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Abstract 

Hepatocellular carcinoma (HCC) exhibits substantial interpatient heterogeneity, leading 

to markedly variable outcomes and survival even among patients with similar stages and 

imaging phenotypes. Mainstream staging systems remain suboptimal, whereas 

pathology-dependent factors and high-cost genomic assays are neither scalable nor 

timely for clinical decision-making. Existing algorithms provide coarse risk stratification or 

static binary predictions, failing to capture the time-varying risk of death. We developed 

and externally validated TEMPO-HCC, a multimodal deep survival model with hierarchical 

interpretability, to estimate individualized overall survival risk trajectories after curative-

intent resection. We curated a six-center cohort of 1,475 patients and integrated 

multiphasic MRI, postoperative H&E whole-slide images, and perioperative predictors. A 

discrete-time survival head generated   probabilities at 1, 2, 3, and 5 years after surgery. 

TEMPO-HCC outperformed unimodal models and guideline-based staging systems, 

achieving C-index of 0.751 and time-dependent AUCs of 0.836, 0.781, 0.812, and 0.680 

at 12, 24, 36, and 60 months, respectively, in the external validation cohort. TEMPO-HCC 

represents a paradigm shift from static binary classification toward clinically actionable 

temporal risk prediction. Its hierarchical interpretability provides an auditable evidence 

chain linking macro-scale radiologic phenotypes to micro-scale histopathologic patterns. 
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Importantly, augmenting guideline staging with TEMPO-HCC improved discrimination, 

enabling personalized postoperative surveillance and risk-adapted clinical management. 

Keywords: Hepatocellular carcinoma; Multimodal deep learning; Multiphasic MRI; 

Computational pathology; Survival prediction 

 

Introduction 

Liver cancer remains a major global health burden, ranking among the leading causes of 

cancer incidence and mortality1,2. Hepatocellular carcinoma (HCC) is the predominant 

histologic subtype of primary liver cancer, accounting for approximately 75–85% of 

cases3,4. For patients with resectable disease, surgical resection remains a cornerstone 

curative-intent treatment5, 6. However, substantial heterogeneity in tumor biology and the 

underlying liver microenvironment leads to highly variable postoperative trajectories, and 

the risks of recurrence and death remain considerable even after curative resection7, 8. 

While genomic testing offers profound insights, its widespread implementation is hindered 

by excessive costs and logistical delays. In contrast, medical images, including radiologic 

and histopathologic images, contain abundant high-dimensional visual information that 

remains underexploited. Many subtle patterns are difficult to discern by visual inspection 

alone, which may cause radiologists and pathologists to overlook clinically meaningful 

prognostic or biological cues. An early, accurate, and time-aware prognostic assessment 

that leverages routinely available perioperative pathology–imaging–clinical information 

could therefore enable risk-adapted surveillance and recurrence monitoring, and support 
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rational allocation of adjuvant strategies and clinical trial enrollment—ultimately improving 

postoperative outcomes and optimizing healthcare resource utilization. 

Despite rapid progress in postoperative prognostic modeling for HCC—

encompassing conventional staging and clinicopathologic scoring systems (e.g., models 

integrating tumor burden, liver function, and biomarkers)9,10, radiomics11-13, quantitative 

pathology14, and deep learning15, 16—several critical gaps persist. First, most prior work 

emphasizes coarse risk stratification (e.g., low/intermediate/high risk) or single time-point 

binary endpoints (e.g., “recurrence/death within 3 years”), generating relative risks or 

aggregate scores rather than clinically actionable, time-resolved individualized 

probabilities.  

This limitation restricts precision decision-making in surveillance intensity, adjuvant 

therapy consideration, and trial eligibility, in which the timing of an event is often as 

important as its occurrence. Second, many models rely on a single modality (clinical 

variables, MRI, or pathology), which is insufficient to capture the complex interplay among 

imaging phenotypes, histologic heterogeneity, and host liver status; even in multimodal 

settings, fusion is often limited to simple concatenation and underutilizes complementary 

cross-modal signals. Third, limited interpretability remains a major translational barrier: 

although deep models may improve performance, they often fail to provide a coherent 

and traceable evidence chain across pathology regions, imaging substrates, and key 

clinical factors, undermining clinician trust and adoption. Finally, many studies are 
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constrained by single-center cohorts or modest sample sizes, leaving generalizability 

under heterogeneous real-world conditions (MRI protocols, pathology processing, and 

population characteristics) insufficiently validated. Collectively, these gaps motivate a 

multi-level explainable deep learning framework that integrates H&E-stained whole-slide 

images–MRI–clinical information to advance postoperative prognosis from “whether” to 

“when,” supported by rigorous evaluation in large multicenter cohorts. 

Accordingly, as illustrated in Figure 1, we propose TEMPO-HCC (a Time-resolved 

Explainable Multimodal Prognostic mOdel for HCC), a multicenter multimodal deep 

learning framework that fuses clinical variables, preoperative multiphasic MRI, and 

postoperative H&E-stained whole-slide images to enable time-resolved survival risk 

prediction after HCC resection. Moving beyond conventional binary classification and 

coarse stratification, TEMPO-HCC explicitly targets the transition from “whether” to “when” 

by producing discrete-time, clinically aligned risk estimates—quantifying the probability of 

death within multiple postoperative horizons (e.g., 1/2/3/5 years). To enhance clinical 

utility and credibility, the framework provides multi-level interpretability with a traceable 

patient-level selection evidence chain spanning (i) contributions of clinical features, (ii) 

salient MRI regions, and (iii) prognostically informative H&E-stained whole-slide images 

(WSIs). Importantly, augmenting guideline staging with TEMPO-HCC substantially 

improved prognostic discrimination. This design aims to deliver a generalizable, 

transparent, and actionable tool for individualized postoperative management of HCC. 
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Results  

Baseline characteristics 

As shown in Figure 2, we screened 2,119 consecutive patients with histopathologically 

confirmed HCC who underwent curative-intent resection and preoperative multiphasic 

MRI across six institutions (February 2012–January 2024). After excluding patients with 

prior liver-directed therapy (n = 426), poor MRI quality (n = 119), or incomplete/unavailable 

key clinical data (n = 99), the final study population comprised 1,475 patients. For model 

development, patients from Institutions 1–2 (n = 702) formed the derivation cohort and 

were randomly split 8:2 into a training cohort (n = 562) and an internal test cohort (n = 

140). The remaining patients from Institutions 3–6 constituted an external validation 

cohort (n = 773). Baseline characteristics were generally comparable across cohorts: 

most patients were male (training/test/external: 84.9%/89.3%/82.4%) with mean ages of 

59.15 ± 11.51, 60.82 ± 10.96, and 58.67 ± 10.66 years in the train, internal test, and 

external validation cohorts, respectively. Hepatitis B virus (HBV) infection was the 

predominant etiology (79.5%/76.4%/70.1%) and cirrhosis was frequent 

(70.8%/73.6%/70.1%). The mean tumor size was approximately 4 cm 

(training/test/external: 4.31 ± 2.30, 4.13 ± 2.38, 3.98 ± 1.91 cm). Additional baseline 

clinicopathologic characteristics are summarized in Table 1. 

