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Beyond the H&E Slide: Uncovering Hidden Histopathological Signatures with Spatial Omics and Artificial Intelligence
Abstract
Haematoxylin-and-eosin (H&E) histology remains the visual backbone of tissue diagnosis, yet routine morphology is only a partial projection of the molecular and cellular states that generate it. Spatial transcriptomics, multiplexed spatial proteomics and related spatial molecular technologies now provide a means to test which latent biological programmes are genuinely coupled to microscopic architecture, while artificial intelligence (AI) can learn those cross-modal relationships at scales inaccessible to unaided visual assessment. This critical narrative review examines how spatial omics and AI are changing the interpretation of H&E sections from descriptive morphology towards spatially grounded molecular phenotyping. Literature published from 1 January 2015 to 3 July 2026 was appraised, with earlier or adjacent evidence considered only when necessary to establish methodological context. The strongest evidence shows that histology contains reproducible signals of cellular composition, proliferation, immune organisation, stromal state and selected molecular programmes, and that paired spatial omics can localise and validate those associations. However, predictive success is uneven across genes, tissues and acquisition settings. Spatial autocorrelation, mixed-cell capture spots, section-registration error, library-size effects, stain and scanner variation, gene-selection bias and patient-level data leakage can create apparently convincing spatial predictions without establishing cell-intrinsic molecular inference. Recent foundation models improve representation quality and data efficiency, but their scale does not remove the need for molecular ground truth, external validation or uncertainty calibration. The most defensible near-term role for virtual spatial omics is therefore not replacement of definitive assays, but triage, cohort enrichment, hypothesis generation and targeted confirmation. Progress towards clinical deployment will require patient-level and institution-level validation, explicit morphology-to-molecule identifiability limits, spatially appropriate metrics, prospective workflow studies and models trained against high-resolution multimodal reference data. Spatial omics is most valuable not because it makes H&E obsolete, but because it provides the reference layer needed to determine what H&E truly contains and what AI merely appears to infer.
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1. Introduction
Histopathology is fundamentally a study of phenotype in place. The H&E section records tissue architecture, nuclear and cytoplasmic morphology, extracellular matrix, inflammatory infiltrates, necrosis, vascular structures and the spatial relationships among these elements. For more than a century, those visual features have supported diagnosis, grading and classification because cellular state leaves morphological consequences. Yet the same section is also an information bottleneck: many distinct molecular states can produce similar appearances, subtle molecular differences may be visually imperceptible, and conventional interpretation compresses a gigapixel image into categorical descriptors. The central question is therefore not whether H&E contains molecular information, but which molecular states are identifiable from morphology, at what spatial scale, with what uncertainty, and under which technical and biological conditions.
Early computational pathology demonstrated that H&E images can carry signals associated with genomic or transcriptomic phenotypes. Deep learning distinguished lung cancer subtypes and predicted selected mutations, while related work predicted microsatellite instability from gastrointestinal cancer histology and developed weakly supervised whole-slide systems capable of learning clinically relevant morphological representations (Campanella et al., 2019; Coudray et al., 2018; Kather et al., 2019). HE2RNA subsequently showed that slide-level RNA-sequencing profiles could be predicted to varying degrees from whole-slide images and used model attribution to generate virtual spatial maps (Schmauch et al., 2020). These studies were important proofs of principle, but the molecular labels were usually bulk or slide-level measurements. They could establish image–molecular association, yet could not determine whether a locally highlighted region truly expressed the predicted programme.
Spatial omics changes that evidential problem. Spatial transcriptomic technologies preserve the position of RNA measurements within tissue, beginning with array-based spatial transcriptomics and advancing through denser sequencing arrays and imaging-based methods capable of cellular or subcellular localisation (Chen et al., 2015; Eng et al., 2019; Rodriques et al., 2019; Ståhl et al., 2016; Stickels et al., 2021; Vickovic et al., 2019). Multiplexed protein imaging provides a complementary view in which cell identities, signalling states and neighbourhoods can be measured in situ (Goltsev et al., 2018; Jackson et al., 2020; Keren et al., 2018; Schürch et al., 2020). These platforms do more than add another data layer. They create spatially explicit reference measurements against which the biological content of morphology can be tested.
The resulting research field has developed along two reciprocal directions. In one, histology assists analysis of spatial omics by improving spatial-domain identification, interpretation or multimodal alignment, as illustrated by SpaGCN, iIMPACT and related graph-based or image-integrative approaches (Hu et al., 2021; Jiang et al., 2024). In the other, spatial molecular data supervise models that infer gene expression or molecular states from H&E alone. ST-Net established a direct local mapping from breast tumour morphology to spatial gene expression, followed by architectures that model longer-range spatial context, graph structure, multimodal representation or super-resolution, including Hist2ST and iStar (He et al., 2020; Zeng et al., 2022; Zhang et al., 2024). The direction of travel is towards increasingly fine predicted maps, but finer output grids do not necessarily imply finer molecular truth.
Recent pathology foundation models further alter the computational landscape. Large self-supervised image encoders and visual-language models can learn transferable tissue representations from very large H&E corpora, while whole-slide foundation models capture context beyond individual tiles (Chen et al., 2024; Lu et al., 2024; Xu et al., 2024). These representations reduce task-specific annotation requirements and may improve cross-modal mapping. Nevertheless, their pre-training objectives are not equivalent to spatial molecular supervision. A representation can be excellent for tumour classification, retrieval or report alignment yet remain poorly calibrated for a particular gene, protein state or cell–cell interaction. The crucial distinction is between a visually predictive representation and a biologically identified molecular mechanism.
Several recent reviews have catalogued spatial multi-omics technologies, AI integration strategies and the growing role of histopathology in spatial analysis (Agrawal & Thomann, 2026; McKenzie et al., 2026; Patel & Klimowicz, 2026). Hao et al. (2026) organise the histopathology-centred computational field into integration, mapping and foundation-model paradigms. That taxonomy clarifies the computational evolution, but an unresolved interpretive problem remains: when AI predicts a molecular map from H&E, what exactly has been uncovered? A model may learn cell composition, local architecture, tissue-processing artefacts, cohort-specific shortcuts or genuine cell-intrinsic molecular state, and common performance metrics do not reliably distinguish among these possibilities. This question is central to whether “hidden histopathological signatures” become useful biomarkers or merely compelling visualisations.
1.1 Scope, Research Gap and Objectives
This review focuses on the interface between routine H&E histopathology, spatially resolved molecular measurements and AI-based inference. The primary emphasis is human disease tissue, particularly cancer because it currently provides the deepest paired histology–spatial-omics evidence, while methodologically informative non-neoplastic studies are included where they clarify general principles. Spatial transcriptomics and multiplexed spatial proteomics receive greatest attention because they offer the most mature reference data for linking morphology to molecular state. The review does not attempt to catalogue every spatial-omics platform or every computational architecture. Instead, it evaluates what constitutes a defensible hidden histopathological signature, how spatial omics can validate or falsify image-derived molecular claims, why benchmark performance can be misleading, and what evidence is required before inferred spatial molecular maps can influence clinical decisions. The intended contribution is an integrated framework that separates morphological association from spatial molecular validation and, in turn, from clinical actionability.
2. Methods for Literature Selection
2.1 Review Design and Rationale
A critical narrative review design was selected because the relevant evidence spans laboratory technology, computational method development, pathology AI, spatial statistics, multimodal integration and translational studies, with substantial heterogeneity in assays, tissues, outcomes and validation strategies. These differences make a single pooled effect estimate neither meaningful nor methodologically defensible. The review nevertheless used an explicit literature-selection and appraisal process. Narrative-review quality principles were informed by the SANRA framework, particularly the requirements for a clearly justified review question, transparent information sources, appropriate referencing, scientific reasoning and presentation of relevant endpoint data (Baethge et al., 2019). The purpose was not to claim systematic-review completeness, but to reduce unsystematic selection and to make the basis of the critical synthesis reproducible.
2.2 Information Sources
Literature searching used PubMed, Europe PMC, PubMed Central, OpenAlex, OpenAIRE, DOAJ, Semantic Scholar and Google Scholar. Crossref records and DOI landing pages were used to verify bibliographic metadata and DOI resolution. Search results were supplemented by backward citation searching from foundational and recent reviews, forward citation searching of key spatial-transcriptomics and computational-pathology papers, and related-article searching for benchmark, validation and methodological studies. PubMed and PubMed Central were particularly useful for biomedical studies with complete author and DOI metadata, while the broader scholarly indexes were used to identify computational and cross-disciplinary work not consistently retrieved by a single biomedical search.
2.3 Search Strategy and Search Period
