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Abstract. Liver cancer is a leading cause of cancer mortality; hepatocellular carci-
noma (HCC), its predominant form, requires accurate survival prediction to guide
prognosis and treatment decisions. We propose a multimodal framework for dis-
crete-time survival prediction using histopathological and clinical data from the
TCGA-LIHC cohort. Patch-level features extracted from Whole-Slide Images using
the UNI2-h foundation model were aggregated within each slide through a Graph
Attention Network, while clinical variables were encoded with a sentence trans-
former. The resulting embeddings were fused through intermediate fusion strategies
and processed by a multi-layer perceptron trained using a negative discrete-time log-
likelihood loss to handle censored data. Across two clinically meaningful survival
intervals, [0, 1) and [1, 5] years, multimodal fusion outperformed unimodal base-
lines, with concatenation achieving the highest overall performance (AUROC =
0.818). These findings highlight the complementary prognostic value of histology
and clinical data for robust and interpretable survival modeling in HCC.
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1. Introduction

Liver cancer is the sixth most frequently diagnosed malignancy and the third leading
cause of cancer-related deaths worldwide, with Hepatocellular Carcinoma (HCC) ac-
counting for 75-85% of primary liver cancer cases [1]. Despite advances in diagnosis
and therapy, HCC remains associated with poor prognosis, as most patients are diag-
nosed at intermediate or advanced stages when curative treatment options are limited [2].

Whole-Slide Images (WSIs) have enabled large-scale computational analysis of his-
topathology, allowing deep learning models to predict patient prognosis and survival
outcomes [3]. However, histology alone cannot capture the full complexity of cancer
progression. Genomic profiles, clinical data, and other imaging modalities (e.g., radiol-
ogy) provide complementary information for survival prediction, motivating deep learn-
ing frameworks that integrate heterogeneous data sources for improved cancer prognosis
[4,5], despite challenges arising from differences in data structure and scale. Discrete-
time survival modeling provides a flexible alternative to traditional continuous time ap-
proaches by discretizing follow-up into clinically meaningful intervals, allowing
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prognosis to be formulated as a multi-label classification task that naturally handles cen-
sored data and captures time-dependent risk dynamics within neural network frameworks
[6,7].

In this work, we propose a multimodal framework for discrete-time survival predic-
tion in HCC, where follow-up time is discretized into two clinically meaningful intervals.
Patch-level features extracted from WSIs using the foundation model UNI2-h [8] are
aggregated with a Graph Attention Network (GAT) [9] to obtain slide-level representa-
tions. Clinical data are encoded with a sentence transformer. The resulting modality spe-
cific embeddings are combined through an intermediate fusion module and processed by
a Multi-Layer Perceptron (MLP) trained with a discrete-time log-likelihood loss. Exper-
iments on the TCGA-LIHC cohort demonstrate that multimodal integration consistently
outperforms unimodal models, highlighting the complementary prognostic value of his-
tological and clinical information for liver cancer survival prediction.

2. Materials and Methods
2.1. Dataset

We used multimodal data from the TCGA-LIHC dataset, comprising WSIs and tabular
clinical information for patients diagnosed with HCC. Each patient has one to three di-
agnostic WSIs acquired at 40 x magnification; when multiple slides are available, we
retain the one with the largest tissue area. After filtering, 358 patients remain, including
232 censored and 126 uncensored cases (censoring rate: 64.8%). Clinical variables in-
clude demographic, diagnostic, treatment and pathological factors (e.g., age, gender,
race/ethnicity, morphology, tumor status, primary diagnosis, AJCC pathologic T/N/M,
and prior/synchronous malignancy). Clinical data were cleaned and preprocessed.

2.2. Problem Formulation

We formulate survival prediction as a discrete-time multi-label binary classification task,
where for each patient the model predicts event occurrence (death) within two clinically
motivated intervals, Interval 1: [0, 1) year and Interval 2: [1, 5] years. These intervals
were defined to concentrate observed events in our cohort. Label counts per interval are
reported in Table 1. Each patient i is represented by a feature vector X; € R®. For each
interval j € {1,2}, define the binary label y;; as:

1, if patient i dies within interval j
yij =140, if patient i is alive beyond interval j
excluded, if patienti is censored within interval j

We set the interval boundaries at 1 and 5 years to align with established clinical mile-
stones in HCC, where one-year survival reflects early mortality and five-year survival
indicates long-term remission [10,11]. The Kaplan—Meier curve of our cohort (Fig. 1)
shows that most deaths occur before five years, with only nine events thereafter, con-
firming the suitability of these thresholds. We adopt a discrete-time survival modeling
framework [6,12], predicting event occurrence within these predefined intervals.
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Figure 1. Kaplan—Meier survival curve of the TCGA-LIHC cohort (N = 358), with 1-year and 5-year thresholds

defining Interval 1 and Interval 2.

0

Table 1. Label distribution across survival intervals, showing the number of deaths, survivors and censored
patients.

