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Introduction

Rectal cancer is one of the leading causes of cancer-related mor-

bidity and mortality worldwide, with incidence rates rising par-
ticularly in individuals under 50. Rectal cancer differs from colon 
cancer in terms of anatomical location, treatment strategies, local 
recurrence risk, and response to therapy, making early and accurate 
risk stratification of rectal precancerous lesions particularly criti-
cal for clinical decision-making. Early detection and intervention 
are critical, as progression from precancerous lesions such as ad-
enomas or dysplastic polyps to invasive carcinoma can occur over 
several years. Despite routine colonoscopy screening, a significant 
proportion of high-risk lesions remain undetected or misclassified, 
highlighting the need for advanced predictive approaches that can 
stratify patients according to malignant potential. Early detection 
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Background and objectives: Predicting the malignant transformation of rectal precancerous lesions remains challenging because 
conventional Whole Slide Images (WSIs) capture morphological information but lack molecular insight. Multiomics data provide 
complementary biological signals that often precede visible morphological changes. This study aimed to develop an artificial 
intelligence (AI)-based multimodal framework integrating WSI and multiomics data for accurate early prediction of malignant 
transformation.

Methods: WSI patches (512×512 px at 20× magnification) and matched multiomics profiles were used for 450 rectal tissue samples 
from the publicly available The Cancer Genome Atlas dataset. A multimodal architecture was designed, employing a Vision Trans-
former (ViT-B/16) for WSI feature extraction and a Variational Autoencoder for multiomics representation learning. Features were 
fused via a cross-attention mechanism to capture inter-modality dependencies. Baseline models, including a convolutional neural 
network-only image model and an omics-only multilayer perceptron, were trained for comparison. Five-fold cross-validation was 
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Results: The multimodal Vision Transformer–Variational Autoencoder fusion model outperformed unimodal baselines, 
achieving an accuracy of 0.892 ± 0.012 and an area under the receiver operating characteristic curve of 0.927 ± 0.009, correspond-
ing to a 7–10% improvement over WSI-only and omics-only models. Cross-attention–based fusion improved prediction stabil-
ity and classification performance, while interpretability analyses (Grad-CAM and SHAP) highlighted biologically meaningful 
histopathological regions and molecular feature contributions.

Conclusions: This study presents a robust and scalable AI-based framework for integrating WSI and multiomics data in rectal 
precancerous lesions. The model improves predictive precision compared with unimodal baselines and offers preliminary 
interpretability insights through attention mechanisms. These findings support the potential of multimodal AI for early cancer 
risk assessment and precision pathology.
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of precancerous lesions in the rectum that are likely to undergo 
malignant transformation is critical for effective cancer prevention 
and personalized treatment strategies.1 Despite advances in his-
topathological evaluation, conventional diagnostic methods rely 
primarily on morphological assessment through Whole Slide Im-
ages (WSIs) and expert interpretation.2 While WSI provides high-
resolution visualization of tissue architecture and cellular atypia,3 
it is limited in capturing underlying molecular alterations that often 
precede visible morphological changes.4 Consequently, patients 
with high-risk precancerous lesions may not be accurately identi-
fied,5 leading to delayed intervention and reduced treatment effica-
cy.6 This gap highlights the urgent need for integrative approaches 
that can combine complementary data sources to improve predic-
tive accuracy and clinical decision-making.7

Recent developments in high-throughput technologies have 
enabled the comprehensive characterization of biological systems 
through multiomics profiling, including genomics, transcriptom-
ics, proteomics, and epigenomics.8 These datasets provide insights 
into the molecular mechanisms driving malignant transformation 
and tumor progression.9 For example, gene expression patterns, 
mutational landscapes, and protein activity profiles can reveal 
early oncogenic events that are not detectable through morphology 
alone.10 Several studies have demonstrated the predictive potential 
of multiomics data in oncology11; however, their integration with 
histopathological imaging remains challenging.12 Most existing 
approaches focus on single-modality analyses, either processing 
images or molecular profiles independently,13 which limits the 
ability to fully exploit complementary information across data 
types. Moreover, variability in feature dimensionality, scale, and 
noise presents additional obstacles for multimodal integration.14

Artificial intelligence (AI) and deep learning have emerged as 
powerful tools for analyzing complex biomedical data, offering 
the ability to learn hierarchical and non-linear relationships across 
heterogeneous inputs.15 Convolutional neural networks have been 
widely applied to WSI for tissue classification and cancer detec-
tion,16 while autoencoder-based architectures and graph neural 
networks have shown promise in representing high-dimensional 
omics data.17 Despite these advances, few studies have proposed 
frameworks capable of jointly processing WSI and multiomics 
data for early prediction of malignant transformation in precancer-
ous lesions.18 Integrating these modalities requires carefully de-
signed fusion strategies that can handle differences in data type, 
dimensionality, and informative content, while preserving inter-
pretability for clinical applicability.19

