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Interpretable Multimodal Fusion Model for Bridged
Histology and Genomics Survival Prediction in Pan-Cancer

Feng Gao, Junxiang Ding, Baowen Gai, Du Cai, Chuling Hu, Feng-Ao Wang, Ruikun He,
Junwei Liu,* Yixue Li,* and Xiao-Jian Wu*

Understanding the prognosis of cancer patients is crucial for enabling precise
diagnosis and treatment by clinical practitioners. Multimodal fusion models
based on artificial intelligence (AI) offer a comprehensive depiction of the
tumor heterogeneity landscape, facilitating more accurate predictions of
cancer patient prognosis. However, in the real-world, the lack of complete
multimodal data from patients often hinders the practical clinical utility of
such models. To address this limitation, an interpretable bridged multimodal
fusion model is developed that combines histopathology, genomics, and
transcriptomics. This model assists clinical practitioners in achieving more
precise prognosis predictions, particularly when patients lack corresponding
molecular features. The predictive capabilities of the model are validated
across 12 cancer types, achieving optimal performance in both complete and
missing modalities. The work highlights the promise of developing a clinically
applicable medical multimodal fusion model. This not only aids in reducing
the healthcare burden on cancer patients but also provides improved
assistance for clinical practitioners in precise diagnosis and treatment.

1. Introduction

Cancer, due to its complex pathogenic mechanisms and a
high degree of heterogeneity, often leads to low treatment
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response rates and unpredictable patient
outcomes.[1] The rapid development of arti-
ficial intelligence (AI) technology has driven
its deep application in cancer research and
oncology, including cancer detection and
diagnosis, subtype classification, and the
identification of new therapeutic targets.[2,3]

Given the success of AI in visual tasks, their
applications in cancer mostly focus on us-
ing images to characterize cancers, such as
automatically and accurately detecting dif-
ferent cancer phenotypes from pathological
or radiological images. Utilizing deep learn-
ing methods to analyze pathological whole-
slide images (WSIs) helps doctors capture
tumor microenvironment information that
is beyond the reach of the human eye, sig-
nificantly improving the accuracy of can-
cer diagnosis and prognosis prediction.[4–6]

Due to the substantial size and ultra-high
resolution of whole slide images (WSIs)
in pathology, deep learning techniques

often necessitate segmenting these WSIs into smaller patches
to enable efficient high-performance computing. For exam-
ple, Deep Sets proposes the use of sum pooling to aggre-
gate patch-level features into slide-level features. Attention MIL
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builds on Deep Sets by replacing sum pooling with global at-
tention pooling.[7] DeepAttnMISL introduces K-Means cluster-
ing for instance-level features before applying global attention
pooling.[8] Despite these advances, such methods often fall short
of fully leveraging patch-level features to accurately represent
slide-level features, particularly in capturing the spatial informa-
tion and interactions between patches within the entire view.
In a broader context, cancer prognosis is not solely determined

by histopathology, which often requires the integration of diverse
modalities such as clinical information, genomics, and transcrip-
tomics for a comprehensive assessment. Existing research sug-
gests that AI-basedmultimodal fusionmodels can effectively cap-
ture multifaceted tumor information, leading to more accurate
predictions of patient prognosis.[9,10] However, one major obsta-
cle faced when integrating and fusingmulti-modal data is the dis-
tinct feature spaces of different modalities which hinder the dis-
covery of cross-modal correspondence. More importantly, in the
real-world, patients often lack the appropriate genetic sequencing
information. Despite the impressive performance of multimodal
fusion models, they may not have practical clinical applications
due to the absence of complete molecular data in real-world pa-
tient scenarios.
In this study, we developed a bridgedmultimodal fusionmodel

(Brim) to integrate theWSIs features and genomicmolecular fea-
tures for predicting the prognostic outcomes of pan-cancer pa-
tients. A Transformer-based MIL method was used to learn the
spatial distribution and interactions between patches, incorporat-
ing more comprehensive tumor microenvironment information
into the model. Meanwhile, a bridge network was designed to
learn the associations between paired WSIs and genomic molec-
ular features, especially for predicting missing molecular infor-
mation using only WSIs. We also performed model interpreta-
tion analyses to identify the critical image andmolecular features
that related to cancer prognosis in pan-cancers. Furthermore, a
validation analysis was performed with an in-house Colorectal
Cancer (CRC) cohort with multimodal datasets from the ICGC-
ARGO project, which provided additional support for the results.
Our results demonstrated that the Brim model not only inte-
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grated genomic molecular features and WSIs for prognosis pre-
diction but also enabled aWSIs-only prognosis prediction, which
allows a more precise low-financial burden prognosis prediction
in clinical utilization and enables individualized clinical decision-
making.