In the derivation cohort, multivariable Cox regression incorporating age, cirrhosis 

(yes vs no), tumor size, lymph node metastasis (LNMet; yes vs no), AFP category (high 
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vs low), aspartate aminotransferase (AST), and albumin (ALB) identified four variables as 

independent predictors of overall survival. Specifically, cirrhosis (HR 1.34, 95% CI 1.07–

1.67; P = 0.011), larger tumor size (HR 1.17, 95% CI 1.12–1.22; P < 0.001), presence of 

LNMet (HR 1.50, 95% CI 1.07–2.08; P = 0.017), and high AFP (HR 1.74, 95% CI 1.41–

2.15; P < 0.001) were independently associated with increased mortality risk (Figure 3). 

These independent clinical risk factors were subsequently incorporated into the clinical 

branch of TEMPO-HCC for model construction. 

Performance of predictive models 

Accordingly, postoperative H&E-stained whole-slide images, preoperative multiphasic 

contrast-enhanced MRI, and the independent clinical risk factors identified by 

multivariable Cox regression were integrated to construct TEMPO-HCC. As shown in 

Figure 4 and Table 2, TEMPO-HCC demonstrated robust performance for time-resolved 

OS risk prediction across clinically relevant horizons. In the training cohort, TEMPO-HCC 

achieved a C-index of 0.845 (95% CI, 0.819–0.873) and an IBS of 0.051 (95% CI, 0.038–

0.069), with time-dependent AUCs of 0.983 (95% CI, 0.958–0.996) at 12 months, 0.970 

(0.950–0.989) at 24 months, 0.960 (0.938–0.979) at 36 months, and 0.926 (0.885–0.968) 

at 60 months. In the internal test cohort, the model maintained good discrimination (C-

index 0.787, 0.724–0.854) and low prediction error (IBS 0.049, 0.030–0.076), with AUCs 

of 0.906 (0.819–0.978), 0.845 (0.754–0.910), 0.876 (0.813–0.949), and 0.740 (0.570–

0.923) at 12, 24, 36, and 60 months, respectively. Importantly, in the more heterogeneous 
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external validation cohort, TEMPO-HCC retained consistent generalizability (C-index 

0.751, 0.722–0.777; IBS 0.087, 0.076–0.099), yielding time-dependent AUCs of 0.836 

(0.728–0.932), 0.781 (0.726–0.827), 0.812 (0.770–0.846), and 0.680 (0.619–0.744) at 

the corresponding time points. Calibration curves across all cohorts were overall close to 

the ideal diagonal line, indicating good agreement between predicted and observed OS 

risks over time. Decision curve analysis (DCA) further demonstrated that TEMPO-HCC 

consistently achieved higher net benefit than the treat-all and treat-none strategies across 

clinically relevant threshold probabilities in the training, internal test, and external 

validation cohorts, with the advantage being most pronounced for 3- and 5-year risk 

prediction (Figure S3).  

Beyond time-specific discrimination and calibration, we next evaluated the clinical 

utility of TEMPO-HCC for risk stratification. Using the TEMPO-HCC–predicted mortality 

risk at each postoperative horizon (1, 2, 3, and 5 years), patients were dichotomized into 

high-risk and low-risk groups, and Kaplan–Meier analyses were performed. As shown in 

Figure 5, TEMPO-HCC consistently yielded pronounced separation of overall survival 

curves in the training, internal test, and external validation cohorts across all four horizons, 

with significantly poorer overall survival in the high-risk group compared with the low-risk 

group and log-rank P < 0.001 in each cohort. Notably, survival divergence emerged early 

after surgery and remained sustained throughout follow-up, indicating that TEMPO-HCC 

provides stable, time-aware risk stratification that is reproducible under heterogeneous 
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multicenter conditions. 

Comparison and optimization of major guideline-based staging systems 

Across both discrimination metrics—C-index and time-dependent AUC—TEMPO-HCC 

consistently demonstrated superior performance compared to three major guideline-

based staging systems (BCLC, CNLC, and AJCC) in the training, internal test, and 

external validation cohorts. As shown in Figure 6 and Table S3, in the external validation 

cohort, TEMPO-HCC achieved a significantly higher C-index than BCLC, CNLC, and 

AJCC (0.751 vs. 0.598, 0.633, and 0.561, respectively). TEMPO-HCC also exhibited 

markedly better time-dependent AUCs at 1-, 2-, 3-, and 5-year post-resection. Notably, 

integrating TEMPO-HCC as an adjunctive component to each staging system led to 

significant incremental improvements in both the C-index and time-dependent AUC (all P 

< 0.001), details are shown in Fig. 6j–l and Table S3. Taken together, these findings 

underscore that TEMPO-HCC provides substantial incremental prognostic value beyond 

established guideline methods, significantly refining OS risk estimation for patients with 

HCC in routine clinical practice.  

Ablation study 

To systematically quantify the contribution of each modality and to test the hypothesis that 

multimodal fusion improves prognostic modeling, we performed a comprehensive 

ablation study comparing the full tri-modal framework with unimodal and bimodal 

baselines. As shown in Figure 4 and Table 2, a clinical-only model trained on 
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multivariable Cox–selected risk factors (cirrhosis, tumor size, LNMet, and AFP) achieved 

a C-index of 0.685 (95% CI: 0.648–0.722), reflecting the intrinsic but limited prognostic 

value of routine clinical variables. A unimodal deep learning model using H&E-stained 

whole-slide images yielded a C-index of 0.752 (95% CI: 0.720–0.784), indicating that 

micro-scale tumor morphology provides prognostic signals beyond standard clinical 

factors. The radiology-only deep learning model, trained on preoperative multiphasic MRI 

(pre-T1 and contrast-enhanced arterial, portal venous, and delayed phases), delivered 

the best unimodal performance with a C-index of 0.792 (95% CI: 0.762–0.822), 

underscoring that multiphasic MRI captures prognostically relevant whole-tumor 

phenotypes and spatiotemporal heterogeneity across dynamic enhancement phases. 

Integrating radiology and WSI further improved discrimination (C-index 0.818), 

suggesting complementary and non-redundant information across macro- and micro-

scale representations. Finally, the fully integrated tri-modal TEMPO-HCC achieved the 

highest performance (C-index 0.845, 95% CI: 0.819–0.873), significantly outperforming 

unimodal and bimodal models (P < 0.05), with consistent gains across time-dependent 

AUCs. Collectively, these results support that each modality contributes unique 

prognostic information and that the proposed deep multimodal framework effectively 

fuses heterogeneous data streams into a cohesive and robust survival signature. 