The potential benefits of a multimodal AI approach extend be-
yond predictive performance.20 By combining WSI and multiom-
ics information, such a framework could provide more compre-
hensive insights into disease progression,21 identify key molecular 
drivers of transformation,22 and highlight tissue regions of interest 
that contribute most to risk assessment.23 Interpretability methods 
such as Grad-CAM for imaging features and SHAP for molecu-
lar features are proposed for future analysis to better understand 
model decision-making. Publicly available datasets, including The 
Cancer Genome Atlas (TCGA) and the Clinical Proteomic Tumor 
Analysis Consortium (CPTAC), provide opportunities for both 
methodological development and future validation of multimodal 
predictive frameworks,24 although currently no dataset fully inte-
grates high-resolution histopathology with matched multiomics 
for precancerous lesion progression.25

In this study, we propose a novel AI-based multimodal frame-
work that integrates WSI and multiomics data to predict the malig-
nant transformation of precancerous lesions. The model employs 

a Vision Transformer (ViT) for extracting high-level histopatho-
logical features from WSI and a Variational Autoencoder (VAE) 
for learning latent representations from multiomics profiles. These 
features are fused through a cross-attention mechanism to capture 
inter-modality dependencies and provide a robust predictive out-
put. By designing the framework with technical detail, interpret-
ability, and computational feasibility in mind, this study aimed to 
establish a foundation for data-driven early detection tools that can 
enhance precision oncology. The primary objective of this study 
was to develop and evaluate a technically detailed, integrative AI 
framework capable of accurately predicting the malignant trans-
formation of precancerous lesions, thereby addressing a critical 
gap in current diagnostic capabilities.

Materials and methods

Study design
This study is a retrospective, publicly database-driven computa-
tional modeling study aimed at developing and evaluating a mul-
timodal AI framework for predicting the malignant transformation 
of precancerous rectal lesions. The primary objective was to inte-
grate morphological features extracted from WSI with molecular 
features from multiomics data—including genomics, transcrip-
tomics, and proteomics—into a unified model capable of learning 
cross-modal relationships and improving predictive performance.

The study was purely computational, and no human or animal 
interventions were conducted; therefore, ethical approval was not 
required. All datasets used were publicly available, de-identified, 
and obtained from TCGA (n = 450 samples) and the CPTAC (n = 
450 samples), including both precancerous and malignant tissues, 
to ensure representative coverage of different dysplasia stages.26

To prevent data leakage, dataset splitting was performed at the 
patient level, ensuring that samples from the same patient were not 
shared across training, validation, or test sets. The dataset was di-
vided into training (70%), validation (15%), and test (15%) subsets 
while maintaining class balance. The proposed framework was de-
signed to jointly process WSI and multiomics data, capturing the 
complementary information from both modalities and ensuring 
robust generalization across unseen samples.27,28

Data collection and preprocessing
WSI were obtained from specific TCGA projects related to colorec-
tal and rectal cancer, including histopathological slides represent-
ing various stages of dysplasia and carcinoma. Corresponding mul-
tiomics data, RNA-seq gene expression, somatic mutation profiles 
(whole exome sequencing), and proteomics measurements,were 
retrieved from TCGA and CPTAC databases. Only samples with 
matched WSI and multiomics data were retained, and incomplete 
profiles were excluded or imputed as described below. All data 
were de-identified and publicly accessible via the Genomic Data 
Commons and CPTAC Data Portal.29

WSI processing
Digital pathology slides were processed using OpenSlide 
(OpenSlide Technologies, Chicago, IL, USA). Tissue regions were 
automatically identified using Otsu thresholding, and non-overlap-
ping patches of 512×512 px were extracted at 20× magnification. 
Color normalization was performed using the Macenko method to 
mitigate staining variability across slides. Patches containing more 
than 80% background were excluded to ensure tissue relevance. 
For each retained patch, low-level handcrafted features, including 
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mean RGB intensities, entropy, contrast, and homogeneity, were 
computed prior to deep feature extraction.

Multiomics processing
RNA-seq count data were normalized using DESeq2 to account 
for sequencing depth variability and dispersion inherent in count-
based transcriptomic data, followed by log2 transformation. Alter-
native normalization strategies, including transcripts per million, 
were evaluated during preliminary experiments; however, DESeq2 
normalization demonstrated more stable performance across cross-
validation folds and was therefore selected. Somatic mutation data 
were encoded as binary gene-level matrices indicating mutation 
presence or absence. Proteomic features were standardized using 
z-score normalization across samples to ensure comparability dur-
ing multimodal integration. Missing values were imputed using a 
k-nearest neighbors approach (k = 5). Batch effects across cohorts 
were corrected using the ComBat algorithm. Prior to multimodal 
fusion, low-variance features were removed, and principal compo-
nent analysis (PCA) was applied to mutation and proteomic data-
sets to reduce noise and computational complexity while preserv-
ing informative variance.