2. Results

2.1. A Bridged Multimodal Fusion Model for Prognostic
Prediction

To develop clinically applicable multimodal fusion biomarkers,
we propose a bridged multimodal fusion model. This model pre-
dicts and interprets cancer survival risk by integrating whole
slide images (WSIs) with multi-omics features, including mu-
tation status, copy number variation, and RNA-seq gene expres-
sion. Additionally, it reduces clinical application costs by generat-
ing pseudo-omics embeddings. Figure 1A shows the architecture
of Brim. The Brim model consists of four major components:
WSI pre-processing, pathological image profile module, molec-
ular profile module, and bridge network. We first segmented all
WSIs using default parameters through the public CLAM repos-
itory to extract all image patches, after which we acquired a 1024-
dimensional feature embedding from each image patch by a pre-
trained ResNet50 model.[11] To comprehensively learn the spa-
tial heterogeneity of the tumor microenvironment in patholog-
ical images, we applied a transformer-based multiple-instance
learning method[12] for integrating the patch- and spatial-level
information of WSIs. For the high-dimensional molecular data,
we learned omics features by Self-Normalizing Networks (SNN)
to resist overfitting.[13] Additionally, we proposed a bidirectional
bridged network that links histology and omics features[14] to
guarantee the appropriate alignment of feature spaces across dif-
ferent modalities by mapping the paired features into a closely
related semantic space. Finally, the fused embeddings were used
to predict the survival prognosis of pan-cancer patients. We also
applied the self-attention visualization and Integrated Gradient
(IG) attribution analyses to uncover both WSIs and genomic
molecular features that are mostly related to cancer prognosis
(Figure 1B). The normalized self-attention scores of the WSI
patches to the predicted risk scores were used to highlight the im-
portant image regions that related to patient prognosis. Besides,
the calculated absolute integrated gradient scores of all genomic
molecular features were used to identify the critical features in
prognosis prediction of pan-cancer patients.[15]

For model training and performance evaluation, we collected
H&E diagnostic WSIs, genomic molecular sequencing data, and
clinical information from the TCGA database,[16] comprising
5271 pan-cancer patients across 12 cancer types. Additionally,
we also involved an in-house cohort of colorectal cancer patients
named COCC (Clinical Genomic Study of Colorectal Cancer
in China) from the ICGC-ARGO project (https://www.icgcargo.
org/), encompassing 445 colorectal cancer patients with complete
WSI, molecular sequencing data, and 5-year clinical follow-up
information (Figure 1C). For patients with multiple WSIs, one
WSI was randomly selected as input. All genomic and transcrip-
tomic data were filtered to remove missing features. To ensure
a fair comparison between Brim and other models, we utilized
five-fold cross-validation and identical hyperparameters to train
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Figure 1. Study Design. A) Overview of the Brim framework. B) Model Interpretability and Visualization. C) Study Cohorts.

and assess the models’ performance. In each training iteration,
patient cases from each cohort were randomly divided into non-
overlapping training sets (80%) and validation sets (20%).