The principal search period was 1 January 2015 to 3 July 2026. The starting point corresponds to the emergence of highly multiplexed spatial RNA imaging and the period immediately preceding array-based spatial transcriptomics, after which direct spatial molecular–histological integration became technically feasible. Searches combined terms for routine histology ("H&E", "haematoxylin eosin", "histopathology", "whole slide image"), spatial molecular profiling ("spatial transcriptomics", "spatial omics", "spatial proteomics", "multiplexed imaging", "single-cell spatial"), and computation ("artificial intelligence", "deep learning", "foundation model", "multimodal", "graph neural network", "gene expression prediction", "super-resolution", "molecular prediction"). Representative Boolean combinations included ("H&E" OR histopathology) AND ("spatial transcriptomics" OR "spatial omics") AND ("deep learning" OR "artificial intelligence"), and (histology AND "gene expression prediction") AND (spatial OR transcriptomics). Searches for limitations combined these concepts with "benchmark", "generalisation", "domain shift", "data leakage", "spatial autocorrelation", "normalisation", "spot swapping" and "uncertainty".
2.4 Eligibility Criteria
Eligible sources were peer-reviewed journal articles that contributed directly to one or more of the following: development or validation of spatial molecular technologies relevant to tissue histology; computational integration of histology with spatial omics; prediction of molecular phenotypes or spatial gene expression from pathology images; spatially resolved analysis of tissue microenvironments; pathology foundation models relevant to multimodal inference; or methodological evidence concerning artefacts, generalisability and translational validity. Human studies were prioritised for interpretive and clinical claims. Method-development studies using animal tissue were retained where they established technical capabilities or analytical limitations with direct relevance to human pathology. English-language articles were used because reliable full bibliographic and methodological verification was required. Conference abstracts, commercial promotional material, unverifiable publications and preprints with a peer-reviewed version available were excluded. No geographical restriction was applied.
2.5 Screening, Duplicate Handling and Study Selection
Titles and abstracts were assessed for direct relevance to morphology–molecule relationships, spatial validation or methodological validity. Full texts or detailed indexed records were then examined when needed to establish study design, tissue source, spatial resolution, model input and output, validation approach and limitations. Duplicate records were reconciled using DOI, PubMed identifier and exact-title matching, with the peer-reviewed version retained when a preprint and journal article described the same work. Sources whose identity, publication status or DOI could not be verified were not used. Numerical screening counts are not reported because selection was iterative and purposive, consistent with the critical narrative design rather than a prospectively registered systematic-review workflow.
2.6 Critical Appraisal and Evidence Synthesis
Evidence was appraised according to the question each study was capable of answering. For assay papers, emphasis was placed on spatial resolution, molecular breadth, sensitivity, tissue compatibility and sources of measurement error. For AI studies, appraisal considered the level of molecular supervision, patient-level independence of training and testing, external validation, spatial resolution of ground truth, tissue and scanner diversity, gene-selection procedures, metric choice, uncertainty reporting and evidence that the inferred signal was cell-intrinsic rather than neighbourhood- or composition-driven. For translational claims, greater weight was given to multi-institutional or out-of-domain validation than to within-cohort cross-validation. No formal risk-of-bias score was assigned because the evidence comprises fundamentally different study classes. The synthesis was organised around the evidential chain from morphology, through spatial molecular validation, to potential clinical use, with contradictions interpreted in relation to assay granularity, biological identifiability and dataset structure.
3. Why H&E Contains More Than Meets the Eye: Morphology as a Molecular Phenotype
The proposition that H&E contains latent molecular information is biologically plausible because morphology is produced by molecular processes. Proliferation changes nuclear density and mitotic activity; differentiation alters cytoplasmic architecture; extracellular-matrix programmes reshape stroma; immune activation changes the abundance and organisation of inflammatory cells; hypoxia and metabolic stress can accompany necrosis and altered vascular patterns. A machine-learning model can therefore detect statistical traces of biology that are difficult to formalise as conventional diagnostic features. The important qualification is that morphology reflects an integrated phenotype. The same visual pattern can arise from different molecular causes, and a molecular programme can exist before it produces a visible structural consequence. Morphology-to-molecule inference is thus an inverse problem that is intrinsically many-to-one in some regions of biological state space.
Whole-slide molecular prediction studies established this inverse problem before spatial omics became widely available. Coudray et al. (2018) showed that deep learning could predict selected mutations in lung adenocarcinoma from H&E with heterogeneous performance across genes, and Kather et al. (2019) showed that microsatellite instability could be inferred from gastrointestinal cancer images with external validation. HE2RNA extended the concept from discrete biomarkers to transcriptome-wide regression, showing that some gene-expression signals were substantially more predictable than others and that image regions contributing to prediction could be localised computationally (Schmauch et al., 2020). These results should not be read as evidence that the transcriptome is visually encoded in full. Rather, they show that subsets of molecular variation covary with tissue phenotype strongly enough to be recoverable from images.
Spatial transcriptomics provides a stronger test because prediction can be evaluated against local rather than whole-tissue measurements. The original spatial transcriptomics approach retained two-dimensional positional information while measuring broad gene expression in tissue sections, and later technologies increased capture density and sensitivity (Rodriques et al., 2019; Ståhl et al., 2016; Stickels et al., 2021; Vickovic et al., 2019). Imaging-based methods such as MERFISH and seqFISH+ take a different route by locating transcripts directly within cells and can reach cellular or subcellular spatial precision for targeted or highly multiplexed panels (Chen et al., 2015; Eng et al., 2019). The two technological families therefore pose different validation questions: sequencing-based platforms offer broad molecular coverage but can mix cells within capture units, whereas imaging-based platforms improve spatial attribution but may trade breadth, throughput or assay complexity.
A central consequence is that “ground truth” in spatial pathology is assay-dependent. A Visium-sized spot may represent several cells, so a model that predicts the spot transcriptome from a local H&E patch can succeed primarily by recognising cell composition. That is biologically useful, but it differs from inferring the transcriptional state of each individual cell. Near-cellular arrays reduce mixture but do not eliminate capture efficiency and contamination issues. Imaging-based spatial transcriptomics can localise transcripts more precisely, yet segmentation errors can assign transcripts to the wrong cell, and targeted panels constrain discovery. The appropriate interpretation of an AI output must therefore match the spatial and molecular resolution of its training label rather than the visual resolution of the output map.
Spatial proteomics demonstrates another dimension of hidden histological information. CODEX and imaging mass cytometry have shown that tissues with similar conventional appearances can contain distinct cell phenotypes and neighbourhood arrangements. In triple-negative breast cancer, multiplexed ion beam imaging revealed compartmentalised versus mixed tumour–immune architectures and spatially patterned checkpoint expression (Keren et al., 2018). Imaging mass cytometry across hundreds of breast cancers identified single-cell phenotypes and multicellular structures associated with distinct clinical outcomes (Jackson et al., 2020), while CODEX analysis of colorectal cancer described conserved cellular neighbourhoods at the invasive front (Schürch et al., 2020). These findings emphasise that clinically relevant tissue state is often relational: which cells are adjacent, segregated or organised into boundaries can matter as much as the abundance of any one marker.
The spatial reference layer also changes how image features are interpreted. Conventional saliency maps show which pixels influence a prediction but cannot identify the biological process responsible. When image patches are co-registered with spatial RNA or protein measurements, image features can instead be associated with locally measured pathways, cell states or neighbourhoods. SpaGCN explicitly integrates expression, physical location and histology to identify coherent spatial domains, whereas iIMPACT reconstructs histology-informed domains and links them to differential expression (Hu et al., 2021; Jiang et al., 2024). These approaches move interpretation from “the model looked here” towards “this morphological region is associated with this measured molecular state”, although association still does not establish causality.
Spatial molecular measurements themselves are not neutral observers. Ni et al. (2022) demonstrated spot swapping, in which RNA associated with one location can contaminate nearby locations in array-based spatial transcriptomics. Bhuva et al. (2024) showed that library size can correlate with genuine tissue structure, meaning routine single-cell normalisation practices can inadvertently remove biological spatial variation. These examples are particularly relevant to AI because a model can learn any reproducible property of the label, including technical structure. If spatial artefacts correlate with morphology or tissue boundaries, an image model may reproduce the artefact faithfully and appear biologically accurate. Validation therefore requires understanding the measurement process that generated the target, not only the prediction metric.
The strongest conceptual model is consequently not that H&E is a compressed omics assay, but that it is a phenotype layer generated by partly observable biological processes. Some processes have high morphological penetrance, such as broad cell composition, mitotic activity, necrosis or dense lymphoid aggregation. Others may be weakly or conditionally visible, such as receptor signalling states, subtle metabolic programmes or mutations without a distinctive phenotype. Spatial omics helps estimate where along this continuum a candidate signature lies. It can also reveal when a model's apparent molecular skill is actually explained by a more proximate variable such as tumour purity, lymphocyte density or stromal content.
Taken together, the spatial modalities differ in what they can legitimately validate. Table 1 summarises the main molecular lenses relevant to H&E-centred inference and highlights why “resolution” must be interpreted together with molecular breadth, capture mechanism and analytical vulnerability. No single platform supplies an error-free reference; triangulation across modalities is therefore more persuasive than agreement with one assay alone.
Table 1
Spatial omics modalities as molecular lenses on H&E morphology
	Modality
	Typical spatial unit
	Molecular breadth
	What it reveals beyond H&E
	Principal analytical vulnerability
	Supporting references