Sample selection
Precancerous samples were identified based on TCGA and CPTAC 
pathological annotations corresponding to adenomatous, dysplas-
tic, or non-invasive neoplastic rectal tissues, while malignant 
samples corresponded to invasive rectal adenocarcinoma. Where 
available, dysplasia grading information (low-grade vs. high-grade 
dysplasia) was retained to ensure representative coverage of early 
and advanced precancerous stages. Although detailed dysplasia 
stratification was not uniformly available for all cases, the final 
cohort encompassed heterogeneous precancerous phenotypes, en-
abling the model to learn a continuum of malignant transformation 
risk rather than discrete pathological categories. This approach 
aligned with the clinical objective of early risk prediction rather 
than precise histological staging. After preprocessing and quality 
control, a total of 450 paired WSI–multiomics samples were re-
tained, including 230 precancerous and 220 malignant tissues. All 
retained samples had complete multiomics profiles and sufficient 
tissue coverage in WSI patches.

Model architecture
The proposed multimodal framework consisted of two parallel en-
coders for WSI and multiomics data and a cross-attention fusion 
module.

Histopathology encoder (ViT-B/16)
The ViT-B/16 model (Google Research) was pretrained on Ima-
geNet-21k and fine-tuned on the rectal histopathology dataset. 
WSI patches of 512×512 px were input to the model. To obtain 
slide-level representations, patch embeddings were aggregated us-
ing attention-based pooling, capturing both local and global tis-
sue features. Domain adaptation was performed by fine-tuning the 
model on histopathology patches while freezing the initial layers to 
preserve pretrained features. Each slide was ultimately represented 
as a 768-dimensional embedding. To integrate histopathological 
and molecular representations, a cross-attention–based fusion 
module was employed. WSI embeddings and multiomics latent 
vectors were first projected into a shared 128-dimensional latent 
space. A single cross-attention layer with four attention heads was 
applied, where WSI embeddings served as queries and multiom-
ics embeddings as keys and values. Attention was computed in a 

unidirectional manner from WSI to multiomics features and opti-
mized jointly during training, allowing the model to dynamically 
attend to molecular signals conditioned on tissue morphology. The 
output was aggregated via mean pooling and passed to a classifica-
tion head consisting of two fully connected layers with 128 and 
64 neurons, each followed by ReLU activation and dropout (rate 
= 0.3). A final sigmoid unit produced the probability of malignant 
transformation.

Multiomics encoder (VAE)
A VAE was implemented in TensorFlow 2.12 to learn latent rep-
resentations from concatenated transcriptomic, mutational, and 
proteomic features. The encoder consisted of three fully connected 
layers (512, 256, 128 neurons) with ReLU activation, producing 
a 64-dimensional latent space. The decoder reconstructed the in-
put omics features to minimize the reconstruction loss, while the 
KL divergence ensured a smooth latent distribution. The VAE was 
jointly trained with the classification head to optimize both latent 
representation quality and predictive performance.

Fusion module (cross-attention)
To integrate histopathological and molecular representations, a 
cross-attention–based fusion module was employed. The 768-di-
mensional WSI embeddings and 64-dimensional multiomics la-
tent vectors were first projected into a shared latent space of 128 
dimensions using learnable linear transformation layers to ensure 
dimensional compatibility. Two stacked cross-attention layers 
with four attention heads were then applied, where WSI embed-
dings served as queries and multiomics embeddings as keys and 
values, enabling the model to attend to molecular features condi-
tioned on spatial tissue representations. Each cross-attention layer 
was followed by layer normalization and residual connections to 
stabilize training. The output of the fusion module was aggregated 
via mean pooling and passed to a classification head consisting 
of two fully connected layers with 128 and 64 neurons, respec-
tively, each followed by ReLU activation and dropout (rate = 0.3). 
A final sigmoid output unit produced the probability of malignant 
transformation.

Model training and validation
The dataset was split at the patient level to avoid data leakage, with 
70% of patients allocated to the training set, 15% to validation, and 
15% to the independent test set, while maintaining class balance 
across precancerous and malignant samples. All experiments were 
conducted on NVIDIA RTX A6000 GPUs.

