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ABSTRACT: 

Precision oncology has evolved beyond single-modality analysis to embrace comprehensive multi-dimensional 

patient characterization. This research presents a novel framework for integrating radiomics, pathomics, multi-

omics, and clinical intelligence through foundation artificial intelligence models to enable unprecedented 

diagnostic accuracy and therapeutic prediction in cancer care. We developed a unified architecture that harmonizes 

imaging biomarkers from radiological scans, digital pathology features from histological slides, genomic and 

proteomic profiles from molecular assays, and longitudinal clinical data from electronic health records. The 

foundation model employs cross-modal attention mechanisms and contrastive learning to discover latent 

relationships between complementary data streams. Validation across 3,214 patients with six major cancer types 

demonstrated diagnostic accuracy of 94.7% for cancer subtype classification, prognostic C-index of 0.843 for 

survival prediction, and treatment response AUROC of 0.891. The integrated multimodal approach outperformed 

single-modality models by 12-18% across all evaluation metrics. Feature importance analysis revealed synergistic 

interactions where radiomics-pathomics correlations enhanced genomic mutation impact assessment, while 

clinical trajectory patterns contextualized molecular profile interpretations. This framework establishes a scalable 

methodology for comprehensive cancer characterization that captures the full complexity of tumor biology, 

microenvironment interactions, and systemic patient factors. The interpretable multi-modal architecture provides 

clinically actionable insights while maintaining transparency in decision pathways, addressing critical barriers to 

AI adoption in oncology practice. 

Keywords: Multimodal AI, Foundation Models, Precision Oncology, Radiomics, Pathomics, Multi-Omics 

Integration 

 

INTRODUCTION 

 

The complexity of cancer extends across multiple biological scales, from molecular alterations in individual genes 

to tissue-level architectural distortions visible in medical imaging. Traditional approaches to cancer diagnosis and 

treatment selection have typically relied on isolated examination of individual data modalities—pathologists 

review tissue slides, radiologists interpret imaging studies, and molecular biologists analyze genomic profiles, 

with limited integration across these complementary information sources [1]. This fragmented approach fails to 

capture the intricate relationships between different aspects of tumor biology and misses opportunities for 

synergistic insights that emerge when diverse data streams are analyzed jointly [2]. 

 

Recent technological advances have generated unprecedented volumes of multi-dimensional cancer data. Digital 

pathology enables extraction of quantitative features from whole slide images, revealing subtle morphological 

patterns invisible to human observers [3]. Radiomics transforms medical images into mineable data by extracting 

hundreds of texture, shape, and intensity features that correlate with underlying tumor biology [4]. Multi-omics 

technologies including genomics, transcriptomics, proteomics, and metabolomics provide molecular 

characterization at systems-biology scale [5]. Electronic health records capture longitudinal clinical trajectories 

including treatment responses, toxicities, and disease progression patterns [6]. However, analytical frameworks 

capable of integrating these heterogeneous data types remain limited, constraining translation of multi-modal data 

into clinical utility. 

 

https://pspac.info/index.php/dlbh/article/view/406
mailto:meetrajatha@gmail.com


 

年 2024 體積 52問題 4  
190 DOI: 10.46121/pspc.52.4.16 

 

Foundation models have emerged as a transformative paradigm in artificial intelligence, demonstrating 

remarkable capabilities for learning generalizable representations from large-scale heterogeneous datasets [7]. 

Unlike task-specific models that require training from scratch for each application, foundation models undergo 

extensive pre-training on diverse data sources, developing rich internal representations that transfer effectively to 

downstream tasks through fine-tuning. This approach has revolutionized natural language processing and 

computer vision, but applications to multimodal medical data integration remain nascent [8]. 

 

Research Problem and Significance 
Current precision oncology frameworks face several critical limitations. First, diagnostic and prognostic models 

typically utilize single data modalities, missing complementary information available in other sources [9]. A 

genomic classifier may identify actionable mutations but miss imaging features indicating aggressive phenotypes 

not captured by sequencing. Conversely, radiomics models may detect treatment-resistant patterns but lack 

molecular context explaining resistance mechanisms. Second, existing multi-modal approaches employ simple 

feature concatenation or late fusion strategies that fail to capture complex cross-modal interactions and 

dependencies [10]. Third, most oncology AI systems operate as black boxes, limiting clinical trust and adoption 

despite potentially high accuracy. 

 

This research addresses these gaps by developing a comprehensive foundation model architecture specifically 

designed for multimodal oncology data integration. The framework employs sophisticated cross-attention 

mechanisms that enable different data modalities to inform and enhance each other's representations, discovering 

latent relationships invisible to single-modality analysis. By learning shared embedding spaces where radiomics 

features, pathological patterns, molecular profiles, and clinical trajectories coexist, the model captures the full 

dimensionality of cancer biology. 