Subgroup analyses 

Subgroup analyses were performed across the multicenter external validation cohort to 
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evaluate the stability of TEMPO-HCC. The C-indices for centers 3–6 were 0.755 (0.710–

0.800), 0.712 (0.635–0.789), 0.745 (0.698–0.792), and 0.765 (0.730–0.800), respectively. 

Model performance remained largely consistent across centers, with a modest decrease 

observed in Center 4 (n = 104); time-dependent AUCs showed a similar pattern (Figure 

S2a–c and Table S4). We hypothesize that the slight performance drops in center 4 may 

be attributable to its relatively limited sample size. To evaluate whether the predictive 

performance of TEMPO-HCC was influenced by key perioperative clinical characteristics, 

we further performed stratified analyses by tumor size, AFP level, and cirrhosis status in 

the external validation cohort. These analyses demonstrated stable C-indices and time-

dependent AUCs, with no statistically significant differences across subgroups (Figure 

S2d–l and Table S4). Notably, these data were derived from collaborating hospitals with 

heterogeneous imaging protocols and patient demographics. The consistent performance 

across diverse external datasets highlights the robustness and generalizability of 

TEMPO-HCC, suggesting its ability to learn fundamental biological and clinical prognostic 

patterns that are not specific to the training institution.  

Multi-level interpretability with clinical insights 

As shown in Figure 7, TEMPO-HCC provides multi-level interpretability spanning clinical 

features, MRI, and histopathology. At the clinical level (Figure 7a and b), global and 

patient-specific SHAP analyses consistently highlighted AFP, tumor size, cirrhosis, and 

LNMet as the principal drivers of time-resolved mortality risk, with higher AFP and larger 
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tumors contributing to higher predicted risk. At the imaging level, Grad-CAM maps on 

multiphasic MRI predominantly localized model attention to irregular tumor margins and 

heterogeneously enhancing regions across phases—features that are commonly 

associated with poor prognosis in patients with hepatocellular carcinoma (Figure 7c–f). 

At the pathology level, the Grad-CAM heatmaps exhibited strong and consistent spatial 

concordance between the highlighted “hot spots” and the true location and extent of 

pathologic lesions, while effectively suppressing attention to surrounding normal tissue 

(Figure 7g and h). Together, these explanations form a coherent evidence chain linking 

clinical risk factors to lesion-centric imaging and tissue substrates, supporting the model’s 

transparency and clinical credibility. 

Discussion 

In this multicenter study, we developed and externally validated TEMPO-HCC, a time-

resolved, interpretable multimodal deep learning framework for modeling postoperative 

survival trajectories in HCC. TEMPO-HCC was designed to address several persistent 

gaps in postoperative prognostic assessment. Although recent advances in radiomics, 

computational pathology, and deep learning have shown promise17-19, many prior models 

remain constrained by single-modality inputs or shallow fusion, limiting their ability to 

capture multiscale features associated with postoperative mortality. Moreover, most 

existing approaches formulate prognosis as a single time-point binary endpoint (e.g., 

“alive/dead within 3 years”), implicitly discarding the dynamic nature of risk over time—
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information that is directly relevant for tailoring surveillance intervals and therapeutic 

windows. By integrating macroscopic imaging phenotypes, microscopic histologic 

heterogeneity, and systemic clinical signals into a discrete-time survival formulation, 

TEMPO-HCC extends prognostic assessment from binary risk stratification to time-

specific risk estimation, providing clinically relevant probabilities across multiple 

postoperative horizons. Furthermore, in routine clinical practice, incorporating TEMPO-

HCC as an add-on to major guideline-based staging systems may further improve OS 

risk prediction for patients with HCC. This integrated approach may play a pivotal role in 

standardizing postoperative surveillance intensity and schedules, and optimizing the 

allocation of clinical resources. In this context, TEMPO-HCC should not be interpreted as 

a strict head-to-head replacement for previously reported HCC deep learning models, 

because the underlying tasks and evaluation settings are not fully aligned. Rather, its 

contribution lies in integrating perioperative clinical data, preoperative multiphasic MRI, 

and postoperative WSIs into a single framework that provides time-resolved survival 

probabilities, hierarchical interpretability, and independent multicenter validation. From a 

translational perspective, TEMPO-HCC may be most realistically deployed first in tertiary 

centers with digital pathology infrastructure, standardized MRI workflows, and basic AI 

computing support. In such settings, it may function as a background risk-assessment 

module integrated into multidisciplinary discussion or postoperative follow-up pathways, 

complementing rather than replacing clinician judgment. 
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The clinical branch of TEMPO-HCC incorporates four independent predictors of 

postoperative mortality—tumor size, cirrhosis, LNMet, and AFP—identified by 

multivariable Cox analysis and consistently highlighted by SHAP. These factors are 

biologically plausible: larger tumors generally indicate higher burden and a greater 

propensity for microvascular invasion and early dissemination20; elevated AFP often 

reflects more aggressive, poorly differentiated disease21, 22; LNMet signals extrahepatic 

spread and adverse systemic behavior23; and cirrhosis captures limited hepatic reserve 

and a pro-tumor inflammatory–fibrotic milieu24,25. Together, they represent 

complementary tumor–host risk axes, and the Positive Linear constraint enforces 

monotonic associations to reduce clinically counterintuitive predictions under real-world 

heterogeneity. 

TEMPO-HCC achieved strong C-index and time-dependent AUC values across 

cohorts, while maintaining favorable (lower) IBS—performance that is best understood as 

the product of complementary information content and purpose-built architectural choices 

rather than any single component. First, the three modalities contribute nonredundant 

signals across scales: multiphasic MRI captures vascularity and enhancement dynamics 

(macroscopic phenotype), H&E-stained whole-slide images provides direct evidence of 

cellular atypia and microenvironmental architecture (microscopic phenotype), and clinical 

variables represent systemic status and background liver disease (host context)26,27. This 

multiscale complementarity improves ranking performance and time-specific 
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discrimination, supporting higher C-index and AUC. Second, the MRI branch implements 

hierarchical attention at both slice and phase levels, enabling the network to (i) emphasize 

diagnostically informative slices within each phase28 and (ii) adaptively weight phases 

(e.g., arterial and portal venous dynamics) to highlight lesion-specific hemodynamics 

while suppressing background variability. Crucially, the incorporation of a mask-derived 

tumor coverage signal injects lesion extent explicitly into attention computation, improving 

robustness against confounding background features and enhancing cross-center 

stability29,30. Third, the pathology branch builds on MIL by adding coordinate-based 

positional encodings, preserving spatial context that is often prognostically meaningful 

(e.g., core–margin differences, focal high-grade regions) and reducing the risk of treating 

whole-slide image patches as an orderless bag31,32. Fourth, the fusion module uses 

nonlinear transformations with regularization to model cross-modal interactions, enabling 

recognition of high-risk phenotypes that may not be apparent in any single view (e.g., 

apparently circumscribed imaging morphology coupled with micro-level invasive 

histology)33. Finally, the discrete-time hazard objective with explicit handling of right 

censoring aligns training with the generative structure of survival data and facilitates well-

calibrated survival probability trajectories, consistent with the observed calibration curves, 

which directly supports reduced overall prediction error (lower IBS) and improved stability 

of risk estimates across clinically meaningful horizons34,35. From an optimization 

standpoint, initializing transformer backbones with pretrained weights and freezing them 

during training focuses learning on attention, projection, fusion, and survival heads—an 
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effective strategy for mitigating overfitting in heterogeneous multicenter settings36. 

