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Abstract. In precision oncology, multimodal survival analysis is chal-
lenged by overfitting from high-dimensional vision foundation model
(VFM) features and limited cross-modal interaction in unidirectional
fusion. We propose Di-PACT, a multimodal discrete survival frame-
work that integrates whole-slide images with pathway-level transcrip-
tomic representations. Di-PACT combines distance-aware stratified sam-
pling, direct-bottleneck encoding, bidirectional pathway co-attention, and
three-branch residual fusion to reduce VFM redundancy, preserve tu-
mor microenvironment heterogeneity, and jointly model WSI-specific,
pathway-specific, and cross-modal prognostic information. This design
facilitates robust multimodal coordination under modality imbalance
and provides multi-level interpretability cues linking prognostic path-
ways with morphological patterns. A discrete-time survival objective
captures non-linear survival dynamics beyond proportional hazards as-
sumptions. Experiments on three TCGA cohorts and two independent
CPTAC cohorts demonstrate stable prognostic performance and favor-
able zero-shot cross-domain generalization compared with evaluated mul-
timodal baselines. The source code is available at https://github.com/
Cai-Zhiheng/Di-PACT.

Keywords: Multimodal Survival Analysis - Discrete Survival Prediction
- Vision Foundation Models - Bidirectional Co-Attention - Pathway-Level
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1 Introduction

In precision oncology, integrating whole-slide images (WSIs) and genomic data
is essential for disease diagnosis and survival prognosis [1-3]. Vision foundation
models (VFMs, e.g., UNI2 [4, 22]) provide powerful pathological representations,
while recent generative and fine-grained visual learning studies further highlight
the value of semantic visual representation modeling [30,21|. However, their
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high-dimensional features can cause overfitting in limited clinical cohorts. Simple
pooling or random compression may also discard rare but prognostically relevant
tumor microenvironment (TME) phenotypes, such as invasive margins and het-
erogeneous regions. Thus, a key challenge is to reduce VFM redundancy while
retaining TME phenotypic heterogeneity and feature-space diversity, rather than
explicitly reconstructing physical tissue topology.

Existing cross-modal fusion methods also remain limited. Global RNA con-
catenation methods, such as Pathomic Fusion [5], MCAT [6,7], and CMTA
[9], provide limited pathway-level interpretability, while pathway-aware meth-
ods such as PAMT [31] mainly follow a unidirectional paradigm in which genes
query image features. Such one-way interaction may underuse the independent
WHSI context and aggravate modality dominance. In addition, Cox-based sur-
vival models rely on proportional hazards assumptions and may be insufficient
for modeling non-linear survival dynamics [18].

To address these issues, we propose Di-PACT (Discrete Prognosis via Aligned
Co-Topology of Pathways and Tumor Microenvironment), where co-topology
refers to aligned feature-space organization between TME phenotypes and bio-
logical pathways, not explicit two-dimensional tissue adjacency. Di-PACT uses
distance-aware stratified sampling and direct-bottleneck encoding as parameter-
efficient infrastructure for VFM compression. Its core component is a bidi-
rectional pathway co-attention mechanism, coupled with three-branch resid-
ual fusion, to jointly preserve WSI-specific, pathway-specific, and cross-modal
prognostic information. This design mitigates modality dominance and provides
exploratory multi-level interpretability cues linking prognostic pathways with
morphological patterns. Finally, Di-PACT formulates survival prediction as a
discrete-time classification task to capture non-linear survival dynamics beyond
Cox assumptions.

The main contributions are:

1. We introduce a distance-aware sampling and direct-bottleneck strategy that
compresses high-dimensional VFM features while preserving TME pheno-
typic heterogeneity and feature-space diversity.

2. We propose bidirectional pathway co-attention with three-branch residual
fusion as the core mechanism to reduce unidirectional fusion blind spots,
mitigate modality dominance, and provide exploratory pathway-morphology
interpretability cues.

3. We adopt discrete-time survival modeling and evaluate Di-PACT on three
TCGA cohorts and two independent CPTAC cohorts, showing stable prog-
nostic performance and favorable zero-shot cross-domain generalization com-
pared with evaluated multimodal baselines.

2 Methods

2.1 Overall Architecture and Data Preprocessing

As shown in Fig. 1, Di-PACT integrates multimodal features via an end-to-end
workflow, comprising: (a) Heterogeneity-Preserving WSI Encoding; (b)
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Biology-Guided Genomic Encoding; (¢) Bidirectional Residual Syn-
ergy and Fusion; and (d) Discrete Survival Prediction [20].
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Fig. 1. Overall architecture of Di-PACT, illustrating the end-to-end prognostic work-
flow from feature-space heterogeneity-aware WSI sampling and biological pathway
mapping of genomics to cross-modal bidirectional synergy and residual fusion.