 

Research Objectives 
The primary objectives of this study include: developing a unified foundation model architecture capable of 

processing radiomics, pathomics, multi-omics, and clinical data streams simultaneously; implementing cross-

modal attention mechanisms that discover synergistic relationships between complementary information sources; 

validating the integrated approach against single-modality baselines across multiple prediction tasks; and 

establishing interpretability frameworks that explain how different modalities contribute to specific predictions. 

The significance extends beyond technical innovation to fundamental changes in how cancer is characterized and 

treated. By capturing interactions between imaging phenotypes, histological patterns, molecular alterations, and 

clinical behaviors, the multimodal framework provides more complete tumor characterization than any single 

modality alone. This comprehensive view enables more accurate diagnosis, better prognostication, and 

personalized treatment selection tailored to individual patient complexity. 

 

LITERATURE REVIEW 

 

Radiomics in Oncology 
Radiomics has evolved from qualitative image interpretation to quantitative feature extraction that reveals tumor 

characteristics beyond visual assessment [11]. High-throughput analysis of medical images generates hundreds of 

features describing tumor shape, texture heterogeneity, and contrast enhancement patterns. Studies have 

demonstrated radiomics biomarkers correlate with genetic mutations, predict treatment responses, and stratify 

patient prognosis across multiple cancer types. However, radiomics faces challenges including feature stability 

across imaging protocols, reproducibility concerns, and limited biological interpretability of mathematical 

features [12]. 

 

Deep learning approaches to radiomics have partially addressed these limitations through end-to-end learning that 

automatically discovers relevant imaging features rather than relying on hand-crafted metrics. Convolutional 

neural networks trained on tumor regions extract hierarchical representations from low-level edges to high-level 

semantic patterns. Yet most radiomics applications remain confined to imaging data alone, missing opportunities 

to correlate imaging phenotypes with underlying molecular drivers or pathological features. 

 

Digital Pathomics 
The digitization of pathology through whole slide imaging has enabled computational analysis of tissue 

architecture and cellular morphology at unprecedented scale [13]. Pathomics extracts quantitative features 

describing cell density, nuclear characteristics, tissue organization, and tumor-stroma interactions. Deep learning 
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pathology models have demonstrated expert-level performance for cancer detection, subtype classification, and 

biomarker prediction directly from histological images. 

 

Recent work has shown that pathology images contain latent information about genomic alterations, with 

convolutional networks predicting mutation status from tissue morphology alone [14]. This suggests deep 

connections between histological appearance and molecular biology. However, most pathomics applications 

analyze tissue images in isolation rather than integrating with complementary genomic or imaging data that could 

enhance interpretation and prediction accuracy. 

 

Multi-Omics Integration 
Systems biology approaches have emphasized integrating multiple molecular data types to capture cancer 

complexity [15]. Early integration efforts employed statistical methods like canonical correlation analysis to 

identify relationships between genomic, transcriptomic, and proteomic measurements. More recently, deep 

learning architectures including autoencoders and graph neural networks have enabled nonlinear integration of 

multi-omics data, revealing emergent patterns invisible to single-omics analysis. 

 

The Cancer Genome Atlas and similar large-scale initiatives have demonstrated that multi-omics integration 

improves cancer subtype classification and survival prediction compared to single-omics approaches [16]. 

However, these molecular integration frameworks typically exclude imaging and pathology data, missing 

opportunities to connect molecular alterations with tissue-level phenotypes that determine clinical behavior. 

 

Cross-Modal Learning in Medicine 
Recent medical AI research has begun exploring cross-modal learning where different data types inform each 

other's analysis [17]. Vision-language models that align medical images with clinical text demonstrate improved 

zero-shot classification and enhanced interpretability through natural language explanations. Multimodal 

frameworks combining imaging with genomics or pathology with clinical records show incremental 

improvements over single-modality baselines. 

 

Foundation models pre-trained on diverse medical data types represent the current frontier, learning shared 

representations that capture relationships across modalities [18]. However, comprehensive integration of 

radiomics, pathomics, multi-omics, and clinical data within unified foundation architectures remains largely 

unexplored. Existing approaches typically combine two or three modalities rather than the full spectrum of cancer 

characterization data. 

 

Research Gaps 
The literature reveals several critical gaps that motivate this research. First, no existing framework 

comprehensively integrates all major cancer data modalities—radiomics, pathomics, genomics, transcriptomics, 

proteomics, and clinical records—into unified models. Second, current multi-modal approaches employ simplistic 

fusion strategies rather than sophisticated cross-attention mechanisms that enable modalities to dynamically 

interact. Third, interpretability of multimodal predictions remains underdeveloped, with limited understanding of 

how different data streams contribute to specific outputs. This research addresses these gaps through novel 

architectural designs and systematic validation across diverse cancer types and clinical tasks. 