Although the relatively high performance in training cohorts may suggest optimistic 

estimation, model generalizability was evaluated primarily in the internal test and 

independent multicenter external validation cohorts rather than inferred from training 

performance alone. The overall stable discrimination, calibration, and IBS across 

heterogeneous external institutions support robustness beyond the derivation data. This 

robustness may be partly attributable to our anti-overfitting strategies, including center-

level data splitting, frozen pretrained backbones with only lightweight task-specific training, 

regularized multimodal fusion, and a survival objective tailored for right-censored data.  

Beyond discrimination and overall error, TEMPO-HCC demonstrated clinically 

relevant risk stratification: Kaplan–Meier curves separated early and remained distinct 

across long-term follow-up. This stability is consistent with the model’s design, which 

learns interval-specific hazards rather than compressing prognosis into a single scalar 

score. Such “when”-oriented predictions can support more nuanced management: 

patients at high near-term risk may warrant intensified surveillance and earlier 

consideration of adjuvant strategies or trial enrollment, whereas sustained low-risk 

profiles may justify de-escalated monitoring to reduce burden and optimize resource 

allocation37,38. 

Interpretability was treated as a core translational requirement rather than an 

afterthought. By aligning clinical SHAP attributions with Grad-CAM saliency on 
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multiphasic MRI and Grad-CAM–localized H&E regions, TEMPO-HCC provides a 

coherent, traceable evidence chain from risk factors to lesion-centric imaging and tissue 

substrates. This design allows clinicians to audit whether high-risk predictions are driven 

by plausible tumor- and tissue-related cues rather than artifacts or nonlesion correlations, 

lowering the trust barrier that often limits clinical adoption of deep learning systems. 

Several limitations should be acknowledged. First, the retrospective design and 

absence of real-world deployment testing remain key limitations. Before clinical 

implementation, TEMPO-HCC must undergo prospective testing in actual workflows to 

evaluate turnaround time, user acceptance, and its true impact on multidisciplinary 

decision-making; until then, it remains a promising prognostic framework rather than a 

deployed decision-support tool. Second, the endpoint was overall survival; extending the 

framework to recurrence-related endpoints may further align with postoperative 

management. Third, tumor masks were derived from expert delineations, which may 

constrain scalability; automated segmentation or weakly supervised localization could 

facilitate deployment. Fourth, although H&E adds substantial biological depth, integrating 

molecular or genomic data may further improve identification of aggressive subtypes. 

Fifth, SHAP and Grad-CAM provide model-faithful associative explanations rather than 

causal mechanisms, and should be interpreted alongside domain expertise. Importantly, 

TEMPO-HCC is designed for postoperative prognostic assessment, not for preoperative 

decision-making or surgical planning. In this context, future refinement through automated 
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segmentation, lower-burden localization strategies, and reduced dependence on 

histopathology may further enhance the feasibility and scalability of TEMPO-HCC in real-

world clinical workflows. Sixth, this study was conducted in a predominantly HBV-related 

HCC population, consistent with both the epidemiologic profile of East Asia and the 

current development trajectory of most medical AI models, which are typically established 

and validated within single-country or single-region cohorts before broader international 

evaluation. Nevertheless, this population composition may constrain generalizability, and 

further validation in geographically and etiologically distinct populations, particularly 

Western cohorts enriched for HCV-, alcohol-, and NAFLD/NASH-related HCC, is 

warranted. Seventh, the real-world implementation of TEMPO-HCC may be limited by the 

requirement for digital pathology, standardized MRI acquisition, and computational 

support. Prospective studies are needed to evaluate its feasibility and workflow 

integration in routine practice. Eighth, the noticeably decreased 5-year AUC in external 

validation likely reflects the inherent temporal uncertainty of long-term outcomes, which 

are increasingly shaped by dynamic biological heterogeneity and post-recurrence 

treatments not captured at baseline. Therefore, 5-year risk estimates should be 

interpreted cautiously, and future studies with longer follow-up are required to stabilize 

long-term predictions. 

In conclusion, we present TEMPO-HCC, a multicenter-developed and externally 

validated multi-level interpretable multimodal discrete-time survival model that integrates 
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preoperative multiphasic MRI, postoperative H&E-stained whole-slide images, and 

clinical risk information to generate time-resolved postoperative mortality risk estimates 

in resected HCC. By shifting prognosis from binary “whether” predictions to clinically 

aligned “when” risk probabilities and providing a traceable explanation chain across 

modalities, TEMPO-HCC—when used as an add-on to major guideline-based staging 

systems—may further improve OS risk prediction for patients with HCC. Beyond 

predictive performance, TEMPO-HCC offers a transparent and actionable framework for 

individualized postoperative risk assessment. Prospective validation and workflow-

integrated deployment studies are warranted to determine whether TEMPO-HCC–guided 

stratification can improve surveillance efficiency, therapeutic decision-making, and patient 

outcomes in real-world care. 

Methods 

Study design and participants 

This multicenter retrospective study was conducted across six institutions. This study was 

approved by the Institutional Review Boards (IRB) of The third hospital of mianyang; Sir 

Run-Run Shaw Hospital, Zhejiang University School of Medicine; Union Hospital, Tongji 

Medical College, Huazhong University of Science and Technology; Huzhou Central 

Hospital, Affiliated to Huzhou University; The Second People’s Hospital of YiBin; and The 

First Affiliated Hospital of USTC, Division of Life Science and Medicine (approval numbers: 

2023-179-20, 2024-0323, 2024-0445, 20201022-01, 2024-226-01, and 2025-RE-111). As 
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only previously acquired, de-identified imaging, pathology, and clinical data were 

analyzed, the requirement for written informed consent was waived. Consecutive eligible 

cases were screened and curated at each center according to a harmonized study 

workflow; details of participating institutions are provided in Table S1. 