The model was trained using the Adam optimizer (β1 = 0.9, β2 = 
0.999, weight decay = 0.01) with an initial learning rate of 1×10−4 
and a batch size of 32. A learning rate scheduler reduced the learn-
ing rate by a factor of 0.5 if the validation loss did not improve 
over 5 epochs. The maximum number of epochs was set to 100, 
and early stopping was applied after 10 consecutive epochs with-
out validation loss improvement.

Data augmentation was applied to WSI patches, including ran-
dom rotations (±15°), horizontal and vertical flipping (probability 
= 0.5), and color jittering (brightness, contrast, saturation adjust-
ments ±0.2). Dropout (rate = 0.3) and batch normalization were 
applied in fully connected layers to improve generalization. For 
multiomics data, random feature masking (10%) during training 
enhanced robustness to missing molecular information.

When training the VAE jointly with the classifier, the total 
loss was computed as a weighted sum of the reconstruction loss, 
KL divergence, and binary cross-entropy classification loss, with 
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weights empirically set to balance latent representation quality and 
predictive performance.

All results were averaged over five independent runs using dif-
ferent random seeds to ensure reproducibility and statistical stabil-
ity.

Evaluation metrics
Model performance was assessed using standard classification 
metrics, including accuracy, precision, recall, F1-score, and area 
under the receiver operating characteristic curve (AUC-ROC). For 
each metric, the mean ± standard deviation was reported across 
five independent runs with different random seeds to ensure re-
producibility.

Both macro- and micro-averaged AUC values were computed 
to account for potential class imbalance. Calibration curves were 
generated using Platt scaling, and confusion matrices were con-
structed to evaluate misclassification tendencies and model reli-
ability.

All analyses and visualizations were performed using Python 
3.11 with scikit-learn, Matplotlib, and Seaborn libraries.

Statistical analysis
All statistical analyses were performed using Python 3.11 and R 
4.2. Performance metrics were compared between models using 
paired Student’s t-tests, with significance defined as P < 0.05. For 
multiple comparisons across metrics, Bonferroni correction was 
applied to control for type I error where appropriate. The correla-
tion between omics-derived risk scores and histopathology-based 
predictions was evaluated using two-tailed Spearman’s rank corre-
lation coefficient with 95% confidence intervals. All analyses were 
conducted at the sample level, averaged across five independent 
runs with fixed random seeds to ensure reproducibility. Model ex-
plainability outputs were visualized using Matplotlib (v3.7) and 
Seaborn (v0.12) libraries, and statistical computations were per-
formed with SciPy and R stats packages.

Results

Dataset overview
The dataset comprised 450 paired WSI–multiomics samples, in-
cluding 230 precancerous and 220 malignant tissues. After quality 
control, 96.8% of WSI patches and 93.5% of multiomics features 
(RNA-seq, mutation, proteomics) were retained.30 The distribution 
of samples, retained features, and raw counts for each omics layer, 
is summarized in Table 1. Table 2 presents the comparative perfor-
mance of the multimodal ViT+VAE fusion model versus unimodal 
baselines (WSI-only and omics-only). The fusion model outper-
formed the baselines across all metrics, achieving an accuracy of 
0.892 ± 0.012 and an AUC of 0.927 ± 0.009. The clinical charac-
teristics of patients with rectal lesions are summarized in Table 3, 
including patient age, gender, year of diagnosis, tumor stage, and 
treatments received. Table 4 presents the pathology characteristics 
of these rectal lesions, including tumor cell percentage, tumor size, 
and vascular invasion status.

The distribution of tumor and normal samples, along with por-
tions, aliquots, and analytes, is summarized in Table 5. This over-
view provides insight into the biospecimen preparation for multi-
omics and histopathological analyses of rectal lesions. An ablation 
study was conducted to assess the contribution of each model com-
ponent, as shown in Table 6. Removing the cross-attention module 
or replacing encoders resulted in decreased test AUC, highlighting 
the importance of each architectural element.

The ViT outperformed ResNet-50 due to its ability to capture 
long-range spatial dependencies and global contextual features in 
WSI, which were critical for identifying subtle histopathological 
patterns in rectal lesions. Although borderline dysplasia cases were 
included in the dataset, their sample size was limited. Future work 
will specifically analyze model performance on these clinically 
challenging cases.