During preprocessing, UNI2 extracts 1,536-dimensional WSI features [4], and
RNA-seq profiles are mapped to pathways [16,27]. To prevent overfitting [29],
Pathway-level Masking randomly masks 10% ~ 50% of pathway signals (p =
0.4) during training to enforce generalizable global feature learning.

2.2 Heterogeneity-Preserving WSI Encoding

To alleviate VFM-induced overfitting while retaining tumor microenvironment
(TME) phenotypic heterogeneity and feature-space diversity [10], we design a
dual-compression mechanism. Distance-aware Stratified Sampling first clus-
ters UNI2 patch features via K-Means (K = 40), selecting the 15 closest and 5
furthest patches per cluster to distill each WSI into X, € RV*1536 (N = 800).
This center—margin sampling preserves representative phenotypes and rare po-
tentially prognostic patterns in the latent feature space, rather than explicitly
reconstructing two-dimensional tissue adjacency. The choice of K = 40 and the
15/5 sampling ratio was determined from early validation experiments to bal-
ance heterogeneity coverage and computational efficiency. Direct-Bottleneck
Encoding then linearly compresses X,,; into Hy,s; € RN* (d = 128). Finally,
a Positional Encoding Generator (PPEG) and a TransMIL module [28, 25] model
global contextual dependencies among sampled tokens:

H,., = TransMIL(H,,; + PPEG(H,,;)) € RV*4. (1)

The representation f,,s; € R? is aggregated via attention pooling [23, 13].
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2.3 Biology-Guided Genomic Encoding

Instead of flattening raw RNA profiles, a biology-guided sparse linear layer based
on KEGG priors [16] decouples gene expressions into P independent pathway
tokens. Given a binarized pathway-gene mask matrix M € {0,1}7*M (where
P is the total number of pathways and M is the number of genes), the k-th
decoupled pathway token py is calculated as:

Pr = (xrnaQMk)Wk vk € {17237P} (2)

A Self-Normalizing Neural Network (SNN) [19,11] further processes these con-
catenated tokens to generate the pathway sequence matrix H,,, € R”*? and
molecular representation f,,, € R?, effectively embedding clinical priors into the
latent space.

2.4 Bidirectional Residual Synergy and Fusion

This module performs reciprocal pathway—morphology decoding [6, 14]. Bidi-
rectional Pathway Co-Attention: The “Pathway-to-WSI” branch uses path-
way tokens to query WSI sequences and highlight pathway-relevant morpholog-
ical patterns; symmetrically, the “WSI-to-Pathway” branch uses WSI context to
query pathway tokens and identify associated molecular signals:

< (Hrnawa ) (HSEQWkl)T
Vd

(Hseqwq2) (HrnaWkQ)T
Vd

The outputs are normalized, concatenated, and projected into a cross-modal
feature f,.055 € RY.

Three-branch Residual Fusion: To reduce modality collapse [29], the final
representation preserves WSI-specific, RNA-specific, and cross-modal informa-
tion [12]:

A, ., = Softmax ) (HoeqWa1), (3)

A, = Softmax < ) (HynaWo2). (4)

ffinal =a- fwsi + B . frna + v fcross- (5>

The weights («, 3,7) are selected by grid search with step 0.1 on the TCGA
validation set. The optimal setting is « = 0.2, 8 = 0.4, and v = 0.4, assigning
larger weights to genomic and cross-modal features while retaining a non-zero
WSI branch to preserve macroscopic TME heterogeneity. During CPTAC zero-
shot testing, these weights are strictly frozen without using target-cohort data.
This residual design also provides exploratory multi-level interpretability cues
across histological, transcriptomic, and cross-modal levels [24].

2.5 Discrete Survival Prediction

To relax the proportional hazards assumption [18], survival prediction is formu-
lated as a b-interval discrete-time classification task [20]. Interval cut points are
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determined by training-set survival quantiles to balance interval sizes without
using validation or test distributions. For a true interval y and event indicator
¢, the NLL loss is:

Loy =—clog P( =y) — (1 —c)log Y _ P(§

Jjzy

7)- (6)

The final objective integrates a Pairwise Ranking Loss L,qnk [26] and auxiliary
NLL losses for deep supervision:

Liotal = ﬁi??al + ArankLrank + Qdecay Z wmﬁzlllﬂ (7)

mée{wsi,rna,cross}

where gecqy decreases during training, and w,, denotes the loss weight for
branch m € {wsi, rna, cross}.