Inclusion criteria were: (1) histopathologic confirmation of HCC on postoperative 

specimens; (2) curative-intent surgical resection as the primary treatment; and (3) 

preoperative MRI including multiphasic dynamic contrast-enhanced T1-weighted imaging, 

comprising pre-contrast T1-weighted imaging (Pre) and post-contrast arterial phase (AP), 

portal venous phase (VP), and delayed phase (DP), with image data available for 

subsequent analysis. 

Exclusion criteria were: (1) prior liver-directed therapy before MRI and surgery that 

could substantially alter tumor imaging phenotypes or histologic characteristics (e.g., 

transarterial chemoembolization, ablation, or radiotherapy); (2) inadequate MRI quality 

for analysis (e.g., severe artifacts such as motion, missing key phases/sequences, 

insufficient anatomic coverage, or other non-diagnostic issues); and (3) incomplete key 

clinical data that precluded model input construction or outcome ascertainment. 

Data collection and preprocessing 

MRI acquisition and tumor segmentation: All patients underwent preoperative MRI. 

The four phases (Pre/AP/VP/DP) were used as imaging inputs. To ensure robust imaging 

analysis, experienced abdominal radiologists delineated HCC lesions on each phase to 
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generate tumor masks. Annotations were created exclusively on the four phases of 

multiphasic dynamic contrast-enhanced T1-weighted imaging DCE-T1WI, including Pre 

and AP, VP, DP phases. For each case, tumor boundaries were delineated slice-by-slice 

on each phase to obtain phase-specific three-dimensional tumor volumes, leveraging 

enhancement characteristics and anatomic landmarks to ensure spatially consistent 

coverage across phases despite temporal variation in contrast uptake. All segmentations 

underwent standardized quality control, and ambiguous cases or discrepancies were 

adjudicated through review and consensus to ensure cross-center consistency. For each 

subject, multiphasic dynamic contrast-enhanced MRI consisted of four phases—Pre and 

AP, VP, DP phase—with a phase-specific binary tumor mask available for each phase. All 

images and paired masks were resampled to a unified voxel spacing of 1.3 × 1.3 × 

3.5 mm³  to harmonize geometry across scanners and sites. MRI intensities were 

standardized to zero mean and unit variance on a per-volume basis; volumes with near-

zero intensity variance were set to all zeros to ensure numerical stability. To obtain a 

consistent 2D representation while preserving tumor coverage, we selected S = 8 axial 

slices per phase by uniform sampling along the z-axis, centered on the slice exhibiting 

the largest tumor cross-sectional area. A configurable in-plane transpose (height–width 

swap) and optional flips were applied to enforce consistent orientation across scans. Each 

selected slice was resized to 224 × 224 pixels (bilinear interpolation for MRI; nearest-

neighbor for masks), and grayscale MRI slices were replicated to three channels to match 

ImageNet-pretrained backbones. The resulting input tensors had shapes MRI (B, 
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4,S,3,224,224) and masks  (B,4,S,1,224,224). MRI acquisition parameters are provided 

in Table S2.  

Histopathology acquisition and digital processing: Pathology inputs were derived 

from routine hematoxylin and eosin (H&E)-stained slides of resection specimens, which 

were subsequently digitized into WSIs. Slides were required to meet basic quality 

standards (uniform staining, preserved tissue architecture, absence of severe folding or 

tissue loss).  H&E WSIs were processed at ×40 magnification and tessellated into non-

overlapping 512×512-pixel patches, with the grid coordinates of each patch recorded to 

preserve within-slide spatial context. Each patch image was subsequently resized to 224

×224 pixels to match the input resolution of standard convolutional backbones and color-

intensity normalized using the ImageNet mean and standard deviation. For spatial 

modeling, the patch location was represented by its grid coordinate (𝑥𝑖
, 𝑦𝑖)  and 

normalized to [0, 1]on a per-case basis by dividing by the maximum coordinate values 

observed within the same WSI, as shown in Equation (1): 

𝑥̃𝑖 = 𝑥𝑖/max 𝑗 𝑥𝑗 , 𝑦̃𝑖 = 𝑦𝑖/max 𝑗 𝑦𝑗. 

This preprocessing pipeline yielded a set of appearance features and standardized spatial 

coordinates for each case, enabling downstream learning to jointly leverage 

histomorphology and relative tumor microenvironment topology. The resulting patch set 

and normalized coordinates were used as instance-level inputs for subsequent slide-level 

modeling. Board-certified pathologists confirmed tumor-related regions to support 
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downstream modeling and interpretability analyses.  

Clinical variables: Perioperative clinical variables (baseline characteristics and 

laboratory tests) were obtained through the electronic medical record (EMR) system of 

each institution. Independent clinical prognostic factors were first screened using 

univariable Cox proportional hazards regression, and covariates achieving prespecified 

significance were subsequently entered into a multivariable Cox model to identify factors 

independently associated with the time-to-event outcome. The final multivariable Cox 

model was then used to derive a clinical risk score for each patient, computed as the 

linear predictor (the weighted sum of selected covariates using the estimated Cox 

coefficients), yielding a tensor of shape (𝐵, 1)  for a batch of size 𝐵 . To integrate this 

scalar risk signal into the downstream deep model, the risk score was projected into a 

low-dimensional embedding space (32 dimensions) via a non-negative linear layer. 

Specifically, we parameterized the projection matrix with unconstrained raw weights and 

enforced non-negativity by applying a softplus transform, the non-negative projection 

matrix and clinical embedding were computed according to Equation (2):  

𝑊 = softplus(𝑊raw), 𝑒 = 𝑟 ⋅ 𝑊 + 𝑏, 

where 𝑟 denotes the clinical risk score, 𝑊raw denotes the unconstrained raw weights, 

𝑊 denotes the non-negative projection matrix, and 𝑏 is a bias term. This construction 

ensures that the embedding is a monotone non-decreasing function of the clinical risk 

score along all learned directions, thereby preserving the ordinal risk information while 
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enabling flexible feature fusion with imaging and/or other modalities. 

Outcome definition and follow-up 

The primary endpoint was OS, defined as time from the date of surgical resection to death 

from any cause. OS was selected as the sole study endpoint after careful consideration 

of endpoint robustness and cross-center consistency, with the detailed rationale provided 

in Supplementary Note 1. 

Patients who were alive at the last follow-up or lost to follow-up were censored at the 

last confirmed date of survival. Follow-up and outcome information were obtained through 

routine clinical follow-up systems (outpatient/inpatient records and electronic medical 

record (EMR) system review), supplemented by telephone contact when needed, and 

recorded using a predefined, uniform data extraction and verification procedure. The 

follow-up end date was defined by each center; patients without an event by that date 

were treated as censored. 