2.2. Evaluation of Model Performance in Multimodal Data

We initially assessed the performance of Brim in predicting can-
cer patient prognosis using a five-fold cross-validation on the
TCGA dataset, utilizing multi-modal data as input. We com-
pared the performance advantage of the multimodal model with
three models trained solely on single-modal data. Among them,

the Transformer-based Correlated Multiple Instance Learning
(TransMIL) model[12] and the Attention-based Deep Multiple In-
stance Learning (AMIL) model[7] were trained exclusively using
WSIs, while the Self-Normalizing Network (SNN) model[13] was
trained solely based on genomic molecular data. To gauge the
prognostic performance of each model, we employed the aver-
age concordance index (C-index) from cross-validation to mea-
sure the accuracy of each model.
Compared to all single-modal models, Brim demonstrated the

highest overall average C-index across all 12 cancer types at 0.682.
In contrast, the average C-index of TransMIL, AMIL, and SNN
was 0.621, 0.620, and 0.650, respectively. Although TransMIL
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achieved a slightly higher C-index than Brim in LUSC (Trans-
MILC-index 0.596, BrimC-index 0.595), Brim exhibited the high-
est C-index performance in all other cancers. Specifically, Brim
achieved a C-index of 0.677 (95% confidence interval (CI) 0.604
to 0.749) in BRCA and 0.720 (95% CI 0.681 to 0.759) in COAD-
READ,which established an average improvement of≈10% com-
pared to the other unimodal models. Additionally, Brim achieved
the highest C-index of 0.838 (95% CI 0.819 to 0.858) in TCGA-
LGG, an improvement of ≈17% compared to TransMIL (Table
1).
We further employed Kaplan–Meier survival curves to visu-

ally represent the stratification quality of models’ predictions for
high-risk and low-risk patients. Log-rank tests were conducted
to examine the statistical differences between the high and low-
risk groups. Overall, Brim achieved statistically significant risk
stratification across all 12 cancer types, demonstrating its high
reliability in prognosis prediction (Figure 2). In contrast, AMIL
could significantly stratify high- and low-risk patients in only 6
out of the 12 cancers, while TransMIL could do so in only three
cancers (Figures S1 and S2, Supporting Information). Compared
to SNN models relying exclusively on genomic molecular data,
Brim demonstrated statistically significant improvements in the
majority of cancers (10 out of 12), with slightly lower significance
observed in LUSC and LUAD cancers (Figure S3, Supporting
Information). These findings suggest that Brim’s integration of
multiple modalities offers a promising approach to enhancing
the accuracy of cancer prognosis predictions over single-modal
models.

2.3. Evaluation of the Model Framework in Cancer
Representation Learning

After demonstrating the superior performance of Brim com-
pared to state-of-the-art single-modal models, we conducted a
comparative analysis with an established multimodal fusion
model (MMF).[17] The overall average C-index of MMF across the
12 cancers was 0.670, lower than Brim’s 0.682 (Table 1). More-
over, the performance of Brim surpassed that of MMF in all in-
dividual cancers (Figure 2). Additionally, Brim successfully strat-
ified high-risk and low-risk patients in LUSC, a task that MMF
could not achieve (hazard ratio (HR) 1.27, 95% CI 0.94-1.71, p >
0.05) (Figure S4, Supporting Information). These results further
affirm that Brim can better integrating information from differ-
ent modalities.
To gain a deeper understanding of the bridge module’s con-

tribution to semantic learning in multi-omics data for the prog-
nosis task, we conducted additional experiments that evaluated
the Brim model against both a later concatenated model and a
single-directional model, which inferred pathology-to-molecular
embeddings Our results demonstrated that the Brim model
achieved a higher C-index across all cancer subtypes compared
to the later concatenated model (non-Bridge), and outperformed
the single-directional model in 11 out of 12 cancer subtypes, ex-
cept for TCGA-LUSC (Table S1, Supporting Information). In ad-
dition, to leverage recent advancements in large visual models
(LVMs) for pathology analysis, we incorporated whole-slide im-
age (WSI) embeddings learned from foundational models such
as UNI[18] as pathology encoders. We compared the Brim model Ta
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Figure 2. Performance comparison of Brim and baseline methods in prognosis prediction. A) Kaplan–Meier analysis of patients stratified into low- and
high-risk groups based on the median predicted risk scores of the Brimmodel across all 12 cancer types, statistical significances were assessed using the
log-rank test (p < 0.05). B) Comparisons of the C-indexes of SNN, AMIL, TransMIL, MMF, and Brim models in each cancer type, the bar plots represent
the mean values of five-fold cross-validation, the black dashed bars represent multimodal fusion models and the rest represent unimodal models.*

Represents significance of Kaplan–Meier analysis.