	Array-based spatial transcriptomics
	Multicellular spot to near-cellular capture unit
	Broad transcriptome
	Local gene programmes, compartment composition and tissue gradients
	Cell mixing, variable capture, spot swapping and resolution-dependent attribution
	(Ni et al., 2022; Ståhl et al., 2016; Stickels et al., 2021; Vickovic et al., 2019)

	Bead-based high-density sequencing
	Near-cellular bead array
	Broad transcriptome
	Finer molecular boundaries and local gradients than conventional spot arrays
	Sensitivity, sparse counts, registration and effective capture area
	(Rodriques et al., 2019; Stickels et al., 2021)

	Imaging-based RNA profiling
	Single cell to subcellular
	Targeted to very high multiplexity
	Cell-state heterogeneity and subcellular transcript localisation
	Segmentation, optical crowding, panel design and tissue-specific assay performance
	(Chen et al., 2015; Eng et al., 2019)

	Multiplexed spatial proteomics
	Single cell to subcellular
	Targeted protein panels
	Phenotype, signalling state, cell–cell adjacency and immune/stromal neighbourhoods
	Marker-panel dependence, segmentation and antibody performance
	(Goltsev et al., 2018; Jackson et al., 2020; Keren et al., 2018; Schürch et al., 2020)

	Integrated multimodal spatial analysis
	Cross-scale, depending on component assays
	RNA, protein and/or cell-state layers
	Triangulation of morphology, cell identity and local molecular state
	Cross-modality registration, batch effects and discordant spatial resolution
	(Biancalani et al., 2021; Janesick et al., 2023; Kleshchevnikov et al., 2022)


Note. H&E, haematoxylin and eosin; RNA, ribonucleic acid.
4. From Co-registration to Prediction: AI Paradigms Linking H&E and Spatial Omics
AI enters the spatial-omics workflow at several distinct levels, and conflating them can obscure what a model has actually learned. The least speculative use is histology-assisted interpretation of measured spatial omics: image features improve domain detection, segmentation or alignment while molecular data remain directly observed. A second use is multimodal integration, in which histology and omics are embedded jointly to identify shared tissue states. A third is mapping, where measured spatial omics supervise a model that later predicts molecular values from H&E alone. A fourth is super-resolution, where coarse molecular measurements are redistributed or inferred at a finer spatial grid. The evidential burden increases along this sequence because later paradigms increasingly create molecular information computationally rather than merely organising observed measurements.
Histology-informed spatial-domain methods illustrate the first two paradigms. SpaGCN represents spots as a graph and integrates gene expression, spatial coordinates and histological information, improving the delineation of domains whose boundaries may be clearer morphologically than transcriptionally (Hu et al., 2021). iIMPACT similarly uses image and molecular profiles to define histology-based spatial domains and identify domain-specific differentially expressed genes (Jiang et al., 2024). STAGATE learns spatially informed latent representations from gene expression and neighbourhood structure, while cell2location and Tangram address complementary problems of deconvolving or mapping cell states into spatial measurements (Biancalani et al., 2021; Dong & Zhang, 2022; Kleshchevnikov et al., 2022). These approaches demonstrate an important principle: spatial molecular data are rarely interpretable without explicit modelling of neighbourhood structure and cell mixture.
Direct morphology-to-spatial-expression prediction began with relatively local models. ST-Net paired breast cancer H&E patches with spatial transcriptomic spots and showed that more than one hundred genes exhibited predictable local expression at approximately the scale of the underlying capture regions (He et al., 2020). Hist2ST introduced transformer and graph components to model visual and spatial dependencies, representing a shift from independent patch regression towards models that use neighbourhood structure explicitly (Zeng et al., 2022). These studies improved benchmark correlations, yet their output remains constrained by the spatial granularity and noise of the data used for training.
Newer models increasingly use powerful image representations or contrastive alignment. iStar extracts hierarchical image features and integrates them with measured spatial transcriptomics to infer super-resolution tissue architecture (Zhang et al., 2024). A recent multimodal transformer framework aligns histology and transcriptomic representations through contrastive learning, illustrating the move from simple regression towards explicit cross-modal representation learning (Wang et al., 2026). In parallel, whole-slide models such as SEQUOIA show that image-based transcriptomic prediction can scale across tumour types and external cohorts, with local spatial analyses used as an additional validation layer (Pizurica et al., 2024). The common ambition is to learn a representation in which morphological proximity corresponds to biologically meaningful molecular proximity.
Benchmarking reveals that architecture alone does not determine translational performance. Wang et al. (2025) reproduced and compared eleven spatial gene-expression prediction methods across five spatially resolved transcriptomic datasets and then assessed external relevance using The Cancer Genome Atlas. Their results confirmed that histology contains learnable spatial expression signal while also exposing limitations in generalisability, usability and translational potential. This is a crucial corrective to single-dataset leaderboards. In a small spatial cohort, a model can improve average correlation by exploiting cohort-specific staining, recurring anatomical regions or local autocorrelation; only external data begin to test whether the learnt relation survives new patients, laboratories and tissue-processing conditions.
The multiscale MISO study provides a particularly informative example of both progress and limitation. Schmauch et al. (2025) trained on 72 colorectal cancer Visium samples, expanded evaluation to hundreds of samples from multiple indications and tested out-of-domain transfer on the heterogeneous HEST-1k resource. Performance declined in heterogeneous external data relative to more closely matched settings, and improved when image resolution was better matched and when training diversity increased. Rather than undermining the method, this pattern is scientifically useful: it shows that morphology-to-expression mapping is conditional on acquisition domain, tissue context and training support. The study also introduced gene-specific estimates of an upper predictive bound, foregrounding the idea that some targets are intrinsically more recoverable from morphology than others.
Claims of single-cell or super-resolution inference deserve special scrutiny. A model may be trained on spot-level values and then output expression on a much finer grid through architectural interpolation, distillation or image conditioning. Such a map can be spatially plausible while containing information that was never independently observed at that resolution. iStar mitigates this concern by integrating high-resolution histology with measured spatial transcriptomics and evaluating super-resolution tissue architecture (Zhang et al., 2024). GHIST goes further by training against subcellular spatial transcriptomic information and using multi-task biological constraints to predict expression at single-cell resolution (Fu et al., 2025). These advances strengthen the reference layer, but the label “single-cell” should still be reserved for outputs validated against independently measured single-cell or subcellular molecular data rather than inferred segmentation alone.
Foundation models change the feature extractor but not the epistemic requirements. UNI was trained on very large collections of H&E images and demonstrated transfer across numerous computational-pathology tasks, CONCH aligned histopathology images with biomedical text, and Prov-GigaPath learnt both tile-level and whole-slide representations from real-world data at substantial scale (Chen et al., 2024; Lu et al., 2024; Xu et al., 2024). These models provide richer representations than ImageNet-pretrained backbones and can reduce the paired spatial-omics sample size needed for downstream learning. Yet a foundation model may also encode institution, scanner, stain, specimen type or diagnostic context. Cross-modal fine-tuning with spatial omics is therefore not simply an enhancement; it is the step that tests whether a general pathology representation aligns with molecular biology rather than with correlated provenance.
A further emerging paradigm uses spatial omics to explain outcome-associated morphology rather than to predict every gene. (Kulkarni et al., 2026) combined pathology foundation-model features, weakly supervised outcome modelling and spatial transcriptomic analysis to connect morphological patterns in HER2-positive breast cancer with candidate molecular mechanisms. Conceptually, this reverses the usual question. Instead of asking whether H&E can reconstruct a transcriptome, it asks which molecular programmes may drive an image pattern that already carries outcome information. Such targeted cross-modal explanation may be more biologically efficient than exhaustive gene prediction because it narrows molecular inference to clinically relevant morphological strata.
Table 2 distinguishes these AI paradigms by the direction of information flow and by their dominant failure modes. This distinction matters for interpretation: a model that integrates observed omics is not equivalent to one that synthesises omics, and a super-resolved output cannot be assumed to have super-resolved molecular accuracy unless the validation data have comparable resolution.
Table 2
AI paradigms linking morphology and spatial molecular data
	Paradigm
	Information flow
	Representative examples
	Main inferential strength
	Dominant failure mode
	Supporting references