 

METHODOLOGY 

 

3.1 Conceptual Framework 
Our methodology establishes a four-layer multimodal foundation architecture: (1) modality-specific encoding 

layers that process raw data from each source into learned representations; (2) cross-modal fusion layers that 

enable different modalities to exchange information through attention mechanisms; (3) integrated representation 

layers that combine multimodal information into unified embeddings; and (4) task-specific prediction heads that 

generate outputs for diagnostic, prognostic, and therapeutic applications. 

 

The fundamental innovation lies in the cross-modal attention design that allows each modality to query 

information from others based on learned relevance. Rather than simply concatenating features from different 

sources, the architecture discovers which aspects of imaging data correlate with specific genomic alterations, 

which pathological patterns predict clinical trajectories, and which molecular profiles explain radiological 

appearances. 
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3.2 Data Sources and Preprocessing 
Radiomics Pipeline: CT, MRI, and PET imaging studies undergo automated tumor segmentation using nnU-Net 

architecture, followed by feature extraction using PyRadiomics framework. We extract 107 features per imaging 

modality including first-order statistics, shape descriptors, and texture features (GLCM, GLRLM, GLSZM, 

GLDM, NGTDM). Image preprocessing includes intensity normalization, resampling to isotropic voxel spacing, 

and discretization for texture calculations. 

 

Pathomics Pipeline: Whole slide images at 20× magnification undergo tissue detection, color normalization using 

Macenko method, and tiling into 224×224 pixel patches. A ResNet-50 encoder pre-trained on ImageNet and fine-

tuned on histopathology images extracts 2048-dimensional feature vectors per patch. Patch-level features 

aggregate through attention-based multiple instance learning to create slide-level representations. 

 

Multi-Omics Pipeline: Genomic data includes whole exome sequencing processed through GATK variant calling 

pipeline. Somatic mutations undergo functional annotation using ANNOVAR and oncogenic classification via 

OncoKB. RNA sequencing data undergoes quality control, alignment, and normalization to TPM values, with 

dimensionality reduction capturing the top 500 most variable genes. Proteomic data from mass spectrometry 

undergoes normalization and missing value imputation. 

 

Clinical Intelligence: Electronic health record data extraction includes structured fields (demographics, vital 

signs, laboratory values, medications) and unstructured clinical notes processed through BioClinicalBERT for 

embedding generation. Temporal clinical trajectories undergo sequence modeling to capture disease progression 

patterns. 

 

3.3 Modality-Specific Encoders 
Each data modality undergoes specialized encoding to transform raw inputs into learned representations suitable 

for cross-modal integration. 

 

Radiomics Encoder: Hand-crafted radiomic features pass through multi-layer perceptron with batch 

normalization: 

𝑬𝒒𝒖𝒂𝒕𝒊𝒐𝒏 𝟏: 𝑹𝒂𝒅𝒊𝒐𝒎𝒊𝒄𝒔 𝑬𝒏𝒄𝒐𝒅𝒊𝒏𝒈  
ℎ𝑟 = MLP(𝐹𝑟) = 𝑊2 ⋅ σ(𝑊1 ⋅ 𝐹𝑟 + 𝑏1) + 𝑏2 

where 𝐹𝑟 represents the 107-dimensional radiomic feature vector, \sigma denotes ReLU activation, and output 

dimensionality is 512. 

Pathomics Encoder: Slide-level aggregation employs attention-weighted pooling over patch embeddings: 

𝑬𝒒𝒖𝒂𝒕𝒊𝒐𝒏 𝟐: 𝑷𝒂𝒕𝒉𝒐𝒍𝒐𝒈𝒚 𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 𝑨𝒈𝒈𝒓𝒆𝒈𝒂𝒕𝒊𝒐𝒏 

ℎ𝑝 = ∑ 𝑖 = 1𝑁α𝑖𝑧𝑖 ,  α𝑖 =
exp(𝑤𝑇 tanh(𝑉𝑧𝑖))

∑ 𝑗 = 1𝑁 exp(𝑤𝑇 tanh(𝑉𝑧𝑗))
 

where 𝑧𝑖 represents patch-level features, V and w are learnable parameters, and N is the number of patches per 

slide. 

 

Genomics Encoder: Mutation profiles and expression data combine through separate pathways: 

𝑬𝒒𝒖𝒂𝒕𝒊𝒐𝒏 𝟑: 𝑴𝒖𝒍𝒕𝒊 − 𝑶𝒎𝒊𝒄𝒔 𝑬𝒏𝒄𝒐𝒅𝒊𝒏𝒈 

ℎ𝑔 = [Embed(𝑀);VAE(𝐸)] 

where 𝑀 represents binary mutation matrix processed through learned embeddings, and 𝐸 denotes expression 

profiles compressed via variational autoencoder. 

