)
TACE+HAIC 43(0.38) 38(0.29)
Treatment response 1.00
CR 3(0.03) 4(0.03)
PR 50(0.44) 61(0.46)
SD 32(0.28) 37(0.28)
PD 28(0.25) 33(0.25)
ORR 0.47 0.49
DCR 0.75 0.77
Median overall survival (days) 596 627

Abbreviations: BMI, Body mass index; ECOG PS, Eastern Cooperative Oncology
Group performance status; HBV, Hepatitis B virus; ALT, Alanine aminotransferase;
AST, Aspartate aminotransferase; TBIL, Total bilirubin; AFP, Alpha-fetoprotein; ALBI,
Albumin-bilirubin; HVTT, Hepatic vein tumor thrombus; PVTT, Portal vein tumor
thrombus; BCLC, Barcelona Clinic Liver Cancer; TACE, Transarterial chemoemboliza-
tion; HAIC, Hepatic arterial infusion chemotherapy; CR, Complete response; PR,
Partial response; SD, Stable disease; PD, Progressive disease; ORR, Objective response
rate; DCR, Disease control rate.

difference between responders and non-responders (p < 0.01) (Supplementary Figure 2). Notably, correlation matrices

demonstrated predominantly weak associations between selected clinical and radiomic features (|| < 0.50), suggesting limited
redundancy and high complementarity between the two modalities (Figure 3, Figure 4A and Figure 4B).

Further analysis within the training cohort revealed distinctive feature patterns between non-responders (n = 42) and
responders (n = 37). Heatmap visualization confirmed that shape-based radiomics features, particularly maximum 3D
diameter and major axis length (both p < 0.001), exhibited the strongest discriminative ability, reflecting the physical
impact of tumor size and geometry on local therapeutic efficacy (Figure 4C).

In model development, we compared multiple machine learning algorithms and fusion strategies. While early fusion
strategies achieved promising results (Figure 4D), the late-fusion PRIME-R model demonstrated superior predictive
capability. In the internal test set, PRIME-R achieved an AUC of 0.90. Crucially, this robust performance was maintained
in the external validation cohort with an AUC of 0.85, outperforming both the standalone clinical (AUC = 0.70) and
radiomics (AUC = 0.84) models (Figure 4E). Calibration analysis showed that PRIME-R exhibited the most balanced
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Abbreviation: PNI, prognostic nutritional index.

calibration pattern across probability thresholds (Supplementary Figure 3), and DCA validated its superior net benefit in

guiding treatment decisions (Supplementary Figure 4). The interpretability of the PRIME-R model was subsequently

visualized using SHAP analysis (Figure 4F), which is detailed in SHAP Analysis Reveals Divergent Predictive Logic.

PRIME-S: Systemic Inflammation and Liver Function Predict Survival

For overall survival prediction (PRIME-S), the feature landscape shifted significantly towards systemic host factors. Ten
clinical features were retained, predominantly reflecting systemic inflammation and hepatic reserve, including monocyte
count (MON), dynamic changes in MON, ALBI grade, cirrhosis status, and hepatitis B virus (HBV) infection
(Figure 5A). Radiomics features selected for survival were mainly related to intratumoral texture rather than the macro-
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morphology that dominated the response model (Figure 5B). Correlation analysis confirmed limited inter-modal
correlations, with most coefficients falling below 0.30 (Supplementary Figure 5).

The PRIME-S model (late fusion via Bayesian Model Averaging) achieved a C-index of 0.76 (95% CI: 0.73-0.79) in
the internal test set, surpassing single-modality approaches and early fusion strategies (Figure 5C and D). This

performance advantage was sustained in the external validation cohort, where PRIME-S achieved a C-index of 0.72
and a mean time-dependent AUC of 0.79 (Figure 5E). Additionally, the PRIME-S model demonstrated the lowest Brier
scores across follow-up time points (integrated Brier score = 0.23), indicating superior calibration and prediction
accuracy (Figure 5F). Distinct patterns in feature distribution between high- and low-risk groups were further visualized,
highlighting the contribution of elevated inflammatory markers and texture heterogeneity to poor prognosis (Figure 5G).
Additionally, SHAP analysis was employed to rank the overall feature importance for survival prediction (Figure SH),
the biological rationale of which is explored in SHAP Analysis Reveals Divergent Predictive Logic.