	Histology-assisted spatial-domain analysis
	H&E + measured spatial omics → domains
	SpaGCN; iIMPACT
	Uses morphology to sharpen or interpret molecular tissue boundaries
	Image contrast can dominate weak molecular evidence or reinforce artefactual boundaries
	(Hu et al., 2021; Jiang et al., 2024)

	Cross-modal mapping and deconvolution
	Single-cell/molecular reference ↔ spatial assay
	Tangram; cell2location; STAGATE
	Places cell states into tissue context and resolves mixed capture units
	Reference mismatch, compositional assumptions and neighbourhood smoothing
	(Biancalani et al., 2021; Dong & Zhang, 2022; Kleshchevnikov et al., 2022)

	Direct H&E-to-spatial expression
	H&E → local gene expression
	ST-Net; Hist2ST; later multimodal predictors
	Tests which molecular programmes are locally recoverable from routine morphology
	Small patient numbers, spot-level supervision and gene-dependent identifiability
	(He et al., 2020; Wang et al., 2025, 2026; Zeng et al., 2022)

	Super-resolution molecular mapping
	Measured coarse spatial data + H&E → finer predicted map
	iStar; MISO; GHIST
	Uses high-resolution morphology to localise molecular programmes more finely
	Rendered resolution can exceed independently measured molecular resolution
	(Fu et al., 2025; Schmauch et al., 2025; Zhang et al., 2024)

	Foundation-model adaptation
	Large pathology pretraining → spatial/molecular task
	UNI; CONCH; Prov-GigaPath
	Provides broad morphology representations with reduced task-specific annotation
	Pretraining diversity does not guarantee sensitivity to a target molecular state
	(Chen et al., 2024; Lu et al., 2024; Xu et al., 2024)

	Outcome-to-morphology-to-mechanism analysis
	Clinical outcome → image phenotype → spatial molecular explanation
	Multimodal outcome-associated morphology framework
	Links a clinically relevant image pattern to spatially localised candidate mechanisms
	Mechanistic interpretation remains associative without perturbation or orthogonal confirmation
	(Kulkarni et al., 2026)


Note. AI, artificial intelligence; H&E, haematoxylin and eosin.
5. Hidden Histopathological Signatures Revealed by Spatially Grounded Models
The phrase “hidden histopathological signature” is useful only if it denotes more than a high-dimensional image feature. A defensible signature should satisfy at least three conditions: it is reproducibly detectable in morphology, it corresponds to a locally measured biological state, and the relationship survives relevant technical and patient-level variation. Spatial omics is uniquely suited to the second condition because it can test whether an image-defined region contains the proposed molecular programme. The evidence to date suggests that hidden signatures are most credible when they arise from tissue composition and organised multicellular states, and less secure when they claim highly specific cell-intrinsic molecular events without a strong morphological consequence.
Tumour-cell programmes provide one class of signature. ST-Net demonstrated local prediction of gene expression linked to tumour growth and immune activation in breast cancer (He et al., 2020), while later models extended local prediction to broader and more heterogeneous settings (Fu et al., 2025; Wang et al., 2025; Zeng et al., 2022). At the whole-slide level, Coudray et al. (2018), Kather et al. (2019) and Schmauch et al. (2020) showed that morphology contains signals of selected mutations, microsatellite instability and transcriptomic programmes. The critical pattern across these studies is selectivity: predictive performance is not uniform across molecular targets. Genes involved in proliferation, differentiation, immune infiltration or abundant lineage programmes tend to have stronger morphological correlates than sparsely expressed or weakly phenotype-coupled genes.
Immune organisation is among the strongest spatially grounded signatures because immune cells are themselves morphologically visible and their arrangement creates tissue-scale patterns. Keren et al. (2018) showed that triple-negative breast cancers could be distinguished by mixed versus compartmentalised tumour–immune organisation, with spatially patterned immune-regulatory proteins. Schürch et al. (2020) identified coordinated cellular neighbourhoods at the colorectal cancer invasive front, demonstrating that prognostic information can reside in local cell combinations rather than global immune-cell abundance. Spatial-LDA formalised this idea by learning recurring tissue microenvironments from multiplexed images (Chen et al., 2020). For H&E AI, these studies imply that a model may predict immune-related transcriptomic signals because it sees lymphocyte density, tertiary lymphoid structures, tumour–immune boundaries and stromal context rather than because it directly recognises individual cytokine transcripts.
Stromal and extracellular-matrix states form another plausible class. Fibroblast-rich regions, desmoplasia, collagen organisation, vascularity and invasive interfaces have direct morphological manifestations. Spatial transcriptomics can resolve whether such regions are associated with fibroblast subtypes, extracellular-matrix programmes or tumour-cell states, while spatial proteomics can quantify the phenotype of adjacent stromal and immune cells. In squamous cell carcinoma, multimodal spatial analysis revealed distinct tumour, stromal and immune states arranged across tissue architecture (Ji et al., 2020). In breast cancer, imaging mass cytometry showed that multicellular tissue organisation can stratify tumours beyond conventional morphology (Jackson et al., 2020). These findings support the idea that AI can expose histologically subtle stromal programmes, but they also warn against reducing a stromal molecular signature to one cell type when the image pattern reflects a multicellular niche.
Spatial omics can also reveal boundary states that are difficult to appreciate visually. Janesick et al. (2023), integrating single-cell, spatial and in situ measurements in breast cancer, identified rare boundary cells at the myoepithelial interface and molecular differences associated with progression towards invasion. Such states exemplify why spatial information matters: bulk sequencing would dilute a rare boundary population, while routine H&E might register only a subtle architectural change. A paired model can potentially learn the morphology of that interface, but its validity depends on sufficient examples across patients and on precise co-registration. Otherwise, the model may learn a generic ductal boundary rather than the specific molecular transition of interest.
A further category comprises molecular phenotypes whose morphological correlate is indirect. Microsatellite instability, receptor signalling, pathway activation and selected genomic alterations can influence cell composition, differentiation or immune infiltration, creating inferable image signatures without being visually represented as molecular events themselves (Coudray et al., 2018; Kather et al., 2019). This distinction is clinically important. If an AI model predicts a mutation because the mutation commonly causes a recognisable phenotype in the training cohort, the prediction can be useful as a screening biomarker, but it is not a visual measurement of genotype. Spatial omics can help unpack the mediation chain by determining whether the image region corresponds to a downstream cellular programme rather than to the molecular alteration directly.
The relation between morphology and mechanism becomes clearer when models are used to interrogate outcome-associated patterns. Kulkarni et al. (2026) linked morphological patterns associated with trastuzumab response to spatially localised molecular programmes in HER2-positive breast cancer. This type of design is attractive because it begins with a clinically relevant morphological signal, then asks which spatial molecular mechanisms distinguish it. It reduces the temptation to interpret every predicted gene as equally meaningful and can generate testable mechanistic hypotheses. The weakness is that mechanism remains associative unless followed by perturbation, functional validation or prospective confirmation. Spatial colocalisation narrows the hypothesis but does not prove that the identified pathway caused the morphological pattern or treatment response.
The evidence is therefore strongest for signatures that are spatial, compositional and mesoscale: tumour–immune compartmentalisation, cellular neighbourhoods, invasive interfaces, proliferative zones and stromal programmes. Confidence decreases for narrowly specified molecular states when training labels are coarse, samples are small or validation is within the same cohort. Table 3 summarises representative hidden signatures, the biological basis for their visibility and the principal interpretive caveat. The central lesson is that the most credible “hidden” signal is often not an invisible molecule but an overlooked spatial organisation of visible cells that spatial omics assigns a molecular meaning.
Table 3
Representative hidden histopathological signatures and the evidential basis for interpreting them
	Signature
	Morphological carrier
	Spatial-omics evidence
	Current confidence
	Main caveat
	Supporting references