 

Clinical Encoder: Temporal clinical sequences undergo bidirectional LSTM encoding: 

 

Equation 4: Clinical Temporal Encoding  

ℎ𝑐
𝑡 = BiLSTM(𝑥1, 𝑥2, … , 𝑥𝑡) 

capturing forward and backward temporal dependencies in patient trajectories. 

 

3.4 Cross-Modal Fusion Architecture 
The core innovation employs multi-head cross-attention enabling each modality to query relevant information 

from others: 

𝑬𝒒𝒖𝒂𝒕𝒊𝒐𝒏 𝟓: 𝑪𝒓𝒐𝒔𝒔 − 𝑴𝒐𝒅𝒂𝒍 𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 
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Attention(𝑄, 𝐾, 𝑉) = softmax (
𝑄𝐾𝑇

√𝑑𝑘

) 𝑉 

where query matrix Q derives from one modality while key K and value V matrices come from another modality. 

For modality pair (i,j): 

𝑬𝒒𝒖𝒂𝒕𝒊𝒐𝒏 𝟔: 𝑷𝒂𝒊𝒓𝒘𝒊𝒔𝒆 𝑪𝒓𝒐𝒔𝒔 − 𝑴𝒐𝒅𝒂𝒍 𝑭𝒖𝒔𝒊𝒐𝒏  

ℎ𝑖←𝑗 = MultiHead(𝑊𝑄
𝑖 ℎ𝑖 , 𝑊𝐾

𝑗
ℎ𝑗 , 𝑊𝑉

𝑗
ℎ𝑗) 

The complete cross-modal fusion combines information from all source modalities: 

 

Equation 7: Complete Multimodal Integration 

ℎ𝑖fused = ℎ𝑖 + ∑ 𝑗 ≠ 𝑖 α𝑖𝑗ℎ𝑖←𝑗 

whereα𝑖𝑗 represents learned importance weights for modality pair interactions. 

 

3.5 Joint Embedding Space 
Fused modality representations combine into unified embeddings through concatenation and projection: 

𝑬𝒒𝒖𝒂𝒕𝒊𝒐𝒏 𝟖: 𝑼𝒏𝒊𝒇𝒊𝒆𝒅 𝑹𝒆𝒑𝒓𝒆𝒔𝒆𝒏𝒕𝒂𝒕𝒊𝒐𝒏  

𝐻[𝑢𝑛𝑖𝑓𝑖𝑒𝑑] = 𝑊[𝑝𝑟𝑜𝑗] ⋅ [ℎ𝑟
[𝑓𝑢𝑠𝑒𝑑]

] ; ℎ𝑝
[𝑓𝑢𝑠𝑒𝑑]

; ℎ𝑔
[𝑓𝑢𝑠𝑒𝑑]

; ℎ𝑐
[𝑓𝑢𝑠𝑒𝑑]

 

 

This integrated representation captures complementary information from all modalities in a shared semantic space. 

 

3.6 Multi-Task Learning Framework 
The unified embeddings feed into task-specific prediction heads trained jointly: 

 

Cancer Subtype Classification: Multi-class classifier with softmax activation predicting detailed histological 

subtypes. 

 

Survival Prediction: Cox proportional hazards head estimating patient-specific risk scores for time-to-event 

outcomes. 

 

Treatment Response: Binary classifiers predicting response to standard therapies (chemotherapy, targeted 

therapy, immunotherapy). 

 

Biomarker Prediction: Multi-label classification identifying presence of actionable molecular targets. 

The multi-task loss combines individual objectives: 

 

Equation 9: Multi-Task Loss 

 ℒtotal = ∑ 𝑘 = 1𝐾λ𝑘ℒ𝓀 

whereℒ𝓀 represents task-specific loss and \𝑙𝑎𝑚𝑏𝑑𝑎_𝑘 denotes task weighting parameters. 

Figure 1: Comprehensive Multimodal Foundation Model Architecture 
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EXPERIMENTAL SETUP 

 

4.1 Dataset and Patient Cohort 
We assembled a comprehensive multimodal dataset from 3,214 patients across six cancer types: lung 

adenocarcinoma (n=687), colorectal cancer (n=592), breast cancer (n=534), glioblastoma (n=441), renal cell 

carcinoma (n=489), and melanoma (n=471). Patients were treated at four academic medical centers between 2017 

and 2023. Inclusion criteria required availability of all four data modalities: pre-treatment imaging, diagnostic 

pathology slides, tumor genomic/transcriptomic profiling, and at least 12 months clinical follow-up. 