Adv. Sci. 2025, 12, 2407060 2407060 (5 of 12) © 2025 The Author(s). Advanced Science published by Wiley-VCH GmbH

http://www.advancedsciencenews.com
http://www.advancedscience.com


www.advancedsciencenews.com www.advancedscience.com

with two slide-level encoders based onUNI, one utilizing average
pooling and the other employing Attention-based Deep Multiple
Instance Learning (ABMIL) for information fusion. The com-
parison of C-index scores across different models revealed that
the Brim model outperformed the others in 7 out of 12 cancer
subtypes, while the UNI-ABMIL model led in 2 subtypes, and
the UNI-AVG model led in three subtypes (Table S2, Support-
ing Information). In conclusion, these findings demonstrate that
the bridge framework within Brim effectively aligns multi-omics
data and enhances the representation of learning for cancer prog-
nosis.

2.4. Evaluation of Model Performance with Only WSIs

While Brim exhibits excellent performance in predicting the
prognosis of pan-cancer patients using multimodal data, the
practical application of using multimodal data as input in a clin-
ical setting is severely hindered due to the challenges of obtain-
ing paired genomic sequencing data from patients in the real-
world. To address that, the Brim model was designed to leverage
WSIs to simulate pseudo-genomic molecular features, enabling
high-dimensional multimodal fusion for prognosis prediction
when only WSIs are available (Figure S5, Supporting Informa-
tion). This approach significantly enhances the model’s practi-
cal applicability. To assess the semantic alignment of inferred
WSI embeddings with their corresponding molecular profiles,
we evaluated the mutual information (MI) score and Jaccard in-
dex between k-nearest neighbor (k-NN) graphs of the inferred
WSI embeddings from Brim and TransMIL, and the paired in-
ferred molecular embeddings of Brim. Our results showed that
theWSI embeddings inferred by the Brimmodel achieved higher
MI scores and Jaccard indices across cancer subtypes (Figure S6,
Supporting Information), highlighting the improved semantic
alignment and cross-modality learning of the Brim model.
Additionally, we compared the performance of Brim and

TransMIL in predicting prognosis using only WSIs. Brim
achieved the highest overall average C-index (0.630) across all
12 cancer types, surpassing the average C-index of TransMIL
(0.621). Specifically, except for BLCA and LUSC, Brim outper-
formed TransMIL in all cancers. Notably, Brim’s average C-index
in BRCA and KIRC was 0.631 (95% CI 0.587-0.676) and 0.654
(95%CI 0.606-0.703), respectively, surpassing TransMIL by 1.5%.
In UCEC, Brim achieved the highest C-index of 0.683 (95% CI
0.643–0.724) (Table 2). These results confirm the practical value
of the Brim model in specific clinical scenarios.

2.5. Model Interpretability Analysis

To enhance the clinical plausibility of our model and ensure a
robust biological basis, we employed interpretable approaches
such as attention and integrated gradient (IG) attribution anal-
yses to characterize the contributions of WSI patches and ge-
nomic molecular features across TransMIL, AMIL, MMF, and
Brim models in pan-cancer prognosis prediction. For WSI plots,
we calculated attention scores for each WSI and generated high-
resolution attention heatmaps to highlight the critical regions
that mostly contributed to the prognostic prediction. Our anal-
ysis revealed that Brim exhibited a greater focus on tumor cell Ta
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regions in KIRC and STAD but not with the TransMIL, AMIL,
and MMF, suggesting Brim can capture more relevant biologi-
cal information in pathological images (Figure 3A). To investi-
gate the impact of different genomic molecular features in prog-
nostic prediction, we then assessed their contributions to the
predicted risk scores by calculating their IG values. Specifically,
we selected the top ten genes with the highest IG values in
copy number variation (CNV), mutation, and gene expression
datasets to uncover the biological relationships in model prog-
nosis prediction (Figure 3B). To further support our conclusions,
we conducted a comprehensive search of these genomic molec-
ular features in NCBI and other databases and examined their
independent relationship with disease prognosis using univari-
ate Cox regression analysis (Table S3, Supporting Information).
In KIRC, the IG analysis has revealed two genes with known
roles in patient survival outcomes and thirteen genes with sig-
nificant prognostic contributions.[19,20] Similarly, in STAD, one
gene with known relevant roles and seven genes with signif-
icant prognostic contributions were identified.[21] We then ex-
tended these analyses to other cancers and confirmed that Brim
can robustly focus more on tumor regions in WSIs and uncov-
ered genomic molecular features that are highly associated with
patient prognosis (Figures S7, S8, S9, S10 and S11, Supporting
Information).