	Cell composition and lineage programme
	Cell density, nuclear/cytoplasmic form, glandular or stromal architecture
	Spatial RNA and cell-mapping methods resolve local cell-type mixtures and states
	High for broad composition; lower for fine states
	Spot-level prediction may mainly recover composition rather than cell-intrinsic expression
	(He et al., 2020; Janesick et al., 2023; Kleshchevnikov et al., 2022)

	Proliferative and metabolic programmes
	Mitotic activity, cellularity, necrosis and growth pattern
	Image-derived transcriptomic models recover subsets of cell-cycle and metabolic expression programmes
	Moderate and gene dependent
	Predictability varies with tumour type and may reflect correlated composition
	(Pizurica et al., 2024; Schmauch et al., 2020; Wang et al., 2025)

	Immune neighbourhoods
	Lymphocyte-rich regions, immune exclusion and tumour–immune boundaries
	Multiplexed protein imaging resolves mixed versus compartmentalised immune organisation and cellular neighbourhoods
	High for mesoscale architecture
	Marker panels and segmentation limit cell-state definition; outcome association is context dependent
	(Jackson et al., 2020; Keren et al., 2018; Schürch et al., 2020)

	Stromal and extracellular-matrix states
	Desmoplasia, collagen-rich stroma, vessel-associated and fibroblast-rich regions
	Spatial molecular domains distinguish stromal programmes that can look similar on H&E
	Moderate to high for broad stromal states
	Serial-section registration and stromal heterogeneity can weaken localisation
	Ji et al. (2020); (Hu et al., 2021; Jiang et al., 2024)

	Invasive and tumour-state boundaries
	Tumour–stroma interface, differentiated/undifferentiated edges and transition zones
	Integrated single-cell and spatial assays identify molecularly distinct boundary states
	High when boundaries are independently measured
	Boundary definitions may depend on assay resolution and section geometry
	(Janesick et al., 2023; Ji et al., 2020; Schürch et al., 2020)

	Selected genomic or receptor surrogates
	Distributed morphology, tumour architecture and microenvironmental correlates
	Whole-slide AI predicts selected mutations or molecular phenotypes; spatial data can localise associated tissue programmes
	Moderate for selected targets; not generalisable to all genes
	A molecular alteration without a stable morphological phenotype is poorly identifiable from H&E
	Coudray et al. (2018); Kather et al. (2019); (Kulkarni et al., 2026)


Note. Confidence is a qualitative judgement from the reviewed evidence and is not a formal risk-of-bias score. H&E, haematoxylin and eosin; RNA, ribonucleic acid.
6. Why Impressive Benchmarks Can Mislead: Methodological and Epistemic Failure Modes
The technical sophistication of a morphology-to-omics model can obscure a simpler question: was the test genuinely independent of the information available during training? Spatial datasets are unusually vulnerable to leakage because thousands of spots or cells can arise from a small number of patients. If spots from the same tissue section are randomly divided between training and testing, the model encounters nearly identical staining, anatomy, clone structure and local neighbourhoods on both sides of the split. High spot-level performance can then coexist with poor patient-level generalisation. Patient-level splitting is therefore the minimum credible unit of independence, and institution-level or acquisition-domain validation is required for claims of broad translational robustness.
Spatial autocorrelation compounds this problem. Adjacent spots tend to share both morphology and gene expression, so a model can predict a target partly by learning that nearby regions resemble one another. Graph and transformer architectures deliberately exploit this structure because it is biologically informative, but benchmarking must distinguish beneficial spatial modelling from leakage across train–test boundaries. Performance should be reported at multiple levels, including gene-wise and patient-wise metrics, and external tissue sections should remain entirely unseen. For super-resolution methods, validation against the same coarse spots that supervised the model cannot demonstrate that subspot variation is correct.
The target assay can introduce additional artefacts. Spot swapping causes transcripts to appear at neighbouring capture locations and can blur biological boundaries (Ni et al., 2022). Library size is not merely a nuisance covariate in spatial data because it may itself follow tissue structure; inappropriate normalisation can therefore erase or distort real domains (Bhuva et al., 2024). Cell segmentation in imaging-based assays can misassign transcripts or proteins, and capture efficiency varies by molecule and tissue preparation. An AI model trained against such data learns the operational assay measurement, not a Platonic molecular truth. Cross-platform validation is valuable precisely because different technologies fail in different ways.
Co-registration is another underappreciated source of uncertainty. H&E and spatial molecular measurements may derive from the same section, a serial section or a section that undergoes sequential processing. Tissue distortion, tearing, differential shrinkage and section-to-section biological variation can misalign cells and molecular labels. At coarse spot resolution, small registration errors may be tolerable; at single-cell or subcellular resolution, they become decisive. A predicted signal that appears shifted by one cell diameter may be scored as wrong despite being biologically plausible, or conversely may appear correct because spatial smoothing masks misregistration. Claims of near-cellular inference therefore require explicit reporting of registration accuracy and of how unmatched regions were handled.
Gene selection can also inflate apparent performance. Many methods restrict training or reporting to highly expressed, highly variable or spatially variable genes because these targets have better signal-to-noise ratios. This is statistically reasonable but changes the scientific question from “can histology predict the transcriptome?” to “can histology predict a selected set of relatively learnable genes?”. MISO directly addressed this issue by estimating a gene-specific upper performance bound and selecting targets with sufficient expected predictability (Schmauch et al., 2025). Such identifiability-aware evaluation is preferable to averaging correlations across an arbitrary gene panel, because a low score for a biologically invisible target should not be interpreted in the same way as a low score for a strongly morphology-linked target.
Metric dependence presents a related problem. Pearson correlation emphasises linear agreement and can be dominated by broad spatial gradients; Spearman correlation rewards rank ordering; mean-squared error is sensitive to scale; and top-k gene or pathway metrics may favour abundant signals. A model can reproduce the location of tumour versus stroma and thereby achieve substantial correlation for many genes without resolving cell-intrinsic variation within either compartment. Translational evaluation should therefore include spatial boundary accuracy, cell-type-conditional performance, pathway-level agreement, calibration and uncertainty, as well as negative controls in which image–omics pairing is permuted or morphology-independent genes are tested. No single correlation coefficient can establish molecular validity.
Domain shift is particularly important in pathology. H&E appearance varies with fixation, section thickness, staining chemistry, laboratory workflow, scanner optics and image compression. Frozen sections used in many spatial transcriptomic studies differ visibly from formalin-fixed paraffin-embedded diagnostic material. Foundation models can improve robustness by learning broad representations, but they can also encode provenance. Prov-GigaPath and UNI demonstrate the benefits of large and diverse pathology pre-training, yet downstream morphology-to-omics models still require validation across the specific specimen types and institutions in which they will be used (Chen et al., 2024; Xu et al., 2024). The out-of-domain degradation observed in spatial-expression benchmarks and MISO is therefore expected rather than exceptional (Schmauch et al., 2025; Wang et al., 2025).
Biological domain shift is equally consequential. A morphology–expression relation learnt in breast cancer may not hold in liver, lung or inflammatory disease, and even within one cancer type the same pathway can have different morphological consequences according to treatment, genotype or tissue site. Wang et al. (2026) reported improved prediction on a human liver spatial dataset using multimodal contrastive learning, but a single-organ benchmark does not establish pan-tissue validity. Conversely, pan-cancer pretraining can dilute rare tissue-specific relations. Evaluation should therefore separate transfer within a tissue type, transfer across institutions, and transfer across diseases rather than treating “external validation” as a single category.
Interpretability is another frequent source of overclaim. Attention maps, feature attribution and image retrieval can identify regions that contributed to a prediction, but they do not by themselves reveal a mechanism. A model may focus on lymphocyte-rich stroma when predicting an immune gene, which is reassuring, yet the image feature could still be a proxy for cell density rather than pathway activation. Spatial molecular co-localisation improves interpretability because it adds biological measurement, as in histology-integrative domain methods and targeted morphology–mechanism frameworks (Jiang et al., 2024; Kulkarni et al., 2026). Mechanistic language should nevertheless be reserved for designs that manipulate or independently validate the implicated pathway.
Finally, apparent resolution must be separated from information resolution. A neural network can output a value for every pixel, every nucleus or every segmented cell even when its supervision came from multicellular spots. Such maps are visually persuasive because they align with cell boundaries. Yet the extra spatial detail may be generated by morphological priors and local smoothness rather than by independently observed molecular variation. Models trained against subcellular assays, such as GHIST, raise the evidential standard because the molecular labels themselves are more granular (Fu et al., 2025). Even then, cell segmentation and transcript assignment define the effective ground truth. The correct claim is therefore resolution-specific: predicted at single-cell coordinates and validated against single-cell measurements, not simply rendered at single-cell scale.
Table 4 consolidates the principal threats to valid morphology–omics inference and the corresponding safeguards. These are not secondary implementation details. They determine whether a model has discovered a transferable histopathological signature or has reproduced spatial structure and technical provenance present in its development dataset.
Table 4
Threats to valid morphology–omics inference and preferred safeguards
	Threat
	How it can mislead
	Warning sign
	Preferred safeguard
	Supporting references