3 Experiments and Results

3.1 Datasets and Implementation Details

We evaluated Di-PACT on three internal cohorts from The Cancer Genome At-
las (TCGA) [15]: TCGA-BLCA (372 patients), TCGA-LUAD (404 patients),
and TCGA-LUSC (446 patients), using patient-level 5-fold cross-validation. To
assess zero-shot cross-domain generalization, we used two independent exter-
nal cohorts from the Clinical Proteomic Tumor Analysis Consortium (CPTAC)
[8]: CPTAC-LUAD (211 patients) and CPTAC-LSCC (208 patients), filtered
by complete WSI/RNA-seq/survival intersections. CPTAC WSIs followed the
TCGA preprocessing pipeline, including tissue masking, 256 x 256 patch extrac-
tion, and UNI2 feature extraction. RNA-seq data were transformed by log,(2+1)
and Z-score normalized using only TCGA training-set statistics to avoid target-
cohort leakage.

Implementation Details: For the histopathological modality, UNI2 fea-
tures with 1,536 dimensions were compressed to a 128D latent space via Direct-
Bottleneck encoding. The genomic branch processed RNA-seq data into KEGG-
based pathway tokens. Survival times were partitioned into 5 non-overlapping
intervals using training-set quantiles. Performance was evaluated by C-Index,
time-dependent AUC, BS, and IBS.

3.2 Comparisons with Advanced Methods

As shown in Tables 1 and 2, Di-PACT achieves favorable performance across
TCGA and CPTAC cohorts with generally smaller standard deviations. In TCGA
internal validation, it improves over PAMT [31] by C-Index margins of 0.009,
0.011, and 0.003 on BLCA, LUAD, and LUSC, respectively, and outperforms
MCAT [6] by up to 11.9%. Although the LUSC gain is modest, paired t-tests over
5-fold cross-validation support its significance over PAMT (p = 0.034 < 0.05).
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These results suggest that bidirectional co-attention helps capture complemen-
tary prognostic information between TME phenotypes and molecular pathways.
In CPTAC zero-shot validation, Di-PACT exceeds PAMT by 0.015 and 0.012
on LUAD and LSCC, indicating favorable cross-domain generalization under
external domain shifts.

Table 1. C-Index comparison on internal TCGA cohorts.

Method Modality BLCA LUAD LUSC

SNN [19] Genomic 0.611+0.035  0.6201+0.036  0.60240.031
Cox-PASNet [11] Genomic 0.6314+0.045  0.601+0.042  0.59640.043
ABMIL [13] WSI-only 0.578+0.042  0.572+0.034  0.56440.037
TransMIL [25] WSI-only 0.611+0.025  0.602£0.031  0.612+0.021
UNI2-Direct [4] WSI-only 0.653+0.056  0.626+0.042  0.61240.047
MCAT [6] Multimodal 0.628+0.036  0.623+0.032  0.61840.023
SurvPath [14] Multimodal 0.624+0.032  0.638+0.041  0.662+0.045
PAMT [31] Multimodal 0.738+0.036  0.721+0.043  0.707£0.023

Di-PACT (Ours) Multimodal 0.747+0.026 0.7324+0.033 0.710+0.015

Table 2. C-Index comparison on external CPTAC cohorts (Zero-shot generalization).

Method TransMIL [25] MCAT [6] PAMT [31] Di-PACT (Ours)
Modality WSI-only Multimodal Multimodal Multimodal
CPTAC-LUAD  0.5374+0.026  0.54240.043 0.62640.037 0.641+£0.031
CPTAC-LSCC 0.559+0.033  0.54840.037 0.620+0.031 0.632+0.022

Table 3. Comparison of time-dependent AUC at 1, 3, and 5-year intervals on TCGA
cohorts.

‘ TCGA-BLCA ‘ TCGA-LUAD ‘ TCGA-LUSC

Method

‘ l-yr  3-yr 5-yr ‘ l-yr  3-yr 5-yr ‘ l-yr  3-yr 5-yr
MCAT [6] 0.778 0.689 0.732|0.698 0.710 0.664 | 0.664 0.697 0.722
SurvPath [14] 0.769 0.768 0.742|0.724 0.785 0.621 | 0.645 0.726 0.745
PAMT [31] 0.832 0.846 0.834 | 0.732 0.867 0.798 | 0.675 0.789 0.714

Di-PACT (Ours) ‘0.866 0.854 0.852|0.802 0.864 0.806|0.720 0.792 0.784
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As shown in Table 3, Di-PACT also obtains competitive or improved 1-, 3-,
and 5-year time-dependent AUCs compared with multimodal baselines, support-
ing stable prognostic performance across survival stages.