Robust Risk Stratification and Feature Divergence

PRIME-S effectively stratified patients into high- and low-risk survival groups based on the median risk score.
Significant HR were observed in the training set (HR = 5.88, 95% CI: 2.97-11.62, P < 0.001) and confirmed in the
internal test set (Figure 6A and B) and external validation cohort (HR =3.31, 95% CI: 2.06-5.31, P <0.001) (Figure 6C).
Notably, this stratification capacity remained robust across different treatment regimens (monotherapy vs. combination)
(Figure 6D-1) and key clinical subgroups, including age, tumor burden, and extrahepatic metastasis (Supplementary
Figures 6-9). Collectively, these findings highlight a clear divergence: short-term response appears more closely
associated with local tumor geometry, whereas long-term survival appears more strongly linked to systemic physiological
reserve. In the pooled cohort, 113 patients (45.9%) received subsequent anti-tumor therapy after progression. PRIME-S
remained strongly associated with overall survival after subsequent therapy adjustment (HR = 3.41, 95% CI: 2.29-5.07,
P < 0.001), with only minimal attenuation in effect size compared with the model without such adjustment (HR = 3.53,
95% CI: 2.37-5.23, P < 0.001; Supplementary Figure 10).

Mechanistic Insights: From Macroscopic Interpretation to Molecular Pathways

SHAP Analysis Reveals Divergent Predictive Logic

To elucidate the decision-making process of the PRIME system, SHAP were employed to rank feature importance. This
analysis visually confirmed the macroscopic divergence between the two endpoints.

For PRIME-R, the model prioritized local tumor characteristics. Shape-based features, specifically maximum 3D
diameter, emerged as the top predictor (mean [SHAP value| = 0.014), followed by maximum 2D diameter and sphericity.
PNI was a notable clinical contributor (SHAP value = 0.008), suggesting a synergy between local tumor burden and
nutritional-immune status in determining immediate therapeutic efficacy (Figure 4F).

In contrast, the interpretive landscape for PRIME-S was dominated by systemic indicators. The dynamic change in
MON emerged as the strongest predictor (SHAP value = 0.077), underscoring the critical role of systemic inflammation.
This was followed by HBV status (0.060) and liver function markers such as ALBI grade (0.040), aspartate amino-
transferase (AST), and dynamic changes in prothrombin time (PT). While radiomics features contributed to the model,
their influence was secondary to these host-related factors (Figure SH). Generally, elevated post-treatment monocytes and
compromised hepatic reserve were associated with poorer survival, whereas favorable tumor morphology correlated with
higher response probability.

Transcriptomic Profiling Confirms Biological Divergence
To elucidate the molecular underpinnings of this prediction dissociation, we analyzed matched imaging-transcriptomic
data from the TCIA/TCGA cohort. Differential gene expression analysis identified 733 genes associated with PRIME-R
predicted response (Figure 7A) and 819 genes associated with PRIME-S predicted survival risk (Figure 7B).

Pathway enrichment analyses (GSEA, KEGG, GO) revealed that treatment response was predominantly driven by
acute immune activation and tissue remodeling. Enriched pathways in the responder group included the inflammatory
response, IL6-JAK-STAT3 signaling, TNF-a signaling via NF-«xB, and interferon-alpha response. Additionally, pathways
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Figure 6 Kaplan—Meier survival stratification by the PRIME-S model. (A—C) Survival curves for high- vs. low-risk groups defined by PRIME-S scores in the training (A),
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related to extracellular matrix organization—such as collagen structure and basement membrane organization—were
significantly upregulated (Figure 7C and D). Immune cell infiltration analysis corroborating these findings showed
a significantly higher abundance of macrophages, natural killer T cells, and Type 2 T helper cells in the responder group
(Figure 7F and G).