2.6. Validation of Model Performance in COCC

To further validate the reliability of our model and results,
we conducted an independent validation analysis using an in-
house CRC cohort (COCC) (Table S4, Supporting Information).
Through this validation cohort, we demonstrated that Brim ac-
curately stratifies high-risk and low-risk patients in the COCC
cohort when provided with multimodal data (HR 2.05, 95% CI
1.43–2.94, p < 0.0001) (Figure 4A), outperforming other mod-
els (Figure S12, Supporting Information). Importantly, Brim
achieved the same results when only WSIs were available as in-
put (HR 1.52, 95% CI 1.07–2.16, p < 0.05) (Figure 4B). To ensure
the consistency of our model, we conducted the interpretabil-
ity analysis in the COCC cohort as described before. The atten-
tion heatmap analysis revealed that Brim can exhibit a strong
focus on regions of WSI-containing tumor cells in the COCC
cohort, but not with other models (Figure 4C). We also identi-
fied the critically prognostic genomicmolecular features with our
model in the COCC cohort, within the top ten genomic molecu-
lar features selected by IG values, we found that the CLDN11,
HOXA13, B3GNT6, and SIGIRR genes were reported to be as-
sociated with the progression of colorectal cancer.[22–28] Addition-
ally, we discovered that CLDN11, GOLGA7B, MEDAG, SPART,
MAFK, SPPL3, and SCAND1 were significantly associated with
the prognosis of colorectal cancer by univariate Cox regression
analysis (Figure 4D). The validation results in our in-house co-
hort were consistent with our previous findings and provided ex-
tra evidence to support the capability of Brim to accurately pre-
dict patient prognosis using both the complete modalities and
WSI-only inputs. Meanwhile, the ability of Brim to achieve con-
sistent results across different ethnic cohorts highlights its versa-
tility and robustness as a robust clinical decision-making tool.

3. Conclusion

The complexity and heterogeneity of cancers often result in un-
predictable clinical outcomes and low treatment response. Accu-
rately prognosis predicting is crucial for making targeted clini-
cal decisions and achieving precise treatment of cancer patients.
However, current cancer staging systems, such as TNM stag-
ing, are still unable to accurately predict the clinical outcomes
of individual patients due to the insufficient account for tumor
heterogeneity.[29] Therefore, new methods that can accurately
predict prognosis by taking into account as much tumor infor-
mation as possible are urgently needed. The prognostic predic-
tion of cancer has been extensively investigated using data from
WSIs, radiomics, and genomics.[30–32] However, relying solely on
a single modality cannot fully characterize the heterogeneity in
tumor tissues, leading to some overlooked information that af-
fects patient prognosis prediction. To overcome that, multiple
multimodal learning models were developed to integrate multi-
ple datasets of tumor tissues with different scales and achieve
higher prognosis prediction performance.[17,33,34] However, the
limited and infeasible paired multimodal datasets in clinical ap-
plications severely hindered the usage of these methods, which
requires a more flexible framework to allow for learning cross-
modality relationships and missing modality predicting.
In this study, we developed a bridgedmultimodal fusionmodel