WSI preprocessing and feature extraction
WSIs from 450 paired WSI–multiomics samples were first load-

Table 1.  Dataset summary

Description Value

Total paired samples (Whole Slide Image (WSI) + multiomics) 450

Precancerous rectal lesions 230

Malignant rectal lesions 220

WSI patches retained after Quality Control (QC) (%) 96.8%

Omics features retained after Quality Control (%) 93.5%

Gene expression features (raw) 18,562

Proteomic measurements (raw) 7,914

Mutation matrix features 12,430

Table 2.  Model comparison

Model Modality Accuracy Area under the 
curve (AUC) F1

Multimodal Vision Transformer (ViT) + Variational 
Autoencoder (Variational Autoencoder (VAE)) (Fusion)

Whole Slide Image 
(WSI) + Omics

0.892 ± 0.012 0.927 ± 0.009 0.894 ± 0.010

ViT Only WSI 0.781 ± 0.018 0.859 ± 0.015 0.784 ± 0.017

Omics Only (VAE + Classifier) Omics 0.764 ± 0.020 0.842 ± 0.013 0.772 ± 0.018
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ed and downsampled to generate 2,048×2,048 px thumbnails for 
visualization. Tissue regions were identified by applying Otsu 
thresholding to the grayscale thumbnails, producing binary tis-
sue masks that delineated areas containing tissue versus back-
ground. These masks were subsequently used to guide patch ex-
traction for downstream analysis. Patches of 512×512 px were 
extracted at 20× magnification to preserve sufficient tissue detail 
for ViT feature extraction while maintaining computational effi-
ciency. Figure 1 provides an overview of the WSI preprocessing 
and patch extraction workflow. From each WSI, 300 representa-
tive 512×512 px patches were randomly sampled based on the 

tissue masks, while low-quality or mostly white patches were 
excluded.

For each patch extracted from precancerous and malignant 
rectal lesions, six features were computed, including mean RGB 
intensities, entropy, contrast, and homogeneity. The figure illus-
trates three rows corresponding to these preprocessing and feature 
extraction steps. The first row displays thumbnails of three repre-
sentative WSIs of rectal cancer, showing the overall tissue mor-
phology of each slide. The second row presents the corresponding 
binary tissue masks generated via Otsu thresholding, highlighting 
tissue regions used for patch extraction. The third row illustrates 
representative grids of 5×5 extracted 512×512 px patches for each 
WSI, demonstrating the diversity of tissue morphology captured 
across rectal cancer lesions.

Multiomics data summary
Corresponding multiomics features were summarized using z-
scores and latent embeddings prior to fusion modeling. These 
extracted patch features were subsequently used for heatmap gen-
eration, multimodal fusion modeling, and statistical analyses. For 
clarity and consistency, detailed interpretability analyses (Grad-
CAM and SHAP) are discussed in the Discussion section; here, 
only a brief mention is included. Figure 2 presents three rows of 
images for three representative WSIs of precancerous and malig-
nant rectal lesions. The first row shows thumbnails of the WSIs, 
highlighting the overall tissue morphology. The second row dis-
plays the corresponding binary tissue masks generated using Otsu 
thresholding to indicate tissue regions for patch extraction. The 
third row illustrates representative 5×5 grids of extracted 512×512 
px patches from rectal lesions, demonstrating the diversity of tis-
sue morphology captured in the dataset. Multiomics feature dis-
tributions for the same samples are summarized in accompanying 
histograms (not shown) to maintain figure clarity.

Patch-level heterogeneity visualization
To assess the heterogeneity of tissue morphology in precancerous 
and malignant rectal lesions at the patch level, 512×512 px fea-

Table 3.  Clinical characteristics of patients with rectal lesions

cases.submitter_id year_of_diagnosis tumor_stage treatment_type age gender

TCGA-AF-2692 2008 II Radiation Therapy, Pharmaceutical Therapy 62 Male

TCGA-AF-3911 2009 III Pharmaceutical Therapy, Radiation, External Beam 57 Female

TCGA-AG-3574 2005 II Radiation Therapy, Pharmaceutical Therapy 65 Male

TCGA-AG-3728 2006 I Chemotherapy, Radiation Therapy 54 Male

TCGA-AG-3878 2007 II — 59 Female

Table 4.  Pathology characteristics of rectal lesions

Patient ID Tumor cell 
percentage (%)

Tumor size 
(mm)