Conversely, survival-associated pathways reflected a different biological program centered on cellular adaptation and
metabolic stability. The high-risk survival group was characterized by the upregulation of signal transduction pathways,
epithelial-mesenchymal transition (EMT), and metabolic processes including heme metabolism, thiamine metabolism, and
protein digestion. Notably, several pathways exhibited distinct or opposing enrichment patterns between the two endpoints; for
instance, while inflammatory signaling was positively enriched in responders, it showed variable associations with long-term
survival, highlighting the complex interplay between acute anti-tumor immunity and chronic inflammation-driven progression
(Figure 7E). Furthermore, unlike the response model, no significant differences in immune cell populations were observed
between the high- and low-risk survival groups, reinforcing that survival is driven more by intrinsic tumor biology and
metabolic adaptation than by immune infiltration alone (Supplementary Figure 11).

Journal of Hepatocellular Carcinoma 2026:13 hetps: 13


https://www.dovepress.com/article/supplementary_file/613014/613014%20Revised%20Supplementary%20Material.docx

Lu et al

KRT20 125
A Total: 14935 ° B e Total: 14935
Up: 468 ° Up: 529
Down: 265 10.0 Down: 290
10 e
e ¢ © Regulation
- - down | Pﬁ\DB Regulation
B normal 75? 75 ° - down
. ‘u 2 KRT20 ®
: P : . PPP2R2C . oM
o Significance o & . &
= 25 S . . “"NTS Significance
2 SL.CGAZ 50 2 5.0 . B o 3 E ]
¥~ COL2AT RBP2 -, 272 ' sl 4
SH3GL3" * 5L . ® 125 ‘
papis G571 : 25
9,
0 0.0
-10 - 10 -10 -5 5

0 0
log2(Fold Change) log2(Fold Change)

HALLMARK_KRAS_SIGNALING_DN
HALLMARK_IL6_JAK_STAT3_SIGNALING
HALLMARK_PANCREAS_BETA_CELLS
HALLMARK_IL2_STAT5_SIGNALING
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION
HALLMARK_ESTROGEN_RESPONSE_LATE
HALLMARK_MYC_TARGETS_V1
HALLMARK_ALLOGRAFT_REJECTION
HALLMARK_INFLAMMATORY_RESPONSE
HALLMARK_TNFA_SIGNALING_VIA_NFKB
HALLMARK_HEME_METABOLISM
HALLMARK_OXIDATIVE_PHOSPHORYLATION
HALLMARK_WNT_BETA_CATENIN_SIGNALING
HALLMARK_INTERFERON_ALPHA_RESPONSE
HALLMARK_INTERFERON_GAMMA_RESPONSE
HALLMARK_XENOBIOTIC_METABOLISM

Arginine and proline metabolism I 4
Vitamin digestion and absorption

C

efflux transmembrane transporter activity 3
perineuronal net
nucleoside transmembrane transporter activity

perisynaptic extracellular matrix 1
synapse-associated extracellular matrix | 0
negative regulation of amine transport

positive regulation of heart contraction

positive regulation of blood circulation

cell chemotaxis

regulation of G protein-coupled receptor signaling pathway
Neuroactive ligand signaling

lysosomal lumen

‘Chemokine signaling pathway

Serotonergic synapse

scaffold protein binding

activity

O

=] 0 1
Normalized Enrichment Score
Type Ml Response Ml Survival

HALLMARK_PANCREAS_BETA_CELLS

HALLMARK_ESTROGEN_RESPONSE_LATE
HALLMARK_MYC_TARGETS_V1
HALLMARK_KRAS_SIGNALING_DN
HALLMARK_HEME_METABOLISM
HALLMARK_INTERFERON_GAMMA_RESPONSE
HALLMARK_INFLAMMATORY_RESPONSE
HALLMARK_TNFA_SIGNALING_VIA_NFKB
HALLMARK_IL6_JAK_STAT3_SIGNALING
HALLMARK_IL2_STAT5_SIGNALING
HALLMARK_WNT_BETA_CATENIN_SIGNALING
HALLMARK_XENOBIOTIC_METABOLISM
HALLMARK_INTERFERON_ALPHA_RESPONSE
HALLMARK_OXIDATIVE_PHOSPHORYLATION
HALLMARK_ALLOGRAFT_REJECTION