named Brim. The Brim model comprises a pathological im-
age module, a genomic molecular module, and a bridge net-
work that learns and integrates the associations between WSIs
and genomic molecular features to predict survival outcomes
in pan-cancer patients. The pathological image module utilizes
a Transformer-based multi-instance learning method[12] to in-
tegrate the plaque and spatial-level information of WSIs, while
the genomicmolecular module uses a Self-Normalizing Network
(SNN) [13] for integrating and extracting the CNV, mutation, and
gene expression features in patient tumor tissues. The bridge net-
work was constructed by a bi-directional autoencoder network to
learn cross-modal interactions.[14] The Brim model achieves the
best performance in multimodal pan-cancer prognosis predic-
tion with an average C-index of 0.682, a general improvement of
≈5% compared to the performance of current state-of-the-art uni-
modal models, and outperforms the performance of the estab-
lished multimodal fusion model (MMF).[17] Furthermore, with
the bi-directional bridged network, the Brimmodel enables prog-
nosis prediction with only WSIs, achieved an average C-index of
0.63 across 12 cancers, and outperformed the WSIs-only model.
The Brim model offers an optimized WSI feature extraction

method that fully considers the spatial location and environment
of the pathological tissue to capture higher-level structural infor-
mation (e.g., tumor shape or extent) and characterize the tumor
heterogeneity. Additionally, it offers a flexible framework for in-
tegrating other WSI embedding methods,[18] enabling advanced
pathology learning. We also interpreted the critical genomic
molecular features in the prognosis prediction of all cancer types.
With the independent validation CRC cohort (COCC), we demon-
strated that the Brimmodel can robustly predict the prognosis of
pan-cancer patients with different clinical subgroups and ethnic
cohorts. Besides, we proved that the missing modality prediction
based on learned associations across modalities can extract more
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Figure 3. Model interpretability and visualization of prognosis-related features. A) Represent WSI plots of AMIL, TransMIL, MMF, and Brim models in
the KIRC cohort, high-attention regions in the heatmaps of represent WSI plot correspond to highly contributed morphological features in prognosis
prediction. B) Plots as in (A) within the STAD cohort. C) The calculated IG values of individual genomic molecular features based on the trained Brim
model within the KIRC cohort, * represents the identified genomic molecular features with literature validation, and # represents features with statistical
significance in univariate Cox regression analysis (p < 0.05). D) Plots as in (C) within the STAD cohort.
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Figure 4. Model validation with the in-house COCC Cohort. A) Kaplan–Meier analysis of patients stratified into low- and high-risk groups based on the
predicted risk scores of the Brim model in the COCC cohort with complete multimodal datasets. B) Kaplan–Meier analysis as in (A) with incomplete
multimodal data (missing genomics). C) Represent WSI plots of AMIL, TransMIL, MMF, and Brim models in the COCC cohort, high-attention regions
in the heatmaps of represent WSI plot correspond to high contributed morphological features in prognosis prediction. D) The calculated IG values of
individual genomic molecular features based on the trained Brimmodel within the COCC cohort, * represents the identified genomic molecular features
with literature validation, and # represents features with statistical significance in univariate Cox regression analysis (p < 0.05).
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information with only WSIs and help prognosis prediction with
limited clinical resources.
Although our approach has shown promising results, there are

still several limitations. The black-box nature[35] of the deep learn-
ing methods makes it challenging to provide a precise biologi-
cal rationale for the decision-making process of the Brim model.
Moreover, although we demonstrated the improved Brim’s pre-
dictive accuracy by generating pseudo-genomic features from
WSIs, the underlying biology mechanism represented by these
features remains unclear. Further exploration methods to char-
acterize the regulatory associations between WSIs and genomic
molecular features are required.
In conclusion, we have developed a bridged multimodal fu-

sion model for prognosis prediction of pan-cancer patients. The
Brim model surpasses existing state-of-the-art methods when
complete multimodal modality datasets are available and outper-
forms existing unimodal models for pathology analysis with only
WSIs. This model not only enables clinicians to make more in-
formed decisions but also significantly reduces the cost of clinical
prognosis prediction for cancer patients, which is a more practi-
cal and effective tool in clinical diagnostic decision-making

4. Experimental Section
Study Participants: In this study, the H&E diagnostic WSIs, genomic

molecular features, and clinical information of pan-cancer patients were
collected from the TCGA database. The inclusion criteria involve: 1) pa-
tients with complete 5-year survival follow-up information, 2) patients pos-
sessing complete corresponding gene expression, copy number variation
(CNV), and mutation data, and 3) the selected cancer type should have
at least 250 uncensored survival data cases. In total, 12 cancer types and
5271 patient samples were involved for pan-cancer prognosis model train-
ing and testing, which range from 287–918 patients in individual can-
cers. The TCGA projects COAD and READ were combined into a single
cohort, TCGA-COADREAD. All preprocessed data were acquired via the
UCSC Xena platform (https://xena.ucsc.edu/) at the University of Califor-
nia, Santa Cruz.