Vascular 
invasion

TCGA-AF-2692 66 26 Yes

TCGA-AF-3911 71 29 Yes

TCGA-AG-3574 53 19 No

TCGA-AG-3728 78 35 Yes

TCGA-AG-3878 60 23 No

Table 5.  Summary of biospecimen samples from patients with rectal le-
sions

Patient ID Sample 
ID

Tissue 
type

Por-
tions

Ali-
quots

Ana-
lytes

TCGA-AF-2692 S-001 Tumor 2 3 5

TCGA-AF-2692 S-002 Normal 1 1 2

TCGA-AF-3911 S-003 Tumor 3 4 6

TCGA-AF-3911 S-004 Normal 1 1 2

TCGA-AG-3574 S-005 Tumor 2 2 4

TCGA-AG-3728 S-006 Tumor 3 3 5

TCGA-AG-3878 S-007 Tumor 2 2 3

TCGA-AG-3878 S-008 Normal 1 1 2

TCGA-AG-3878 S-009 Tumor 2 3 4

TCGA-AF-3911 S-010 Tumor 1 1 2

TCGA-AG-3574 S-011 Normal 1 1 1

TCGA-AG-3728 S-012 Tumor 2 2 3

TCGA-AF-2692 S-013 Tumor 2 2 3

TCGA-AG-3878 S-014 Normal 1 1 1

TCGA-AG-3574 S-015 Tumor 2 3 4

Table 6.  Ablation study

Configuration Test area under 
the curve (AUC)

Full Model (Vision Transformer 
(ViT) + Variational Autoencoder 
(VAE) + Cross-Attention)

0.927

Without Cross-Attention 0.889

ViT replaced by ResNet-50 0.901

VAE replaced by Principal 
Component Analysis (PCA)

0.884
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Fig. 1. Whole Slide Image (WSI) preprocessing and patch extraction for rectal cancer lesions. The figure illustrates the workflow of WSI preprocessing and 
patch sampling for precancerous and malignant rectal lesions. (a) Representative WSI thumbnails of rectal cancer with an overlay grid highlighting regions 
used for patch extraction. (b) Extracted patches with bounding boxes indicating sampled locations and patch sizes (512×512 px), capturing diverse tissue 
structures relevant for downstream analysis. Corresponding multiomics features (gene expression, mutation, and proteomics) were processed in parallel 
and retained for model input.
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tures extracted from tissue regions were analyzed. Dimension-
ality reduction using PCA provided a quantitative overview of 
variability across patches, highlighting differences in tissue ar-
chitecture and staining intensity (Fig. 3). t-Distributed Stochastic 
Neighbor Embedding further revealed clustering of patches with 
similar visual characteristics, illustrating patterns of morphologi-
cal diversity among lesions (Fig. 4). Additionally, representative 
5×5 grids of randomly selected patches from each slide were gen-
erated to visually demonstrate the diversity of cellular patterns, 
stromal regions, and morphological details captured across the 
dataset (Fig. 5). These combined analyses provided both quanti-
tative and qualitative insights into patch-level heterogeneity, sup-

porting subsequent heatmap generation and multimodal fusion 
modeling.

Model performance and comparative evaluation
On the independent test set of precancerous and malignant rectal 
lesions, the multimodal ViT+VAE fusion model achieved superior 
predictive performance: AUC = 0.927 ± 0.009, Accuracy = 0.892 
± 0.012, F1-score = 0.894 ± 0.010, Precision = 0.889 ± 0.014, and 
Recall = 0.901 ± 0.011. Both unimodal baselines (WSI-only and 
omics-only) performed lower (WSI-only AUC ≈ 0.859; omics-
only AUC ≈ 0.842), with improvements statistically significant 
(P < 0.01, paired t-test). These results highlighted the benefit of 

Fig. 2. Whole Slide Image (WSI) preprocessing and patch feature visualization of precancerous and malignant rectal lesions. The first row shows thumb-
nails of representative WSIs of precancerous and malignant rectal lesions at 20× magnification, highlighting overall tissue morphology (scale bars indicate 
actual dimensions). The second row displays the corresponding binary tissue masks generated using Otsu thresholding to delineate tissue regions from 
background. The third row illustrates representative 5×5 grids of extracted 512×512 px patches, capturing diverse tissue morphology across lesions. Low-
quality or mostly background patches were excluded. Corresponding multiomics features (gene expression, mutation, and proteomics) were processed in 
parallel and used for model input.
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integrating histopathological and molecular features: the inclusion 
of multiomics information notably improved the model’s ability to 
correctly classify morphologically ambiguous lesions. The cross-
attention module enabled effective alignment of WSI and multi-
omics features, contributing directly to the observed increase in 
AUC and overall predictive performance.

Ablation study
To evaluate the contribution of each component of the multimodal 
framework, an ablation study was performed. The results (Table 
3) showed that removing the cross-attention module led to the 
largest decrease in AUC, indicating that the integration of his-
topathological and multiomics features was crucial for accurate 
prediction of malignant transformation. Replacing the ViT with 
ResNet-50 or the VAE with PCA also resulted in reduced perfor-
mance, highlighting the importance of both the selected encoders 
and the cross-modal fusion strategy. These findings suggested that 
molecular information was particularly valuable for classifying 
morphologically ambiguous lesions, reinforcing the added predic-
tive value of multiomics data. To further evaluate the limitations 

of the proposed multimodal framework, misclassified samples in 
the independent test set were analyzed. Among the 15 false nega-
tives and 12 false positives, most false negatives corresponded to 
high-grade precancerous lesions with heterogeneous morphology, 
while false positives included low-grade precancerous lesions ex-
hibiting molecular signatures similar to malignant samples. Grad-
CAM visualizations revealed that misclassified WSIs contained 
regions with ambiguous tissue architecture, while SHAP analyses 
indicated that overlapping gene expression and mutation patterns 
contributed to misclassification. These findings suggest that mor-
phological ambiguity and partially overlapping molecular profiles 
are primary contributors to model errors, highlighting areas for 
potential refinement.