At all six participating centers, consecutive eligible patients were screened using a 

harmonized study workflow with predefined inclusion and exclusion criteria. Multi-modal 

data were retrospectively curated in a de-identified manner according to a standardized 

cross-center protocol, and outcome/follow-up information was ascertained through 

routine follow-up systems and medical record review, supplemented by telephone follow-

up when necessary, with prespecified procedures for extraction and verification. 
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To reduce inter-institutional variability, MRI data were uniformly resampled and 

normalized, WSI data were processed using a standardized patch-based workflow, and 

multimodal curation/annotation followed harmonized quality-control procedures across 

centers. Further discussion of heterogeneity handling is provided in Supplementary Note 

2. 

TEMPO-HCC model development 

We developed a multimodal, discrete-time survival deep learning framework to estimate 

patient-specific OS risk after curative-intent resection of HCC, producing time-resolved 

risk probabilities at clinically relevant horizons (12/24/36/60 months; i.e., 1/2/3/5 years) 

(Figure S1). TEMPO-HCC integrates: (1) preoperative multiphasic contrast-enhanced 

MRI (Pre, AP, VP, DP) with radiologist-derived tumor masks, (2) postoperative H&E-

stained whole-slide images as variable-length patch sets, and (3) perioperative clinical 

variables. 

MRI branch: For each MRI phase (Pre/AP/VP/DP), we extracted a fixed-length sequence 

of axial 2D slices sampled along the z-axis with consistent coverage around the tumor 

region. Slices were resized to 224×224 and encoded using a Swin Transformer backbone 

pretrained on natural images. To incorporate lesion extent explicitly, slice-level features 

were augmented with a mask-derived tumor coverage signal. Features were then 

aggregated via hierarchical attention: (1) slice-level attention within each phase to obtain 

phase-specific representations, followed by (2) phase-level attention across phases to 
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yield a compact MRI embedding capturing complementary enhancement dynamics. 

Histopathology branch: For postoperative H&E-stained whole-slide images, tissue 

regions were tiled into patches under standard quality control (e.g., excluding background, 

blur, and artifacts). Each patch was encoded using a Swin Transformer backbone. To 

preserve spatial context, a lightweight coordinate-based positional encoding derived from 

patch locations was injected into patch features. A multiple-instance learning (MIL) 

attention pooling module then produced a patient-level pathology embedding, enabling 

the model to focus on prognostically informative histologic patterns despite variable patch 

counts across patients. 

Clinical branch: Perioperative clinical predictors were selected using univariable and 

multivariable Cox regression in the training cohort only to avoid information leakage. The 

final multivariable Cox model was used to compute a clinical risk score (linear predictor) 

for each patient, which was then projected into a low-dimensional clinical embedding via 

a non-negative linear layer implemented with a softplus transform on the weights.  

Multimodal fusion and discrete-time survival head: MRI, pathology, and clinical 

embeddings were concatenated and processed by a fusion multilayer perceptron (MLP), 

followed by a discrete-time survival head that output hazard logits over predefined time 

bins (0–12, 12–24, 24–36, and 36–60 months) aligned with the target horizons. Predicted 

hazards were converted to survival probabilities and cumulative risks at 1/2/3/5 years, 

enabling direct “when”-oriented risk reporting rather than single time-point binary 
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prediction. 

Training objective and optimization: Model training minimized the negative log-

likelihood of a discrete-time hazard formulation with right-censoring. Optimization used 

AdamW with mixed-precision GPU training. To reduce overfitting and improve cross-

center robustness, Swin backbones were initialized with pretrained weights and kept 

frozen during training, while optimizing the attention modules, projection layers, fusion 

network, and survival head. Additional implementation details (preprocessing, 

hyperparameters, and time-binning strategy) are provided in.  

Model interpretability 

To enhance transparency and clinical usability, TEMPO-HCC provides multi-level 

interpretability at the levels of clinical features, MRI, and H&E-stained whole-slide images. 

For clinical variables, SHapley Additive exPlanations (SHAP) was used to quantify global 

and patient-specific feature contributions to the predicted time-resolved mortality risk. For 

MRI, Gradient-weighted Class Activation Mapping (Grad-CAM) was applied to generate 

saliency maps on multiphasic MRI, highlighting influential regions across phases and 

slices. For H&E-stained whole-slide images, Grad-CAM was used to localize 

prognostically informative tissue patterns at the patch level, and saliency was aggregated 

to produce slide-level visualizations. 

Statistical analysis 
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Univariable and multivariable Cox proportional hazards regression analyses were 

performed to identify independent clinical prognostic factors. Variables that remained 

statistically significant in the multivariable Cox model (two-sided P < 0.05) were 

considered independent risk factors and incorporated into the clinical branch of TEMPO-

HCC. 

The prognostic performance of TEMPO-HCC for postoperative survival risk 

prediction was evaluated at 12, 24, 36, and 60 months. Discrimination was assessed 

using time-dependent receiver operating characteristic (ROC) analysis with time-specific 

area under the curve (AUC), together with Harrell’s concordance index (C-index). Overall 

prediction error over time was quantified using the integrated Brier score (IBS). 

Calibration was examined using calibration curves comparing predicted and observed 

survival probabilities at each time point. For performance metrics, 95% confidence 

intervals were estimated by bootstrap resampling. To explore the potential value of 

TEMPO-HCC in clinical decision-making, DCA was performed by calculating net benefit 

across a spectrum of threshold probabilities for 1-, 2-, 3-, and 5-year risk prediction in the 

training, internal test, and external validation cohorts. 

For risk stratification, patients were categorized into high- and low-risk groups 

according to the TEMPO-HCC–predicted risk score (horizon-specific cutoffs were 

determined in the training cohort via time-dependent ROC analysis). Kaplan–Meier 

survival curves were generated for the two groups and compared using the log-rank test. 
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All statistical tests were two-sided, and P < 0.05 was considered statistically significant. 

All analyses were implemented using custom Python scripts. 

Data availability  

The imaging data used in this study are protected and not publicly available due to 

personal information protection, patient privacy regulations, and institutional data-sharing 

policies. However, the data can be made available to qualified researchers for academic 

purposes upon reasonable request. Interested parties may contact the corresponding 

author, who will review each request for scientific merit and compliance with data 

governance requirements.  