	Patient leakage and spatial autocorrelation
	Neighbouring spots or same-patient sections appear in both training and testing
	Very high spot-level performance with few independent patients
	Patient-level splitting; institution-level or acquisition-domain external validation
	(Schmauch et al., 2025; Wang et al., 2025)

	Spot mixture and spot swapping
	Model learns multicellular composition or contamination rather than local cell-intrinsic state
	Smooth signals crossing sharp histological boundaries
	Deconvolution, contamination-aware preprocessing and validation with finer-resolution assays
	(Kleshchevnikov et al., 2022; Ni et al., 2022)

	Library-size and normalisation confounding
	Technical or biologically structured depth is removed or reproduced as if it were gene regulation
	Domains track total counts or tissue density more strongly than target biology
	Report count-depth structure; test alternative normalisation; include technical covariates
	(Bhuva et al., 2024)

	Image–omics misregistration
	Molecular labels are assigned to the wrong cells or regions
	Boundary disagreement concentrated around tissue interfaces
	Quantify registration error; exclude unmatched regions; use same-section or high-quality serial-section alignment
	(Janesick et al., 2023; Zhang et al., 2024)

	Gene and metric selection
	Only learnable genes or favourable metrics are emphasised
	Large differences across targets but a single mean score is highlighted
	Prespecify gene sets; report per-gene distributions; use identifiability-aware and multiple complementary metrics
	(Schmauch et al., 2025; Wang et al., 2025)

	Technical and biological domain shift
	Stain, scanner, specimen or disease differences break morphology–molecule relationships
	Sharp performance decline outside the development cohort
	External validation stratified by acquisition and biology; adaptation with held-out evaluation
	(Chen et al., 2024; Schmauch et al., 2025; Xu et al., 2024)

	Resolution inflation
	A fine output grid is interpreted as independently validated fine molecular measurement
	Single-cell-looking maps trained only on multicellular spot labels
	Match claims to reference resolution; validate fine-scale outputs against cell- or subcellular assays
	(Fu et al., 2025; Zhang et al., 2024)


Note. Safeguards are methodological priorities derived from the reviewed evidence; they are not a regulatory checklist.
7. Translational Pathology: Where Virtual Spatial Omics Could Add Value—and Where It Should Not
The translational attraction of image-derived spatial molecular maps is straightforward: H&E slides are already generated at enormous scale, whereas spatial omics remains expensive, tissue-consuming and technically demanding. If a validated model could recover a clinically relevant spatial signature from routine histology, it could extend molecularly informed tissue analysis to archival material and to cohorts for which spatial assays are infeasible. Yet this economic logic should not be confused with evidential equivalence. A predicted map is a model output conditioned on morphology; a spatial-omics measurement is an experimental observation with its own measurement error. The two may be highly concordant for selected signals without being interchangeable. Clinical value therefore depends on whether the prediction is sufficiently accurate for a defined decision, not on whether the output resembles an omics heat map.
The most defensible near-term use is discovery and cohort-scale phenotyping. Large retrospective H&E archives can be screened to identify candidate regions, tissue architectures or molecularly associated phenotypes, after which a smaller, strategically selected subset can undergo spatial transcriptomic or proteomic profiling. This design reverses the usual cost structure: rather than applying spatial omics broadly and analysing morphology afterwards, morphology becomes a sampling instrument for molecular experimentation. Foundation models may strengthen this workflow by providing robust tissue representations across large image collections, while spatial omics supplies mechanistic labels for focused validation (Chen et al., 2024; Lu et al., 2024; Xu et al., 2024). The resulting value lies in prioritisation and hypothesis generation rather than replacement of measurement.
A second plausible use is computational enrichment of clinical-trial and translational-research cohorts. Many trials possess digitised H&E but have limited residual tissue or incomplete molecular profiling. Image models could estimate spatially organised immune, stromal or proliferative phenotypes across all cases, enabling investigators to test whether a spatially validated morphology signature associates with treatment response or prognosis. Kulkarni et al. (2026) exemplify this logic by identifying outcome-associated morphology and then using spatial transcriptomics to investigate molecular programmes linked to that morphology. The important methodological sequence is independent outcome discovery, spatial molecular anchoring and external validation. If the same small spatial dataset is used both to discover and to validate the signature, the apparent mechanistic explanation can be circular.
A third use is quality control and target selection for expensive assays. Models that identify regions predicted to contain high immune activity, rare cellular niches, invasive fronts or heterogeneous tumour programmes could guide region-of-interest selection for multiplexed imaging, laser-capture microdissection or targeted spatial sequencing. This use does not require every predicted gene to be quantitatively exact. It requires high sensitivity and spatial localisation for the biological state that determines sampling. Because pathology specimens frequently contain necrosis, cautery, folds, sparse tumour or abundant benign tissue, image-guided sampling can also reduce the risk that molecular assays are spent on uninformative regions. The model must nevertheless disclose uncertainty so that rare or visually atypical biology is not systematically excluded from downstream measurement.
The case for direct diagnostic substitution is much weaker. Whole-slide AI has shown that clinically relevant tasks can be performed with strong internal and external performance when the target is well defined, as demonstrated by weakly supervised diagnostic classification and selected molecular-biomarker prediction studies (Campanella et al., 2019; Coudray et al., 2018; Kather et al., 2019). Spatial gene-expression prediction introduces an additional layer of uncertainty because the target is high-dimensional, spatially dependent and frequently measured in small cohorts. The 2025 benchmarking study by Wang et al. found substantial variation across genes, datasets and evaluation settings, while MISO showed meaningful out-of-domain degradation that improved when image-resolution conditions were better matched (Schmauch et al., 2025; Wang et al., 2025). These results argue against treating a broad virtual transcriptomic profile as a drop-in clinical assay.
A more realistic clinical design is confirmatory triage. An H&E model could flag a specimen or region as having a high probability of a spatially organised molecular phenotype and trigger an orthogonal test when the result would alter management. This architecture is analogous to screening rather than definitive diagnosis. Its acceptability depends on the consequences of false negatives and false positives, the availability of confirmatory testing and whether the predicted phenotype is stable across tissue processing and patient populations. For a high-stakes biomarker, the key performance measure is not merely correlation with spatial expression but the error rate around the clinical decision threshold, including uncertainty and calibration. Current spatial-expression literature rarely reaches that evidential level.
Spatially derived signatures may also improve pathology reporting without attempting to name individual genes. Cellular-neighbourhood phenotypes, tumour–immune boundaries and stromal architectures are closer to the visual domain and may prove more stable than transcript-level predictions. Keren et al. (2018), Jackson et al. (2020) and Schürch et al. (2020) showed that multiplexed spatial phenotyping can reveal structured tissue organisations associated with biology and outcome. If image models can reproduce such neighbourhood categories reliably, the output could augment morphometric assessment with interpretable spatial descriptors. This is conceptually different from virtual sequencing: the model predicts an organisational phenotype that has been molecularly characterised, not a complete molecular profile.
Archival deployment raises a further opportunity and risk. H&E collections span decades and include rare diseases, unusual treatment contexts and long-term outcomes that are difficult to reconstruct prospectively. Applying a fixed model to such material could create molecularly annotated pseudo-cohorts at unprecedented scale. Yet temporal domain shift may be severe because fixation, staining, scanner hardware and diagnostic practice change over time. The model may also encounter therapeutic eras or disease states absent from its training data. Archival inference should therefore include explicit out-of-distribution detection, stratification by specimen provenance and targeted re-assaying of representative historical blocks where material is available. Without these controls, scale can magnify systematic error rather than compensate for it.
The pathologist's role is particularly important because tissue context supplies information that a high-dimensional regression score does not. A pathologist can recognise when the model's proposed immune signal is located in ulceration rather than tumour, when a stromal programme corresponds to a desmoplastic interface rather than benign scar, or when tissue artefact makes any inference unreliable. Human review should therefore operate at the level of spatial plausibility, tissue identity and discordance rather than merely accepting or rejecting a scalar score. Visual-language pathology models such as CONCH create possibilities for more natural interaction with image representations, but explanatory fluency must not be mistaken for biological validation (Lu et al., 2024).
A clinically useful interface should expose three kinds of information together: the predicted spatial phenotype, its uncertainty and the evidential basis for interpretation. For example, a region could be marked as highly consistent with a lymphoid-rich expression programme, accompanied by uncertainty derived from model ensembles or conformal procedures and by retrieval of morphologically similar regions whose spatial assays were actually measured. This combination would allow the pathologist to distinguish interpolation within familiar morphology from extrapolation into a poorly supported domain. Static heat maps without uncertainty are inadequate because they conceal precisely the cases in which molecular-looking output is least trustworthy.
Integration into laboratory workflow also requires attention to pre-analytical provenance. A model validated on frozen H&E at a specific magnification cannot be assumed to transfer to formalin-fixed paraffin-embedded sections, cytology preparations or differently scanned slides. Likewise, a spatial signature learnt from resection material may fail on small biopsies because the neighbourhood context is truncated. The translational unit of validation should therefore match the intended specimen pathway: tissue type, fixation, section preparation, scanner, magnification and clinical sampling context. Large pathology foundation models reduce the cost of adaptation, but they do not remove the need for task-specific analytical validation.
Prospective evaluation is the dividing line between a compelling retrospective biomarker and a clinical tool. A deployment study should specify the intended user, decision point, reference standard, failure policy and action taken when model confidence is low. It should measure not only model accuracy but also whether the spatial prediction changes region selection, test ordering, turnaround, diagnostic agreement or patient management. Because a predicted spatial signature may be valuable even when imperfect, the relevant question is incremental utility over current pathology and available molecular tests. Such evidence remains limited, which is why present claims should centre on research enablement and assisted interpretation rather than autonomous molecular diagnosis.
Table 5 presents a translational-readiness framework derived from the evidence reviewed here. The stages deliberately separate biological discovery from analytical and clinical validation. Progression should depend on independent evidence at each stage, because visually plausible maps and strong retrospective correlations are insufficient for decision-grade use.
Table 5
Translational-readiness framework for AI-derived spatial molecular signatures
	Stage
	Minimum supporting evidence
	Appropriate use
	What remains insufficient
	Supporting references