To assess the translational relevance of the model, predicted 
malignancy probabilities were correlated with key clinical pa-
rameters, including tumor stage, vascular invasion, and patient 
age. Spearman correlation analysis demonstrated a moderate 
positive association between predicted risk scores and tumor 
stage (ρ = 0.41, P < 0.01) as well as vascular invasion status (ρ 
= 0.36, P < 0.05). Although follow-up survival data were limited 

Fig. 3. Principal component analysis (PCA) of 512×512 px WSI patches from precancerous and malignant rectal lesions. PCA was applied to features 
extracted from 512×512 px patches sampled from tissue regions of precancerous and malignant rectal lesions. Each point represents a patch, colored by 
sample origin (precancerous vs. malignant). The PCA projection highlights overall variability in tissue morphology and staining intensity across patches, 
providing a quantitative overview of heterogeneity and morphological diversity in rectal lesions.
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in the TCGA/CPTAC datasets, these results support that higher 
model-predicted malignancy scores correspond to more clini-
cally aggressive rectal lesions, confirming the potential utility of 
the multimodal framework in early risk stratification and trans-
lational applications.

Interpretability analysis
Interpretability of the model was assessed using Grad-CAM for 
WSI features and SHAP values for multiomics contributions. 
Representative Grad-CAM and SHAP visualizations are shown in 
Figure 6, alongside receiver operating characteristic curves (Fig. 
6a) and the confusion matrix (Fig. 6b) for the multimodal clas-
sifier. These visualizations illustrate how the model integrates 
histopathological and molecular features at a patch level across 
samples.

Discussion
This study developed a multimodal deep learning framework 
that integrates WSI and multiomics data to predict the malignant 
transformation of precancerous rectal lesions. Using a ViT-based 
histopathology encoder, a VAE-based molecular encoder, and a 

cross-attention fusion mechanism, the model achieved higher pre-
dictive performance than single-modality approaches. The integra-
tion of WSI and multiomics information yielded several important 
insights. ViT demonstrated superior performance compared with 
ResNet-50 due to its ability to capture long-range spatial dependen-
cies and global tissue context. Unlike convolutional architectures 
with limited receptive fields, ViT models are particularly suited 
for modeling glandular organization and heterogeneous dysplastic 
patterns commonly observed in rectal precancerous lesions. The 
cross-attention module played a central role in aligning the two 
modalities, modulating visually subtle morphological cues using 
molecular information, particularly in borderline dysplasia cases.31 
The fused latent space demonstrated clearer separation between 
precancerous and malignant samples compared with unimodal 
embeddings, suggesting that morphological features alone were 
insufficient to capture the full biological complexity of malignant 
transformation. Multiomics inputs, particularly gene expression 
and mutation patterns, provided discriminative molecular signa-
tures that complemented histological alterations. Signals from 
TP53 and MKI67 expression, as well as PI3K/AKT pathway–re-
lated mutations, aligned with regions of nuclear atypia and stromal 
remodeling identified in the ViT attention maps, indicating that the 

Fig. 4. t-Distributed Stochastic Neighbor Embedding (t-SNE) embedding of 512×512 px Whole Slide Image (WSI) patches from precancerous and malig-
nant rectal lesions. t-SNE was applied to the same patch-level features extracted from tissue regions of precancerous and malignant rectal lesions. Patches 
with similar visual characteristics clustered together, illustrating the diversity and patterns in tissue morphology. Colors indicate sample identity (precancer-
ous vs. malignant) to visualize potential grouping or separation of patches from different lesions.
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fusion model captured underlying biological mechanisms rather 
than merely correlational patterns.Attention weights demonstrated 
that molecular features modulated the contribution of visually sub-
tle morphological cues, particularly in borderline dysplasia cas-
es. This effect likely explains the model’s strong performance in 
samples that were misclassified by unimodal WSI-only baselines. 
Compared with existing studies that rely solely on either histology 

or transcriptomics,32,33 the present framework demonstrates the ad-
vantage of leveraging complementary biological layers to improve 
diagnostic precision. These findings are consistent with emerging 
literature emphasizing the clinical utility of multimodal pathology–
omics integration for early cancer risk stratification.34,35 Despite 
these strengths, several limitations should be acknowledged. The 
study utilized 450 paired samples, which may limit the statistical 