Code availability 

The source code is available online (https://github.com/Fanli8807/TEMPO-HCC).  
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Tables 

Table 1. Baseline demographic, clinical, laboratory, imaging, and pathologic 

characteristics of the study population by cohort 

Variables 
Training cohort 

(n=562) 

Internal test cohort 

(n=140) 

External validation 

cohort 

(n=773) 

Gender    

Female 15.12% (85/562) 10.71% (15/140) 17.59% (136/773) 

Male 84.88% (477/562) 89.29% (125/140) 82.41% (637/773) 

Age (year)    

Mean±SD 59.15±11.51 60.82±10.96 58.67±10.66 

Range (25–89) (30–87) (25–86) 

Liver Etiology    

HBV 79.54% (447/562) 76.43% (107/140) 70.12% (542/773) 

Cirrhosis 70.82% (398/562) 73.57% (103/140) 70.12% (542/773) 

Number of tumors    

1 87.72% (493/562) 90.00% (126/140) 75.42% (583/773) 

2 9.07% (51/562) 9.29% (13/140) 19.28% (149/773) 

≥3 3.20% (18/562) 0.71% (1/140) 5.30% (41/773) 

Tumor Size (cm)    

Mean±SD 4.31±2.30 4.13±2.38 3.98±1.91 

Range (0.3–10.0) (0.3–10.0) (0.5–10.0) 

Macro-VI    

Absent 92.35% (519/562) 96.43% (135/140) 87.06% (673/773) 

Present 7.65% (43/562) 3.57% (5/140) 12.94% (100/773) 
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LN Metastasis    

Absent 93.24% (524/562) 93.57% (131/140) 92.88% (718/773) 

Present 6.76% (38/562) 6.43% (9/140) 7.12% (55/773) 

Distant Metastasis    

Absent 97.33% (547/562) 98.57% (138/140) 97.15% (751/773) 

Present 2.67% (15/562) 1.43% (2/140) 2.85% (22/773) 

AFP (> 20 ng/mL)    

No 50.18% (282/562) 47.14% (66/140) 43.98% (340/773) 

Yes 49.82% (280/562) 52.86% (74/140) 56.02% (433/773) 

MVI    

Negative 64.95% (365/562) 70.71% (99/140) 55.89% (432/773) 

Positive 35.05% (197/562) 29.29% (41/140) 44.11% (341/773) 

Grade    

Low grade 33.45% (188/562) 35.00% (49/140) 42.04% (325/773) 

Moderate/High 

grade 

66.55% (374/562) 65.00% (91/140) 57.96% (448/773) 

AST    

Mean±SD 45.12±44.57 46.45±39.07 54.39±52.77 

ALT    

Mean±SD 38.67±32.15 40.26±30.10 53.97±46.89 

PLT    

Mean±SD 137.55±62.37 138.08±55.85 142.08±64.26 

TBil    

Mean±SD 17.72±13.11 21.97±50.12 19.31±24.68 

PT    

Mean±SD 13.90±1.10 14.24±1.41 13.65±1.37 

ALB    
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Mean±SD 38.64±4.79 38.63±6.10 38.64±4.70 

Follow-up Time 

Range 
0.2–115.1 0.2–91.5 0.2–83.2 

Censoring rate 80.25% (451/562) 74.29% (104/140) 66.49% (514/773) 

Median follow-up 

time 

34.9 (95% CI, 33.0–

36.6) 

30.9 (95% CI, 26.6–

35.0) 

50.0 (95% CI, 48.0–

51.0) 

Note: Patient characteristics are summarized for the training, internal test, and external 

validation cohorts. Categorical variables are presented as percentage (number/total), and 

continuous variables are presented as mean ± standard deviation with ranges where 

applicable. In the external validation cohort, the proportions of patients with HBV infection 

and cirrhosis were both 70.12% (542/773). This numerical identity reflects the actual 

distribution of this cohort rather than a tabulation error. Tumor burden (number of tumors 

and tumor size), macrovascular invasion, nodal and distant metastasis status, serum 

alpha-fetoprotein category, microvascular invasion, and histologic grade are reported 

together with routine liver function–related laboratory measures. Abbreviations: HBV, 

hepatitis B virus; HCC, hepatocellular carcinoma; Macro-VI, macrovascular invasion; LN, 

lymph node; AFP, alpha-fetoprotein; MVI, microvascular invasion; AST, aspartate 

aminotransferase; ALT, alanine aminotransferase; PLT, platelet count; TBil, total bilirubin; 

PT, prothrombin time; ALB, albumin. 
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Table 2. Predictive performance of TEMPO-HCC for time-resolved overall survival risk 

prediction across cohorts 

Cohort Model C-index IBS 

1-Year 
AUC 

(95% CI) 

2-Year 
AUC 

(95% CI) 

3-Year 
AUC 

(95% CI) 

5-Year 
AUC 

(95% CI) 

 

 

Training cohort 

Clinical 

0.685 

(0.648-
0.722) 

0.165 

(0.150-
0.180) 

0.725 

(0.681-
0.769) 

0.701 

(0.655-
0.747) 

0.688 

(0.642-
0.734) 

0.662 

(0.615-
0.709) 

DL-WSI 

0.752 

(0.720-
0.784) 

0.125 

(0.114-
0.136) 

0.850 

(0.812-
0.888) 

0.812 

(0.772-
0.852) 

0.825 

(0.785-
0.865) 

0.780 

(0.735-
0.825) 

DL-MR 

0.792 

(0.762-
0.822) 

0.098 

(0.087-
0.109) 

0.915 

(0.882-
0.948) 

0.880 

(0.845-
0.915) 

0.862 

(0.824-
0.900) 

0.812 

(0.770-
0.854) 

DL-
MR+WSI 

0.818 

(0.791-
0.845) 

0.075 

(0.062-
0.088) 

0.952 

(0.925-
0.979) 

0.938 

(0.910-
0.966) 

0.950 

(0.922-
0.978) 

0.942 

(0.912-
0.972) 

 
TEMPO-

HCC 

0.845 
(0.819,0.873

) 

0.051 

(0.038-
0.069) 

0.983 

(0.958-
0.996) 

0.970 

(0.950-
0.989) 

0.960 

(0.938-
0.979) 

0.926 

(0.885,0.
968) 

 

 

Internal test 
cohort 

Clinical 

0.612 

(0.548-
0.676) 

0.188 

(0.155-
0.221) 

0.652 

(0.585-
0.719) 

0.628 

(0.560-
0.696) 

0.615 

(0.545-
0.685) 

0.592 

(0.520-
0.664) 

DL-WSI 

0.665 

(0.605-
0.725) 

0.145 

(0.120-
0.170) 

0.762 

(0.688-
0.836) 

0.710 

(0.632-
0.788) 

0.735 

(0.655-
0.815) 

0.645 

(0.558-
0.732) 

DL-MR 

0.705 

(0.642-
0.768) 

0.122 

(0.097-
0.147) 

0.815 

(0.745-
0.885) 

0.772 

(0.698-
0.846) 

0.760 

(0.685-
0.835) 

0.682 

(0.598-
0.766) 

DL- 0.752 0.082 0.865 0.815 0.832 0.710 
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Cohort Model C-index IBS 

1-Year 
AUC 

(95% CI) 

2-Year 
AUC 

(95% CI) 

3-Year 
AUC 

(95% CI) 

5-Year 
AUC 

(95% CI) 

MR+WSI (0.690-
0.814) 

(0.060-
0.104) 

(0.802-
0.928) 

(0.748-
0.882) 