 

Data completeness varied by modality: 100% had pathology and clinical data (required for inclusion), 94.3% had 

complete imaging with measurable lesions, 87.6% had whole exome sequencing, 82.1% had RNA sequencing, 

and 34.7% had proteomic profiling. For patients with incomplete omics data, we employed modality dropout 

during training to enable the model to learn from partially observed data configurations. 

 

4.2 Model Training Strategy 
Training employed a three-phase curriculum: Phase 1 involved modality-specific encoder pre-training on large 

public datasets (TCGA for genomics/pathology, TCIA for imaging, MIMIC for clinical data) totaling 127,438 

samples. This phase established strong individual modality representations before multimodal integration. Phase 

2 implemented cross-modal fusion training on the complete multimodal cohort using contrastive learning 

objectives that aligned representations across modalities. Phase 3 fine-tuned the complete architecture on specific 

prediction tasks using supervised learning. 

 

Contrastive Learning Objective: We employed InfoNCE loss to align complementary modality pairs: 

Equation 10: Cross-Modal Contrastive Loss  

ℒcnrs = − log  
exp(sim(ℎ𝑖 , ℎ𝑗)/τ)

∑ 𝑘 = 1𝑁 exp(sim(ℎ𝑖 , ℎ𝑘)/τ)
 

where \text{sim}(\cdot, \cdot) denotes cosine similarity, \tau is temperature parameter (0.07), and the objective 

pulls together representations from the same patient while pushing apart different patients. 

Data splitting employed 70-15-15 for training, validation, and test sets with stratification by cancer type and 

outcome distributions. We implemented 5-fold cross-validation for robust performance estimation and employed 

early stopping based on validation loss to prevent overfitting. 

 

Training utilized AdamW optimizer with learning rate 1e-4, weight decay 0.01, and batch size 16 patients. The 

full training process required approximately 72 hours on 8× NVIDIA A100 GPUs. We employed gradient clipping 

(norm 1.0) and mixed precision training for computational efficiency. 

 

4.3 Baseline Comparisons 
We compared the multimodal foundation model against several baseline approaches: 

 

Single Modality Models: Separate models trained on radiomics only, pathomics only, genomics only, or clinical 

data only, representing current standard practice where modalities are analyzed independently. 

 

Simple Concatenation: Direct concatenation of modality-specific features without cross-modal attention, 

representing naive multimodal integration. 

 

Late Fusion: Ensemble approach averaging predictions from separate single-modality models, representing 

decision-level integration. 

 

Pairwise Fusion: Models integrating only two modalities (radiomics-pathomics, genomics-clinical, etc.) to assess 

incremental value of additional modalities. 

 

4.4 Evaluation Metrics 
Performance assessment employed task-specific metrics: 

Classification Tasks: Accuracy, macro-averaged AUROC across subtypes, F1-score, and confusion matrix 

analysis. Statistical significance assessed via McNemar's test for paired comparisons. 

https://pspac.info/index.php/dlbh/article/view/406
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Survival Prediction: Concordance index with 95% confidence intervals via bootstrap resampling, integrated 

Brier score at 12, 24, 36 months, and calibration slopes. 

 

Treatment Response: AUROC, AUPRC, sensitivity, specificity, and positive/negative predictive values at 

clinically relevant operating points. 

 

Cross-Modal Analysis: Attention weight distributions showing which modality pairs exhibit strongest 

interactions, and ablation studies removing individual modalities to quantify their contributions. 

Figure 2: Cross-Modal Attention Interaction Heatmap and Feature Importance 

 

RESULTS 

 

5.1 Cancer Subtype Classification Performance 
The multimodal foundation model achieved overall classification accuracy of 94.7% across detailed cancer 

subtypes, significantly outperforming all baseline approaches. Single-modality models ranged from 78.4% 

(radiomics only) to 86.2% (pathomics only), while simple feature concatenation reached 89.1%. The cross-modal 

attention architecture improved accuracy by 5.6 percentage points over concatenation (p<0.001), demonstrating 

the value of sophisticated fusion mechanisms. 

 

Performance varied by cancer type, with highest accuracy in breast cancer (96.8%) where molecular subtypes 

have well-defined imaging and pathology correlates, and lowest in melanoma (91.2%) where morphological 

diversity presents greater classification challenges. Macro-averaged AUROC across all subtypes was 0.982 (95% 

CI: 0.976-0.988), indicating excellent discrimination capability. 

 

Detailed analysis revealed that different modality combinations drove accuracy in different cancer types. For lung 

adenocarcinoma, genomic features contributed most strongly (importance score 0.38), followed by pathomics 

(0.31), radiomics (0.19), and clinical (0.12). Conversely, glioblastoma classification relied heavily on radiomics 

(0.42) and pathomics (0.36), with genomics contributing less (0.15), reflecting the importance of imaging features 

for brain tumor characterization. 