Fig. 5. Representative 5×5 grid of extracted 512×512 px patches from precancerous and malignant rectal lesions. For each slide, a grid of 5×5 randomly 
selected patches from precancerous and malignant rectal lesions is displayed. This visualization emphasizes variation in cellular patterns, stromal regions, 
and morphological details, providing a qualitative impression of tissue heterogeneity captured in the dataset prior to downstream analysis and multimodal 
modeling.
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generalizability of the findings. Multiomics layers were restricted 
to transcriptomics, mutation profiles, and proteomics; inclusion of 
additional modalities such as methylation or metabolomics could 
further enhance biological resolution. Notably, in borderline dys-
plasia cases, the multimodal model demonstrated improved clas-
sification compared with WSI-only baselines, suggesting that in-
tegration of molecular features helped resolve challenging cases. 
Nevertheless, the limited number of borderline samples constrains 
statistical confidence and warrants further validation on larger 
cohorts. External validation using independent datasets beyond 
TCGA and CPTAC was not performed due to the lack of publicly 
available WSI–multiomics datasets for precancerous rectal le-
sions. Interpretability of the model was further explored to support 
translational relevance. Grad-CAM analyses highlighted regions 
within tissue patches that were most influential for the model’s 
predictions, often corresponding to areas of high cellular atypia or 
dysplasia. SHAP values identified key genes, mutations, and pro-
teomic markers contributing to classification decisions, revealing 
molecular signatures associated with malignant transformation. 
These analyses demonstrate that the multimodal model relies on 
biologically meaningful features rather than spurious correlations, 
enhancing confidence in its applicability for precision pathology. 
To address the limited sample size and enhance statistical robust-
ness, future work will include expansion of the dataset through 
collaborations with external institutions, collection of prospective 
WSI–multiomics samples, and advanced data augmentation tech-
niques for molecular features, such as generative modeling using 
variational autoencoders or GANs. Cross-cohort harmonization 
and domain adaptation strategies will also be employed to inte-
grate multi-site datasets while minimizing technical bias, thereby 
improving the generalizability and reliability of the model. The 
proposed multimodal framework could be integrated into clini-
cal diagnostic workflows as a decision-support tool, highlighting 

high-risk tissue regions via Grad-CAM and providing molecular 
risk scores to assist pathologists. Key challenges for clinical trans-
lation include standardization of WSI acquisition, harmonization 
of multiomics assays across laboratories, computational require-
ments for timely analysis, and regulatory approval. Addressing 
these barriers through prospective validation, user-friendly soft-
ware development, and clinical collaborations is essential for ena-
bling real-world implementation.

While our framework demonstrates promising predictive per-
formance, several challenges remain for clinical deployment. Lim-
ited sample size may affect model generalizability, highlighting 
the need for external validation and multi-institutional data collec-
tion. Computational requirements, including GPU resources and 
processing time for WSI and multiomics integration, may limit 
real-time clinical use. Furthermore, standardization of WSI acqui-
sition protocols and multiomics assays is essential to ensure re-
producibility across centers. Addressing these challenges is crucial 
for translating our multimodal framework into practical clinical 
decision-support tools.

Conclusions
Multimodal integration of WSI and multiomics data using a 
ViT+VAE framework with cross-attention significantly improves 
predictive accuracy in distinguishing precancerous from malignant 
rectal lesions. The approach provides interpretable insights into 
both histopathological and molecular features associated with ma-
lignancy, highlighting the added value of combining morphologi-
cal and molecular information. These findings underscore the po-
tential of multimodal models to enhance precision diagnostics and 
inform clinical decision-making in personalized oncology, while 
future validation on larger and external cohorts will be essential to 
confirm generalizability.

Fig. 6. Multimodal model performance evaluation on precancerous and malignant rectal lesions. (a) Receiver Operating Characteristic (ROC) curves for the 
multimodal Vision Transformer (ViT) + Variational Autoencoder (VAE) model and two unimodal baselines (Whole Slide Image (WSI)-only and Omics-only), 
showing improved predictive performance when integrating histopathological and molecular features. (b) Confusion matrix for the multimodal classifier on 
the independent test set, illustrating classification outcomes and the contribution of gene expression, mutation, and proteomic data to the fused predic-
tions. Interpretability analyses (Grad-CAM for WSI and SHAP for omics) indicate that the model focuses on biologically relevant tissue regions and molecular 
signatures associated with malignant transformation.
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