Calibration Evaluation. Using the original discrete survival probabilities,
we report Brier Score (BS) and Integrated Brier Score (IBS), where lower values
indicate better calibration. Di-PACT achieved the lowest IBS (0.118) among
evaluated methods, compared with MCAT (0.311), SurvPath (0.223), and PAMT
(0.175), with 1-, 3-, and 5-year BS values of 0.082, 0.125, and 0.158.

Survival Stratification Evaluation. Kaplan-Meier analysis (Fig. 2) [17]
and log-rank tests show that Di-PACT significantly stratifies high- and low-risk
patients across cohorts, supporting its potential for risk stratification. KM curves
visualize survival differences, while log-rank p-values quantify group separation.
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Fig. 2. Kaplan-Meier survival analysis of patients stratified into high-risk and low-risk
groups based on the median predicted risk score. The log-rank test confirms statistically
significant stratification.

3.3 Ablation Study

We conducted removal ablations on TCGA datasets (Table 4) to assess each mod-
ule. Removing distance-aware sampling or Direct-Bottleneck encoding caused
C-Index drops of up to 3.7% and 2.5%, suggesting their roles in preserving TME
phenotypic diversity and reducing VFM-induced overfitting. Removing path-
way masking, bidirectional attention, or discrete NLL loss led to drops of up
to 1.3%, 3.5%, and 4.5%, supporting the benefits of biological priors, reciprocal
cross-modal interaction, and discrete survival modeling [29,20]. The unidirec-
tional attention variant was also inferior to the full model, indicating that bidi-
rectional co-attention reduces one-way fusion blind spots. Removing residual
fusion decreased C-Index by 2.1%-2.9%, showing its contribution to preserving
modality-specific and cross-modal information [12].
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Table 4. Ablation study of Di-PACT on the TCGA datasets evaluated by C-Index.

Z. Cal et al.

Model Variant

TCGA-BLCA TCGA-LUAD TCGA-LUSC

Full Model 0.747 £ 0.026 0.732 £0.033 0.710 £0.015
w/o Dist. Sampling 0.710 £ 0.032 0.712 £ 0.041 0.694 £ 0.012
w/o0 Bottleneck 0.722 £ 0.045 0.718 = 0.044 0.685 £ 0.032
w/o Pathway Mask 0.734 £0.037 0.723 £0.035 0.702 £ 0.024
w/o Bi-Attention 0.712 £ 0.035 0.722 £ 0.041 0.692 £ 0.034
w/ Unidirectional Att.  0.718 +0.044 0.707 £ 0.039 0.694 £ 0.036
w/o Discrete Loss 0.702 £ 0.021 0.721 £ 0.037 0.687 +£0.018
w/0 Res. Fusion 0.718 4+ 0.024 0.706 £ 0.031 0.689 £ 0.022

3.4 Exploratory Multimodal Interpretability
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Fig. 3. Exploratory triple visualization for multimodal interpretability: (a) slide-level
risk attention maps, (b) pathway-guided co-attention, and (c) gene attribution of key
pathways.

Di-PACT provides an exploratory “Triple Visualization” scheme across pathol-
ogy, transcriptomic, and cross-modal levels (Fig. 3) [24]. Slide-level risk heatmaps
highlight risk-contributing regions, gene attribution identifies prognosis-related
pathways and genes, and pathway-guided co-attention links prognostic pathways
with morphological patterns. These views provide multi-level interpretability
cues, with high-attribution pathways such as EMT and apoptosis aligning with
prior biological knowledge and supporting biomarker hypothesis generation.
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4 Conclusion

This study presents Di-PACT, a multimodal discrete survival framework for
pathology—genomic fusion. By integrating distance-aware sampling, bottleneck
encoding, bidirectional co-attention, and residual fusion, Di-PACT reduces VFM
redundancy and enhances pathway—morphology interaction under modality im-
balance. Experiments on TCGA and CPTAC cohorts show stable prognostic per-
formance and favorable zero-shot generalization. Its exploratory “Triple Visu-
alization” scheme provides multi-level cues for risk stratification and biomarker
hypothesis generation.
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