	Biological discovery
	Co-registered morphology and spatial molecular association with coherent tissue localisation
	Hypothesis generation and candidate signature discovery
	Same-cohort association alone does not establish transferability or mechanism
	(Hu et al., 2021; Jiang et al., 2024); (Kulkarni et al., 2026)

	Analytical validation
	Patient-independent testing, explicit assay resolution, registration quality and uncertainty analysis
	Research-grade prediction in matched specimen conditions
	Spot-level correlation alone does not establish cellular accuracy
	(Fu et al., 2025; Wang et al., 2025)

	External validation
	Independent institution or acquisition domain with prespecified targets and failure analysis
	Cohort enrichment, region selection and retrospective translational studies
	Generalisation cannot be inferred from internal cross-validation
	(Schmauch et al., 2025; Wang et al., 2025)

	Clinically assisted prospective evaluation
	Prospective workflow study with intended users, reference testing and abstention rules
	Triage or decision support with orthogonal confirmation
	Retrospective accuracy does not demonstrate workflow or patient-level benefit
	(Campanella et al., 2019; Chen et al., 2024)

	Decision-grade use
	Robust multi-site validation, calibration at clinical thresholds, monitored failure modes and evidence of incremental utility
	Defined clinical decision for which predicted information adds value
	No broad virtual spatial-omics profile should be assumed decision-grade from current benchmark evidence
	(Hao et al., 2026; Patel & Klimowicz, 2026; Wang et al., 2025)