An in-house cohort of colorectal cancer patients named COCC (Clini-
cal Genomic Study of Colorectal Cancer in China) from the ICGC-ARGO
project (https://www.icgcargo.org/) was also included. All patient sam-
ples were obtained from the Sixth AffiliatedHospital of Sun Yat-senUniver-
sity, and 445 patient samples with the same inclusion criteria of the TCGA
pan-cancer cohort were selected. Written informed consent was obtained
from all anticipated patients and approved by the ethics committees of the
Sixth Affiliated Hospital of Sun Yat-sen University. A detailed summary of
the clinical and demographic characteristics of patients in each cohort is
presented in Table 3.

Procedures: All WSIs obtained from scanning pathological tissue sec-
tions were stored in SVS format. For patients with multiple WSIs, one WSI
was randomly selected as input. Each WSI was automatically fully seg-
mented using default parameters through the public CLAM[11] repository,
and all 256 × 256 image patches extracted after segmentation were down-
sampled to 40 ×magnification, corresponding to 0.25 um px−1. After that,
A pre-trained ResNet50 model was applied to extract a 1024-dimensional
feature embedding from each image patch. For WSI embedding inference
using a large foundation model, the patch encoder, and the pre-trained
weights of the UNI model (https://github.com/mahmoodlab/UNI) were
employed. The patch embeddings were then inferred following the ap-
proach outlined previously.

To retain genomic molecular information as much as possible, only
genetic features with missing values were filtered. The filtered genetic
datasets were standardized using the sci-kit-learn (version 1.3) package
from Python (version 3.7.7).

Evaluation of Model Performance in Prognosis Prediction: The prognos-
tic accuracy of deep learning models in predicting the overall survival
status of pan-cancer patients was evaluated. The Scikit-learn package
(https://scikit-learn.org) to perform five-fold cross-validation evaluations
for characterizing the model performance in each cohort and applied C-
index as a metric for accessing the performance of model prediction, as
well as the mean and confidence interval of the C-index in cross-validation
evaluations. During the evaluation iteration of individual cancers, 80% of
patient samples were used as the training set, while the remaining 20%
were set as the test dataset for model evaluation.

Evaluation of Semantic Alignment Across Embeddings: The mutual in-
formation between pairs of embeddings was computed using the “ee.mi”
function from the “npeet” library. This metric quantifies the amount of
information one embedding set provides about another. To assess the
similarity between embeddings, the Jaccard Index was employed to com-
pare two graphs derived from the embeddings. K-Nearest Neighbors
(KNN) graphs were constructed using the “build_knn_graph” function,
with k= 50 and “cosine” distance as the similarity metric. A higher Jaccard
Index indicates greater similarity between the graph structures, suggesting
that the embeddings capture similar local relationships.

Statistical Analysis: Bar graphs represent the mean values obtained
through five-fold cross-validation. For categorical variables, Chi-squared
tests were used to evaluate differences between groups. When the ex-
pected frequency was less than five, Fisher’s exact test was applied to
assess group differences. For continuous variables, Student’s t-test was
used to analyze differences between two groups with normal distribution.
For groups with non-normal variance distributions, the Mann-Whitney U
test was employed to determine differences. Kaplan–Meier analysis and
log-rank test were used to assess the statistical significance in stratifying
patients with different clinical risks, and the median cutoff value of con-
tinuous risk scores was selected. Univariate analysis was performed using
the Cox proportional hazards regression model. All analyses were consid-
ered statistically significant if the two-sided P-value was less than 0.05. All
statistical analyses were performed with R (version 4.1.2).

Ethics Statement: The research scheme was approved by the Ethics
Review Committee of the Sixth Affiliated Hospital, Sun Yat-sen University
(2023ZSLYEC-299). Written informed consent was obtained from all par-
ticipants.
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