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1. Motivation & Scope

Why multimodal CPath matters? What this survey organizes?

Histology alone captures morphology, but 1, Heterogeneous clinical evidence 2.Two methodological engines 3. Clinical translation lens
clinical decisions combine tissue context

with genomic, radiologic, and longitudinal
patient evidence.

WSIs describe tissue morphology; Data-driven models learn alignment, Links technical advances to
Radiology captures organ-level context; fusion, and scalable representations. deployment barriers: missing
Genomics reveal functional perturbations; Knowledge-driven methods inject modalities, scanner and stain

EHR & Omics Reports encode clinical trajectories and topology, prompts, and human variation, and the need for

WSI Radiolo : . : - : : :
sy IR profiles expert reasoning. feedback for interpretability and trust. pathologist-valid explanations.

2. Graphical Abstract: multimodal pathology Al at a glance

Data-and Knowledge-Driven Multimodal Learning in Computational Pathology: A Comprehensive Survey
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Multimodal CPath connects patient-level data with data- and knowledge-driven Al to support diverse downstream tasks in clinical practice.

3. Hierarchical desigh taxonomy 4. Multimodal fusion taxonomy 5. Multimodal alighment taxonomy
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6. Foundation models taxonomy
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Modality & Knowledge:
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- Multi-Stain TANGLE[59], THREADS[79]

B

Biomedical
SSAE[85], SNMF[86], CSS[87],W H.et.al[88 - . S
knowledge | [65] 1561, €[0 b nrang 1ot olbe] E. Intermediate Fusion - guided . F.Legend

Genomics-Guided Cross-Attention

{ Kn;‘:;’\t::ge} ?(?\?)nv:f;(g;:l : Pathomic Fusion[35], NASH[91], S-MTOP[92] _  reprsniion : TT (Ep?fr? SN, SN, otc) | ” ereseHENG P ret ra i n i n g fra mewor k:
| * Contrastive / Distillation / Masked Modeling

Segment
Prompt

B R ) - ' - Architecture & Data scale:
_f Human-Al | Chen.et.al[100], Nan.eLal[101] . . = e . s' ¢ ViT‘S / B / H / G & LO ngNet for PrOV_Giga Path

Collaboration
- J

BiomedParse[94], PathSegmentor[95]

7. Future directions for trustworthy multimodal CPath

Unified representations Dynamic fusion Knowledge-driven Al Trustworthy evaluation Robust generalization

Align WSIs, omics, radiology, Adapt to missing modalities, Encode diagnostic criteria, Avoid public-data leakage and Handle scanner, stain, center,
reports, mlF, 3D pathology, and noisy data inputs, latency, and biomedical priors, and build clinically meaningful, specimen-quality, and rare-case
longitudinal slides unequal data reliability pathologist-verifiable reasoning validated benchmarks shifts




	Untitled Section
	Slide 1