Note. This framework is a critical synthesis of the reviewed evidence and is not a formal regulatory pathway. AI, artificial intelligence.
8. Future Directions
The immediate research priority is to establish what molecular information is identifiable from morphology before competing over increasingly complex architectures. Current benchmarks often treat all genes as equivalent prediction targets even though their morphological penetrance differs markedly. Future studies should define gene- and pathway-specific predictability ceilings using replicate assays, technical noise estimates and cross-modal concordance, then report model performance relative to those ceilings rather than only absolute correlation. The gene-specific upper-bound strategy used by MISO provides a useful direction, but identifiability should be tested independently across tissues and technologies (Schmauch et al., 2025). This would distinguish algorithmic failure from targets that are intrinsically weakly observable in H&E and would prevent misleading claims of transcriptome-wide recoverability.
A second immediate priority is to replace spot-level convenience splits with hierarchical external validation. Development cohorts should be separated at patient level, and at least one evaluation cohort should differ in institution or acquisition pathway. When the intended use involves formalin-fixed paraffin-embedded diagnostic slides, validation should include that material rather than relying entirely on frozen-section spatial datasets. Cross-domain experiments should decompose sources of shift by holding biology constant while changing scanner or staining, then by holding acquisition constant while changing patient population, tumour subtype or organ. The degradation documented in recent benchmarking work shows that aggregate external performance is insufficient unless the source of failure is understood (Schmauch et al., 2025; Wang et al., 2025).
Third, the field needs paired multiscale reference datasets in which morphology, transcriptomics and proteomics are measured at compatible resolutions. Array-based transcriptomics is valuable for discovery but cannot on its own validate claims of single-cell molecular inference. Imaging-based RNA methods and multiplexed protein imaging can provide cell-resolved anchors, while broader sequencing layers define pathways outside targeted panels (Chen et al., 2015; Eng et al., 2019; Goltsev et al., 2018). Carefully registered serial or same-section measurements would allow investigators to quantify how much performance is lost as reference resolution becomes coarser. Such datasets should include repeated sections or technical replicates so registration error and assay noise can be separated from prediction error.
Fourth, evaluation should move from average gene-wise correlations towards biological conditionality. Performance should be measured within tumour, stromal, immune and necrotic compartments rather than only across the whole section. A gene predicted well because it differentiates tumour from stroma may have little within-tumour predictive value. Conversely, a modest global correlation could conceal biologically important prediction within a rare niche. Cell-type-conditional metrics, boundary accuracy, neighbourhood classification and pathway-level calibration would better test whether a model captures spatial molecular states rather than tissue composition alone. Spatial negative controls should include morphology-matched regions with divergent measured expression and expression-matched regions with divergent morphology.
Fifth, super-resolution prediction requires a dedicated validation doctrine. Models should not be credited with cellular resolution merely because the output grid is cellular. Each claimed scale should be supported by a measurement at that scale, preferably using an assay with orthogonal error structure. If high-resolution ground truth is available only for a subset of genes, evaluation should be restricted to those genes and the remaining output clearly labelled as model-derived extrapolation. GHIST demonstrates how subcellular transcript measurements can strengthen this evidential chain, while iStar illustrates integration of histology with measured spatial transcriptomics for higher-resolution tissue architecture (Fu et al., 2025; Zhang et al., 2024). Future comparisons should quantify the incremental information contributed by the image beyond what can be obtained through spatial interpolation of measured spots.
Sixth, uncertainty must become a first-class output. Most current systems generate point estimates, yet uncertainty varies across tissue regions, genes and domains. Models should distinguish aleatoric uncertainty arising from noisy or weakly identifiable targets from epistemic uncertainty caused by unfamiliar morphology or acquisition conditions. Prospective workflows need abstention rules so that the system can decline molecular inference in damaged tissue, rare morphology or out-of-distribution staining. Calibration should be evaluated separately for patients, tissue compartments and clinically relevant thresholds. This is essential if image-derived molecular signatures are to guide confirmatory testing rather than simply visualise research hypotheses.
Seventh, foundation models should be evaluated for biological transfer rather than assumed to provide it. Large pathology models have shown broad representation learning across diagnostic tasks, but their pretraining objectives do not guarantee sensitivity to subtle spatial molecular variation (Chen et al., 2024; Xu et al., 2024). Comparative studies should freeze identical spatial-omics heads while varying image backbones, pretraining diversity and magnification to determine which representation properties matter for molecular inference. Multimodal pretraining that directly aligns histology with measured RNA or protein may ultimately be more relevant than scale alone. The 2026 multimodal transformer study supports the promise of explicit image–transcriptome alignment, but wider tissue and institutional validation is needed (Wang et al., 2026).
Eighth, mechanistic claims should be tested through prospective perturbation or orthogonal validation. Spatial association can nominate a pathway responsible for a morphological pattern, but causality requires additional evidence. Candidate signatures could be tested in organoid, explant or experimental systems in which the pathway is perturbed and morphology is measured, or in longitudinal clinical material collected before and after a targeted therapy. Immunohistochemistry, in situ hybridisation or targeted spatial assays can provide practical orthogonal confirmation in human tissues. A successful programme would therefore move from image association, to spatial molecular localisation, to targeted validation and only then to mechanistic inference.
Ninth, translational studies should prioritise tasks in which imperfect molecular inference has a clear utility function. Region-of-interest selection, enrichment of rare phenotypes, retrospective cohort stratification and triage for confirmatory assays are promising because the prediction can improve efficiency without being treated as a definitive molecular measurement. For each task, investigators should prespecify what error is tolerable and compare the image-derived approach with a realistic alternative, such as random sampling, pathologist-guided sampling or a conventional immunohistochemical marker. This shift from generic prediction accuracy to decision-specific utility would make translational claims more defensible.
Tenth, rare diseases and under-represented populations require deliberate inclusion rather than passive transfer from common cancers. Spatial-omics cohorts are expensive and therefore frequently small and concentrated in well-resourced centres. Foundation models trained on large slide collections may improve visual representation, but molecular supervision remains uneven. Multi-centre consortia should prioritise diversity in ancestry, disease subtype, pre-analytical practice and treatment context, with federated or privacy-preserving strategies where data sharing is constrained. The objective should not be demographic balance as an abstract property; it should be to identify whether morphology–molecule relationships, assay quality or model calibration differ across clinically relevant populations.
Eleventh, standards for reporting need to catch up with the field's rapid methodological expansion. A morphology-to-spatial-omics study should report the biological unit of splitting, number of patients rather than only number of spots, spatial-assay platform and effective resolution, image preparation, registration procedure, gene-selection rules, spatial smoothing, external domains, uncertainty method and whether performance is driven by between-compartment contrast. For super-resolution claims, the resolution of the reference assay should be stated alongside the rendered prediction resolution. Such reporting would make benchmark gains interpretable and reduce the risk that architectural novelty is mistaken for stronger biological evidence.
The longer-term priority is an experimentally grounded multimodal tissue model that can reason across histology, cell identity, spatial gene programmes and protein state while retaining traceability to measured observations. Recent reviews correctly identify foundation models and spatial multi-omics as convergent directions, but the decisive advance will be epistemic rather than merely computational: a model must know which outputs are supported directly by morphology, which are inferred from correlated neighbours, and which require measurement (Agrawal & Thomann, 2026; Hao et al., 2026; McKenzie et al., 2026; Patel & Klimowicz, 2026). If that distinction is preserved, AI can become a bridge between routine histology and high-dimensional tissue biology without turning prediction into a surrogate for evidence.
9. Conclusions
H&E histology contains substantially more biological information than is captured by conventional categorical interpretation, but it does not contain an error-free molecular record. Spatial transcriptomics and multiplexed spatial proteomics have made this distinction visible by linking local morphology to measured cell states, gene programmes and neighbourhood organisation. The strongest evidence concerns biologically penetrant, spatially organised phenomena such as cell composition, proliferative regions, stromal states, tumour–immune architecture and invasive interfaces. AI can detect and quantify these signatures at scales that exceed unaided visual assessment, and spatial omics can assign them a molecular interpretation that conventional saliency methods cannot provide.
The evidence is less secure for claims that routine H&E can reconstruct broad gene expression at cellular resolution. Performance varies sharply among genes and datasets, spot-level measurements mix biological states, spatial autocorrelation can inflate benchmarks, and finer output maps can exceed the information resolution of their molecular supervision. Recent out-of-domain studies show that staining, resolution and cohort differences remain consequential. Foundation models, multimodal contrastive learning and cell-resolved spatial assays are improving the technical basis for transfer, but architectural sophistication does not remove the need for independent, resolution-matched validation.
The most defensible translational concept is therefore not virtual omics as wholesale replacement of molecular assays. It is morphology-guided molecular inference: using H&E to identify spatial phenotypes, prioritise regions, enrich cohorts, generate mechanistic hypotheses and triage specimens for targeted confirmation. Decision-grade use will require uncertainty-aware outputs, explicit abstention, provenance-matched external validation and prospective evidence of incremental utility. The field will advance most reliably by treating H&E, spatial omics and AI as complementary sources of evidence, with each constrained by what it actually measures. Under that framework, hidden histopathological signatures become testable biological hypotheses rather than visually persuasive but unverified molecular predictions.
10. Limitations
This critical narrative review is intrinsically subject to selection and interpretive bias despite the use of a transparent search framework, explicit eligibility criteria and structured critical appraisal. The literature was intentionally selected for methodological and conceptual relevance rather than through a prospectively registered systematic-review protocol, and numerical screening counts were therefore not generated. Direct access to some subscription bibliographic databases was unavailable, so the evidence base was assembled from accessible scholarly indexes, biomedical databases, citation searching and verified journal records. English-language peer-reviewed literature predominated, which may under-represent relevant methodological work published in other languages.
The reviewed evidence is heterogeneous in assay technology, tissue preparation, spatial resolution, disease site, model architecture, gene selection and performance metric. These differences make quantitative pooling inappropriate and limit direct ranking of algorithms across studies. Spatial transcriptomic datasets also remain comparatively small at the patient level, while individual studies may report thousands of spots or cells, creating a risk that apparent sample size is mistaken for independent biological replication. Some of the newest methods have limited independent replication because the field is developing rapidly. Consequently, conclusions about translational readiness are more tentative than conclusions about the existence of morphology-associated spatial molecular structure.
The review is weighted towards oncology because cancer has produced the densest convergence of digital pathology, spatial omics and clinically oriented AI, and because tumour heterogeneity provides a demanding test case for morphology–molecule inference. The underlying methodological issues are relevant to other tissue-based diseases, but generalisability to non-neoplastic pathology cannot be assumed. The synthesis also emphasises transcriptomic and multiplexed protein measurements; spatial metabolomics, epigenomics and other emerging modalities are discussed only where they inform the central histology–AI problem. Finally, the search end date means that methods or validation studies appearing after the stated literature window are not represented.
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