 

5.2 Survival Prediction Accuracy 
For overall survival prediction, the multimodal model achieved C-index of 0.843 (95% CI: 0.827-0.859), 

representing substantial improvement over single-modality approaches that ranged from 0.694 (radiomics) to 

0.761 (clinical). The integrated model outperformed the best single-modality baseline by 0.082 C-index points 

(p<0.001). 
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Calibration analysis demonstrated excellent agreement between predicted and observed survival probabilities 

across all time horizons. Integrated Brier scores were 0.128, 0.156, and 0.181 at 12, 24, and 36 months 

respectively, indicating maintained predictive accuracy throughout follow-up periods. Calibration slopes ranged 

from 0.94 to 1.03 across cancer types, confirming well-calibrated probability estimates. 

 

Kaplan-Meier analysis stratified by multimodal risk quartiles showed clear survival separation with median 

survivals of 43.2, 28.7, 18.4, and 10.9 months for quartiles 1-4 respectively (log-rank p<0.001). Importantly, the 

multimodal model reclassified 23.7% of patients compared to clinical-only risk stratification, with most 

reclassifications proving correct based on actual outcomes. 

 

5.3 Treatment Response Prediction 
The multimodal framework achieved AUROC of 0.891 (95% CI: 0.874-0.908) for treatment response prediction 

across first-line systemic therapies. This represented improvements of 0.187 over radiomics alone (0.704), 0.156 

over pathomics alone (0.735), 0.134 over genomics alone (0.757), and 0.108 over clinical features alone (0.783), 

with all comparisons statistically significant (p<0.001). 

 

Treatment-specific analysis revealed differential modality importance. For immunotherapy response prediction, 

genomics (tumor mutation burden, PD-L1 expression) and pathomics (tumor-infiltrating lymphocyte density) 

showed highest importance. For targeted therapy response, genomic driver mutations dominated (importance 

0.56), while chemotherapy response relied more heavily on radiomics (tumor heterogeneity, perfusion metrics, 

importance 0.41) and clinical factors (performance status, organ function, importance 0.34). 

 

At a specificity threshold of 85%, the multimodal model achieved sensitivity of 78.4% for identifying treatment 

responders, compared to 63.7% for the best single-modality approach. This improved sensitivity could enable 

more selective treatment application, sparing non-responders from ineffective toxic therapies. 

 

5.4 Cross-Modal Synergy Analysis 
Attention weight analysis revealed specific cross-modal interactions that enhanced predictions. Radiomics 

features showing high tumor heterogeneity strongly attended to genomic chromosomal instability markers 

(attention weight 0.73), reflecting known relationships between imaging phenotypes and genomic complexity. 

Pathology features indicating high stromal content correlated with clinical inflammation markers and radiomics 

necrosis features (combined attention 0.68), capturing tumor microenvironment effects visible across modalities. 

Ablation studies systematically removing individual modalities quantified their contributions. Removing 

pathomics decreased classification accuracy by 7.2%, survival C-index by 0.061, and response AUROC by 0.089. 

Removing genomics decreased metrics by 6.4%, 0.053, and 0.112 respectively. Critically, removing any single 

modality caused larger performance decreases than expected from individual modality contributions alone, 

demonstrating superadditive synergistic effects of multimodal integration. 

 

Pairwise modality analysis identified radiomics-pathomics as the most synergistic combination (joint contribution 

1.34× sum of individual contributions), followed by genomics-pathomics (1.27×) and clinical-genomics (1.19×). 

These findings suggest that modalities providing complementary information about different biological scales 

(tissue-level imaging vs. cellular-level pathology vs. molecular-level genomics) produce greatest synergies when 

integrated. 
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Figure 3: Comprehensive Performance Comparison Across Prediction Tasks 

 

Figure 4: Interpretable Multimodal Feature Attribution and Clinical Case Examples 

 

DISCUSSION 

 

The results establish that comprehensive multimodal integration through foundation AI models significantly 

advances precision oncology capabilities beyond single-modality approaches. The consistent performance 

improvements across cancer types, prediction tasks, and evaluation metrics validate the hypothesis that cancer's 

multi-scale complexity requires correspondingly multi-dimensional characterization. Single-modality models, by 

definition, capture only partial views of tumor biology and patient context, missing complementary information 

available through other data streams. 

 

 

https://pspac.info/index.php/dlbh/article/view/406


 

年 2024 體積 52問題 4  
198 DOI: 10.46121/pspc.52.4.16 

 

Clinical Implications and Utility 
The 94.7% accuracy for detailed cancer subtype classification has direct implications for diagnostic precision. 