Non-response £3 Response

F Risk

* *

HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION

Wht signaling pathway
Thiamine metabolism
Focal adhesion
axon guidance receptor activity
l s platelet-derived growth factor binding
Bos ECM-receptor interaction
° Protein digestion and absorption
05 endoplasmic reticulum lumen
I" matrix structural i
positive regulation of non-canonical Wnt signaling pathway
regulation of Wnt signaling pathway, planar cell polarity
pathway complex of collagen trimers
regulation of non-canonical Wnt signaling pathway
collagen—containing extracellular matrix
collagen trimer
basement membrane
'sensory organ morphogenesis
Wht signaling pathway, planar cell polarity pathway
matrix structural it ing tensile strength

G

Score

Survival  Response
Macrophage Natural.killer.T.cell Type.2.T.helper.cell
* *

06 06
04

g £ 04

3 23

] ]
02 -

02

00

Group [[] Non-response [] Response

Figure 7 Transcriptomic and immune profiling of PRIME-predicted subgroups. (A and B) Volcano plots of differentially expressed genes between PRIME-predicted
subgroups for response (A) and survival (B) in the TCIA cohort. Red, blue, and gray dots represent upregulated, downregulated, and non-significant genes, respectively. Dot
size indicates statistical significance. (C) Comparative GSEA pathway enrichment, with blue representing response-associated pathways and Orange representing survival-
associated pathways. (D) Heatmap of leading-edge genes from representative pathways. (E) KEGG/GO enrichment comparison. (F and G) Immune cell infiltration analysis
showing significant differences in cell abundance between predicted responders and non-responders (F) and their specific distributions (G). Statistical significance is indicated
as follows: *P < 0.05.

https: Journal of Hepatocellular Carcinoma 2026:13

14



Lu et al

Discussion

In this multicenter study, we developed and validated the PRIME system to address a critical challenge in the era of
combination therapy for HCC: the frequent discordance between short-term radiographic response and long-term survival
benefit. While previous studies have often conflated these endpoints or relied on single-modality data, our work provides
a systematic dual-endpoint evaluation. Our most significant finding is the distinct predictive patterns of features. We
demonstrated that treatment response appears more closely associated with local tumor geometry and texture, reflecting
the physical accessibility of interventional agents. In contrast, OS seems more strongly linked to systemic host factors
and immune status. The superior performance of our late-fusion models over unimodal approaches confirms that neither
radiomics nor clinical data alone is sufficient; rather, their integration captures the non-redundant information necessary
to provide insights into the responder paradox.'®!"*?

The divergent feature patterns identified by PRIME-R and PRIME-S offer potential pathophysiological insights.
For PRIME-R, the dominance of shape-based radiomics features suggests that baseline tumor phenotype is the important
contributor of immediate therapeutic efficacy. This is biologically plausible, as interventional therapies like TACE and
HAIC rely on hemodynamics; tumors with regular geometry and intact capsules are more amenable to complete
embolization and drug retention, whereas infiltrative or irregular tumors often harbor complex vascular supplies that
facilitate residual disease.'*?® The contribution of PNI in this model further highlights that local efficacy is modulated by
the patient’s systemic inflammatory and nutritional status. Conversely, PRIME-S was driven heavily by systemic
indicators, with post-treatment MON emerging as the top predictor. Elevated monocytes may be a surrogate for high
infiltration of M2-polarized tumor-associated macrophages, which foster an immunosuppressive microenvironment and
promote metastasis, thereby shortening survival regardless of local tumor shrinkage.?”-** Similarly, the inclusion of ALBI
and PT underscores that in unresectable HCC, the important factor for life expectancy is often the hepatic functional
reserve required to tolerate continuous systemic therapy, rather than tumor burden alone.*