Interval Deaths  Survivors Censored
Interval 1 55 251 52
Interval 2 62 40 149

2.3. Proposed Framework

The proposed framework, which integrates histology and clinical representations through
a fusion module to predict discrete-time survival outcomes, is illustrated in Fig. 2.

2.3.1. Histology Graph Construction and Aggregation

Each WSI was tiled into non-overlapping 500 x 500 patches after background removal.
Retained patches were embedded using UNI2-h foundation model [8], selected for its
strong generalization in graph-based histology analysis [13]. Each WSI was represented
as a patch-level graph, with nodes defined by the extracted features and edges defined
by cosine k-nearest neighbors (k = 5). A four-layer GAT [9] aggregated node features
via global mean pooling to obtain a 1024-dimensional slide representation.

2.3.2. Clinical Feature Extraction

The clinical dataset contained demographic, diagnostic, treatment and pathological var-
iables. Each patient’s record was converted into standardized text and encoded using the
instruction-tuned multilingual-e5-large-instruct model [14]. Using the instruction
“Given a patient’s clinical profile, retrieve key information relevant to survival predic-
tion.”, we obtained 1024-dimensional embeddings for fusion.

2.3.3. Intermediate Fusion and Survival Prediction

Histology and clinical embeddings were fused using multiple intermediate fusion strate-
gies. In concatenation, features were stacked along the feature dimension Xgg0n =
Xhnist|Xciin - For scalar-weighted fusion, a learnable coefficient a €[0, 1] balanced the mo-
dalities as Xry5ion = aXpise + (1 — @)X¢yin - Element-wise attention fusion used a sigmoid
gate to assign per-dimension weights, Xrygion = gXnise + (1 — g) © Xgpin, Where © de-
notes element-wise multiplication. The fused representation was passed to a three-layer
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MLP trained with a negative discrete-time log-likelihood loss [15] to account for cen-
sored data and predict event occurrence within each time interval.

3. Experimental Results

3.1. Experimental Setup

Model performance was evaluated using AUROC, accuracy, and weighted F1-score per
interval and overall. A stratified five-fold cross-validation study was conducted with z-

score-normalized features. Embeddings were projected to 512 dimensions before fusion
and trained with AdamW optimizer (Ir = 10™*, wd= 5 x 10~°) for 600 epochs.
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Figure 2. Overview of the proposed multimodal discrete-time survival framework: UNI2-h patch embeddings
are aggregated by a frozen 4-layer GAT, clinical variables are encoded with a sentence transformer, and the
two modality features are fused before a 3-layer MLP predicts event occurrence in [0, 1) year and [1, 5] years.

3.2. Multimodal Survival Performance

Results are summarized in Table 2. The clinical-only model was stronger than histology-
only overall (AUROC = 0.778 vs. 0.669) and in Interval 2 (AUROC = 0.772 vs. 0.617),
indicating that clinical variables better capture long-term outcomes. Conversely, histol-
ogy was more informative for early survival, reaching higher Interval 1 F1 and accuracy
(F1 =0.772, Acc = 0.752) than clinical-only. At the overall level and in Interval 1, all
multimodal fusion strategies outperformed unimodal baselines. Among them, concate-
nation consistently achieved the highest performance across all metrics and intervals
(AUROC = 0.818), confirming its robustness. Scalar-weighted fusion matched its short-
term accuracy (Acc = 0.784), while element-wise attention fusion reached comparable
overall performance (AUROC = 0.798) with more balanced results across intervals. In
Interval 2, the clinical-only model remained competitive, indicating that adaptive fusion
may be less effective for long-term prediction. Performance was generally lower in this
interval due to the higher proportion of censored patients. The interval-based formulation
also enhances interpretability by distinguishing early from late mortality risks.
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Table 2. Mean metrics across 5-fold cross-validation for discrete-time survival prediction at overall and inter-

val levels.
Overall Interval 1 Interval 2
Modality

AUROC F1 Acc AUROC F1 Acc AUROC F1 Acc
Histology Only 0.669 0.691 0.682 0.721 0.772 0.752 0.617 0.610  0.611
Clinical Only 0.778 0.717 0.705 0.783 0.712 0.680 0.772 0.722 0.731
Element-wise Attention Fusion 0.798 0.742 0.736 0.816 0.773 0.755 0.781 0.711 0.718
Scalar-weighted Fusion 0.793 0.749 0.744 0.826  0.798 0.784 0.761 0.700  0.703
Concatenation Fusion 0.818 0.777 0.771 0.848  0.805 0.784 0.788 0.749  0.759

4. Conclusion and Directions

This work shows the promise of multimodal learning for survival prediction in oncology,
where histology and clinical features offer complementary prognostic value. By model-
ing survival in discrete-time, our framework enables interpretable risk stratification that
distinguishes early from long-term outcomes in HCC. Future extensions integrating pa-
thology reports or genomic data could further enhance performance and interpretability.
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