Current clinical practice often struggles with ambiguous cases where morphological features overlap between 

subtypes, leading to diagnostic uncertainty that affects treatment selection. The multimodal model's integration of 

molecular profiles with histological patterns provides additional discriminative power in precisely these 

challenging scenarios. For instance, in lung adenocarcinoma cases with poorly differentiated morphology where 

pathology alone is insufficient, radiomics features indicating lepidic growth patterns combined with EGFR 

mutation status enable confident subtyping. 

 

The survival prediction capability (C-index 0.843) provides clinically meaningful prognostic stratification. The 

23.7% reclassification rate compared to clinical-only models suggests that substantial proportions of patients 

receive refined risk assessments when multimodal information is integrated. This has practical implications for 

treatment intensity decisions, clinical trial eligibility, and informed patient counseling. Patients classified as high-

risk by clinical features alone but reclassified as intermediate-risk by the multimodal model might appropriately 

receive less aggressive therapy, while the reverse reclassification could prompt treatment intensification. 

 

Treatment response prediction represents perhaps the most actionable application. The ability to identify non-

responders with 78.4% sensitivity at 85% specificity enables personalized treatment selection that spares patients 

from ineffective toxic therapies. In the current paradigm where response rates to many cancer therapies range 

from 20-40%, predictive models that prospectively identify responders could dramatically improve benefit-risk 

ratios by concentrating treatments in patient populations most likely to benefit. 

 

Cross-Modal Synergies and Biological Insights 
The discovered cross-modal interactions provide insights into cancer biology beyond pure predictive performance. 

The strong radiomics-pathomics synergy reflects fundamental connections between tissue-level architecture 

visible in imaging and cellular-level features visible in microscopy. Radiomics texture heterogeneity correlating 

with pathology nuclear pleomorphism demonstrates that imaging phenotypes capture microscopic variability even 

without cellular resolution. This relationship enables non-invasive imaging to serve as a surrogate for invasive 

tissue sampling in monitoring scenarios. 

 

The genomics-pathomics interactions reveal how molecular alterations manifest in tissue architecture. The 

correlation between high tumor mutation burden and increased tumor-infiltrating lymphocyte density visible in 

pathology images demonstrates that genomic instability triggers immune responses detectable morphologically. 

This connection explains why pathology images alone can predict mutation status and suggests that spatial 

analysis of immune-tumor interactions in histology provides complementary information to genomic profiling. 

 

Clinical trajectory patterns interacting with molecular profiles demonstrate the importance of temporal dynamics. 

Patients with similar baseline genomics but different clinical response trajectories during treatment likely have 

distinct tumor evolutionary patterns or microenvironmental contexts not captured by static molecular snapshots. 

The multimodal model's ability to integrate these temporal patterns enhances predictions by contextualizing 

molecular data within individual patient clinical behaviors. 

 

Methodological Contributions 
From a technical perspective, the cross-modal attention architecture addresses limitations of previous fusion 

approaches. Simple concatenation assumes all modalities contribute equally and independently to predictions, 

ignoring synergistic interactions. The attention mechanism enables adaptive weighting where modalities that 

provide relevant information for specific patients or tasks receive higher influence while less informative 

modalities are downweighted. This flexibility is critical given that modality importance varies across cancer types 

and clinical scenarios. 

 

The contrastive pre-training phase establishes aligned multimodal representations where complementary views of 

the same patient cluster together in embedding space. This alignment enables effective cross-modal attention by 

ensuring that related concepts across modalities (e.g., high proliferation in imaging, genomics, and pathology) 

have similar representations that attention mechanisms can recognize and relate. 

 

The multi-task learning framework encourages the model to learn representations useful across diverse 

applications rather than overfitting to single tasks. Shared representations that simultaneously support 
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classification, survival prediction, and treatment response must capture fundamental aspects of tumor biology 

rather than task-specific artifacts. This regularization through multi-task learning likely contributes to improved 

generalization performance. 

 

Limitations and Challenges 
Several limitations warrant acknowledgment. The requirement for complete multimodal data limits immediate 

clinical deployment, as not all patients undergo comprehensive molecular profiling or have suitable imaging 

studies. The modality dropout training strategy partially addresses this by enabling predictions from incomplete 

data, but performance naturally degrades when modalities are missing. Future work should establish performance-

completeness trade-offs to guide clinical decision-making when only partial data is available. 

 

Computational requirements present practical deployment challenges. The foundation model requires substantial 

GPU resources for inference, and processing multimodal data involves significant preprocessing overhead. Edge 

deployment strategies or model distillation to create smaller specialized models may be necessary for resource-

constrained clinical environments. 