Clinically, the PRIME system supports a more nuanced framework from generalized assessment to a precision
management strategy based on distinct risk profiles. By identifying the mismatch between response potential and survival
probability, these profiles may help generate hypotheses for future studies evaluating tailored surveillance, liver-function
preservation, and treatment adaptation. For instance, patients identified as “responder/low survival” (High PRIME-R,
Low PRIME-S) represent a high-risk subgroup prone to the “responder paradox.” Although their tumors may shrink
initially, their systemic frailty or immunosuppressive status puts them at risk of early failure. For these patients,
radiographic tumor regression should be interpreted prudently, as it may not translate into survival benefit; they may
require closer surveillance, early supportive care to protect liver function, or adjuvant immunomodulatory therapies to
reverse systemic suppression.®® Conversely, patients with “non-responder/high survival” profiles may have biologically
indolent tumors that, while resistant to significant shrinkage, do not progress rapidly. In such cases, maintaining stable
disease while preserving quality of life may be a more rational goal than pursuing aggressive tumor reduction that could
compromise hepatic reserve. This nuanced stratification supports the development of endpoint-specific clinical trials and
decision-making frameworks.

Our integrated pathway analysis elucidates the molecular mechanisms driving the observed dissociation between
response and survival. Pathways associated with favorable PRIME-R scores (responders) showed strong enrichment
in acute immune activation and extracellular matrix remodeling. This suggests that immediate tumor regression may be
associated with a “hot” immune microenvironment and structural permissiveness to facilitate drug efficacy and tumor
necrosis.>'*? In contrast, the molecular landscape of the high-risk survival group was dominated by pathways associated
with tumor aggressiveness and therapeutic resistance, including KRAS signaling and metabolic adaptation, such as
heme?° and amino acid metabolism.>* > This suggests that while an inflamed microenvironment facilitates initial tumor
shrinkage, long-term survival may be influenced by the tumor’s intrinsic capacity for progression and survival under
stress. Notably, TNF-a signaling showed opposing associations—correlating positively with response but negatively with
survival. This aligns with evidence that while TNF-a can induce acute apoptosis, its chronic activation often fuels hepatic
inflammation and tumor progression via the MAPK11 axis.***” These findings may inform future studies evaluating
adaptive therapeutic strategies over the treatment course, with attention shifting from inducing acute immune clearance to
targeting metabolic survival pathways.
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Several limitations of this study merit consideration. First, although the PRIME system was validated in an external
cohort, the retrospective design and relatively limited sample size warrant further confirmation in large-scale prospective
multicenter studies. The requirement for standardized dual-phase CT data and complete clinical information may have
introduced selection bias, and patients with decompensated liver function, poor performance status, or infiltrative HCC
were not included. Therefore, the applicability of our findings to more severe clinical scenarios should be interpreted with
caution. Second, although standardized image preprocessing was performed, variability in CT acquisition protocols
across centers remains a potential source of bias. Third, treatment heterogeneity, including variations in systemic agents,
interventional modalities, and subsequent therapies after progression, may have influenced overall survival. However,
adjustment for subsequent therapy did not materially affect the independent prognostic value of PRIME-S. Finally, the
matched imaging-transcriptomic analysis was based on a limited TCGA-LIHC cohort. Although the biological consis-
tency between radiomic patterns and transcriptomic signatures supports the proposed interpretation, further validation
with larger matched datasets and longitudinal surveillance data is warranted.

Conclusion

In conclusion, the PRIME system provides a noninvasive framework to independently predict treatment response and OS in
unresectable HCC. By distinguishing the associations of local tumor geometry and systemic host status with different clinical
endpoints, this study offers valuable insights into the responder paradox and supports the rationale for dual-endpoint
assessment. These findings remain exploratory and warrant prospective validation before broader clinical application.
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