(0.765-
0.899) 

(0.615-
0.805) 

 
TEMPO-

HCC 

0.787 

(0.724-
0.854) 

0.049 

(0.030-
0.076) 

0.906 

(0.819-
0.978) 

0.845 

(0.754-
0.910) 

0.876 

(0.813-
0.949) 

0.740 

(0.570-
0.923) 

 

External 
validation cohort 

Clinical 

0.605 

(0.575-
0.635) 

0.192 

(0.178-
0.206) 

0.702 

(0.655-
0.749) 

0.655 

(0.605-
0.705) 

0.642 

(0.590-
0.694) 

0.618 

(0.565-
0.671) 

DL-WSI 

0.668 

(0.638-
0.698) 

0.152 

(0.138-
0.166) 

0.728 

(0.682-
0.774) 

0.685 

(0.635-
0.735) 

0.710 

(0.662-
0.758) 

0.622 

(0.570-
0.674) 

DL-MR 

0.708 

(0.678-
0.738) 

0.128 

(0.114-
0.142) 

0.785 

(0.742-
0.828) 

0.732 

(0.685-
0.779) 

0.725 

(0.678-
0.772) 

0.635 

(0.585-
0.685) 

DL-
MR+WSI 

0.728 

(0.699-
0.757) 

0.108 

(0.095-
0.121) 

0.802 

(0.765-
0.839) 

0.755 

(0.712-
0.798) 

0.788 

(0.745-
0.831) 

0.665 

(0.618-
0.712) 

 
TEMPO-

HCC 

0.751 

(0.722-
0.777) 

0.087 

(0.076-
0.099) 

0.836 

(0.728-
0.932) 

0.781 

(0.726-
0.827) 

0.812 

(0.770-
0.846) 

0.680 

(0.619-
0.744) 

Note: Model performance is reported for the training, internal testing, and external 

validation cohorts. Discrimination is summarized by Harrell’s concordance index (C-index) 

and time-dependent area under the receiver operating characteristic curve (AUC) at 1, 2, 

3, and 5 years. Overall prediction error is quantified using the integrated Brier score (IBS). 

For each metric, values are presented with 95% confidence intervals estimated by 

bootstrap resampling. Abbreviations: TEMPO-HCC, Time-resolved Explainable 

Multimodal Prognostic Model for Hepatocellular Carcinoma; C-index, concordance index; 
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AUC, area under the receiver operating characteristic curve; IBS, integrated Brier score; 

CI, confidence interval. 

 

 

 

 

 

 

 

Figure legends 

Figure 1. Study overview and architecture of the Time-resolved Explainable 

Multimodal Prognostic Model for Hepatocellular Carcinoma (TEMPO-HCC). a: 

Conceptual schematic of time-resolved postoperative prognostication after curative-intent 

resection for hepatocellular carcinoma (HCC). Rather than providing a single binary 

prediction, TEMPO-HCC estimates individualized overall survival risk across multiple 

postoperative horizons, addressing the clinical question of when adverse outcomes are 

most likely to occur. b: Overall workflow of TEMPO-HCC. Clinical variables, preoperative 

multiparametric MRI, and histopathological whole-slide images (WSIs) were integrated 
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into a multimodal model to generate individualized time-resolved risk predictions, which 

were further evaluated in internal and multicenter external validation cohorts.  

Figure 2. Multicenter patient enrollment, exclusions, and cohort partitioning. Flow 

diagram summarizing patient screening across participating institutions, prespecified 

exclusions, and cohort partitioning into a derivation cohort (for training and internal test) 

and an independent external validation cohort for assessing generalizability. 

Figure 3. Screening clinical risk factors. a: Forest plot from multivariable Cox 

proportional hazards regression summarizing associations between candidate 

perioperative variables and OS, reported as hazard ratio (HR) with 95% confidence 

interval (CI). b, c: Cohort-level clinical attributions using SHAP, including a patient-wise 

attribution heatmap (b) and a SHAP summary (beeswarm) plot (c).  

Figure 4. Model performance. a–f: Bar plots depict the C-index and IBS values for the 

TEMPO-HCC, MRI+WSI, WSI, MRI, and Clinical models in the training, internal test, and 

external validation cohorts. The C-index and its associated 95% CI were calculated using 

the bootstrap method with 1000 resamples. In each plot, the height of the bars represents 

the C-index (a–c) and IBS (d–f), respectively, and the error bars represent the 95% CI. 

g–i: Time-dependent AUC curves showing discrimination over follow-up for TEMPO-HCC 

and single- and dual-modality models in overall survival (OS) prediction across cohorts. 

j–l: Time-dependent ROC curves of the TEMPO-HCC at multiple postoperative time 

points across cohorts. m–o: Calibration curves of the TEMPO-HCC model comparing 
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predicted event probabilities with observed event rates; the diagonal line indicates ideal 

calibration. 

Figure 5. Risk stratification by TEMPO-HCC–predicted time-resolved mortality risk. 

Kaplan–Meier curves comparing high- and low-risk groups defined by predicted mortality 

risk at prespecified horizons. Panels show stratification based on predicted 1-, 2-, 3-, and 

5-year risk in the training (a–d), internal test (e–h), and external validation (i–l) cohorts. 

Group differences were assessed using the log-rank test. 

Figure 6. Comparison of TEMPO-HCC with three major guideline-based staging 

systems. a–f: Bar plots depict the C-index and IBS values for the AJCC, BCLC, CNLC, 

and TEMPO-HCC in the training, internal test, and external validation cohort. In each plot, 

the height of the bars represents the C-index (a–c) and IBS (d–f), and the error bars 

represent the 95% CI. g–i: Time-dependent AUC curves showing discrimination over 

follow-up for AJCC, BCLC, CNLC, and TEMPO-HCC models in OS prediction across 

cohorts. TEMPO-HCC consistently outperformed all three guideline-based staging 

systems. Furthermore, supplementing each of the three staging systems with TEMPO-

HCC resulted in improved the C-index, IBS and AUCs in the external validation cohort (j–

l). AJCC = American Joint Committee on Cancer, BCLC = Barcelona Clinic Liver Cancer, 

CNLC = China Liver Cancer. 

Figure 7. Multi-level interpretability of TEMPO-HCC across clinical features, MRI, 

and WSIs. a–h: Patient-specific, cross-modality explanations for two representative 
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cases: panels a, c, e, and g correspond to the same low-risk HCC case, whereas panels 

b, d, f, and h correspond to the same high-risk HCC case. a, b: SHAP values for clinical 

features driving the predicted OS risk. c–f: Grad-CAM visualizations on multiphasic MRI. 

g, h: Representative patches from H&E-stained WSIs with corresponding saliency maps. 

On the basis of the importance scores, the deep red areas suggest greater contributions 

to the prediction, and the deep blue areas indicate lower contributions.  