 

Interpretability, while improved through attention mechanisms and feature attribution, remains incomplete. 

Clinicians need to understand not just which modalities contributed to predictions, but specifically which imaging 

features, pathological patterns, or genomic alterations drove decisions. More granular interpretability approaches 

that link attention weights to specific biological entities would enhance clinical trust and enable validation against 

domain expertise. 

 

The retrospective validation design, while rigorous, cannot establish causality for treatment optimization findings. 

Prospective randomized trials comparing multimodal-guided treatment selection versus standard approaches are 

necessary to definitively demonstrate clinical utility. Such trials should measure not only predictive accuracy but 

also patient outcomes including survival, quality of life, and cost-effectiveness. 

 

Future Directions and Extensions 
Several research directions could extend this work. Incorporation of additional data modalities including liquid 

biopsies, metabolomics, microbiome profiling, and patient-reported outcomes would further enrich the 

multimodal framework. Spatial transcriptomics and multiplex immunohistochemistry provide high-resolution 

maps of tumor microenvironments that could enhance the pathomics component. 

 

Temporal modeling of multimodal evolution during treatment could enable adaptive therapy strategies. Serial 

imaging, circulating tumor DNA, and clinical responses measured over time capture tumor adaptation and 

resistance development. Foundation models that process these temporal multimodal trajectories could predict 

optimal treatment switching times or identify early resistance patterns. 

 

Integration with knowledge graphs encoding biological pathways, drug mechanisms, and disease relationships 

could enhance interpretability and biological coherence of predictions. Grounding multimodal representations in 

structured biological knowledge would enable the model to generate mechanistic explanations rather than purely 

correlational predictions. 

 

Finally, federated learning approaches could enable multimodal model training across institutions without 

centralizing sensitive patient data. Distributed training would access larger, more diverse patient populations while 

preserving privacy, addressing both data scarcity and regulatory challenges in medical AI development. 

 

CONCLUSION 

 

This research establishes a comprehensive framework for integrating radiomics, pathomics, multi-omics, and 

clinical intelligence through foundation AI models to advance precision oncology. The validated architecture 

demonstrates that sophisticated multimodal integration through cross-modal attention mechanisms significantly 

outperforms single-modality approaches across cancer subtype classification (94.7% accuracy), survival 

prediction (C-index 0.843), and treatment response forecasting (AUROC 0.891). Performance improvements of 

12-18% over single-modality baselines validate the hypothesis that cancer's multi-scale biological complexity 

requires correspondingly multi-dimensional analytical frameworks. 
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The discovered cross-modal synergies provide insights into fundamental relationships between imaging 

phenotypes, histological patterns, molecular alterations, and clinical behaviors. Radiomics-pathomics interactions 

reveal how tissue-level architectural features correlate with cellular morphology, genomics-pathomics 

relationships demonstrate morphological manifestations of molecular alterations, and clinical-molecular 

integrations contextualize static genomic profiles within dynamic treatment response patterns. These synergistic 

interactions produce superadditive predictive performance where the integrated model exceeds the sum of 

individual modality contributions. 

 

From a methodological perspective, the research contributes novel architectural designs for medical multimodal 

learning including modality-specific encoders optimized for heterogeneous data types, cross-modal attention 

mechanisms enabling adaptive information exchange, contrastive pre-training establishing aligned embedding 

spaces, and multi-task learning promoting generalizable representations. The interpretability framework addresses 

critical barriers to clinical AI adoption by providing transparent attribution of predictions to specific modalities 

and features. 

 

Clinical implications span diagnostic precision, prognostic stratification, and therapeutic optimization. The 23.7% 

reclassification rate for survival risk assessment demonstrates that multimodal integration refines clinical 

decision-making beyond standard approaches, while treatment response predictions enable personalized therapy 

selection that could spare patients from ineffective toxic treatments. The framework establishes a scalable 

methodology applicable across diverse cancer types, suggesting broad potential impact on oncology practice. 

 

The path toward clinical implementation requires prospective validation demonstrating that multimodal-guided 

decisions improve patient outcomes in randomized trials. Integration with clinical workflows, development of 

user interfaces that effectively communicate multimodal predictions and uncertainties, and addressing 

computational resource requirements represent critical next steps. Extending the framework to incorporate 

additional modalities, temporal dynamics, and structured biological knowledge would further enhance 

capabilities. 

 

As precision oncology evolves toward comprehensive molecular and phenotypic characterization, multimodal 

foundation models provide essential infrastructure for translating complex multi-dimensional data into actionable 

clinical insights. This research establishes foundational methodologies for sophisticated data integration that 

captures the full spectrum of tumor biology across molecular, cellular, tissue, and organismal scales, supporting 

the long-term vision of truly personalized cancer care guided by complete patient characterization. 
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