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Abstract

While traditional imaging techniques, such as histopathology, are often part of clinical workflows, molecular profiling remains more difficult
to conduct and is less cost-effective. Thus, the prediction of molecular ‘omics’ data directly from imaging has emerged as an appealing
alternative. While existing reviews have mentioned image-based prediction of biomarkers within specific disease contexts, this review
provides a comprehensive overview of current methods that leverage imaging to predict (i) DNA-based aberrations, (ii) bulk transcriptomic
profiles, (iii) single-cell transcriptomics, and (iv) spatial transcriptomics across disease contexts and imaging modalities. To address the
complexity of these predictive tasks, we find that many studies employ cutting-edge deep learning strategies for image processing, feature
extraction, feature aggregation, and downstream molecular prediction. In this review, we highlight the diverse applications of both deep
learning-based and modern statistical frameworks designed for image-based omics prediction. The insights gleaned from these inferred
molecular data have broad clinical relevance and will continue to improve our understanding of the relationships between molecular and
visual features, paving the way for new diagnostic and therapeutic applications.
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Introduction

In recent years, predictive models leveraging imaging and omics
data have been developed to extract both molecular-level and clinical
insights. While imaging data capture critical phenotypic characteris-
tics, omics data deliver in-depth molecular insights. These two modal-
ities offer complementary information; however, imaging is typically
more cost-effective and accessible than omics profiling. As a result,
the ability to accurately predict omics directly from imaging holds
great promise as a practical and scalable surrogate for omics-based
diagnosis and prognosis.

While many existing reviews summarize methods for image-omics
integration and data fusion [1-5], these algorithms fundamentally dif-
fer from predictive frameworks designed to infer molecular informa-
tion solely from images. Image-omics integration requires data from
both modalities and typically combines features through concatena-
tion, transformation, or model-based integration, often to enhance

performance on classification tasks such as identifying normal versus
disease tissue. In contrast, models that predict omics profiles from
imaging data alone aim to estimate underlying molecular states, pro-
ducing more versatile outputs such as high-dimensional bulk tran-
scriptomics data. It is important to note that image-omics fusion can
still play a role within predictive pipelines, e.g. as an alignment mech-
anism during training, even when only imaging data are required at
inference. These inferred transcriptomics profiles can then support a
broad range of downstream analyses, including predicting responses
to immune therapies [6] and visualizing spatial patterns of intratumor
heterogeneity [7].

Meanwhile, several cancer-focused reviews have briefly discussed
the prediction of known molecular markers from imaging data as
part of surveys on artificial intelligence (Al)-based methods for can-
cer detection and therapy. However, these discussions are mostly
limited to image-based prediction of DNA-based markers in specific
cancer types, leaving other disease areas—such as cardiac defects,
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Figure 1 Schematic of end-to-end workflow for leveraging diverse imag-
ing modalities to predict molecular and genomic features. (left) Input
imaging data ranges from tissue-level histology to sub-cellular Raman
microscopy. (center) These inputs are mapped to various prediction tasks,
primarily focusing on transcriptomic profiles and DNA-based alterations.
(right) A suite of computational methods, dominated by deep learning
architectures, are employed to predict meaningful biological signals from
the raw imagery. The connecting lines between imaging types to pre-
diction tasks, and between prediction tasks to computational methods,
represent the presence of published algorithms linking them. Notably,
histology imaging is linked to all molecular prediction tasks, and spatial
RNA-seq prediction is conducted using all listed computational methods.

neurological disorders, and various non-cancer conditions—largely
unexplored. Further, recent advances using imaging data to pre-
dict omics have gone beyond biomarker prediction to infer gene
expression profiles, particularly from single-cell and spatial transcrip-
tomics datasets.

To fill in these gaps, we provide a comprehensive review of recent
developments in predictive algorithms that leverage imaging data to
infer molecular profiles across more than 20 disease types. We also
cover a broad spectrum of omics modalities, including both DNA-
based alterations [8-12] and gene expression profiles from bulk,
single-cell, and spatial transcriptomics data [6, 13-16] (Fig. 1). To
our knowledge, these directions have not yet been systematically
reviewed.

In this review, we focus on commonly used imaging and omics
data types that enable the prediction of molecular profiles from imag-
ing information. The emergence of digital pathology has made it
easier than ever to view, analyze, and share high-resolution whole-
slide images (WSIs). One of the most widely used, publicly available
resources for developing predictive models from WSIs is The Can-
cer Genome Atlas (TCGA), which provides an extensive collection of
clinical annotations, molecular profiles, and whole-slide hematoxylin
and eosin (H&E) stained images. Both traditional image processing
techniques and modern computer vision methods have been critical
in analyzing the complex patterns in H&E images. Notably, recent deep
learning studies have found strong evidence linking morphological
features in WSIs to specific molecular profiles [17, 18]. Although H&E
images are the most prevalent form of imaging for omics prediction,
other imaging modalities—such as high-content cellular imaging [19]
and Raman microscopy [20]—are also discussed in this review.

Here, we highlight the methodological foundations of image-to-
omics prediction methods as well as their broader applications. While
many image-based predictive models are designed for direct clinical
insights (e.g. survival, disease prognosis), our primary focus is on
approaches that infer DNA-based aberrations, bulk transcriptomic
profiles, as well as single-cell and spatial transcriptomics. These omics-
level predictions not only reveal molecular mechanisms underlying
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Figure 2 Taxonomy and interrelationships of methodological themes
in image-based omics prediction. The hierarchical diagram organizes
modeling approaches based on their conceptual lineage and data han-
dling strategies, from feature-driven statistical learning to spatially aware
deep learning. The connecting lines represent the presence of integrated
frameworks that combine multiple approaches (e.g. CNN-based feature
extraction combined with transformer-based spatial modeling).

image-based phenotypes but also inform downstream clinical appli-
cations. By consolidating these predictive methods, we aim to clarify
the current landscape of image-to-omics prediction and outline oppor-
tunities for future development.

Methodological themes and computational
challenges

As shown in Fig. 2, early image-omics studies relied on feature-driven
statistical learning strategies based on curated regions of interest
(ROIs), semantic features identified by radiologists, and broad textural
features. However, modern image-to-omics prediction pipelines have
increasingly leveraged deep learning to accelerate the modelling of
complex image features. Still, these newer approaches carry their own
challenges; high-resolution images, such as gigapixel WSIs, make it
infeasible to train deep learning models directly on entire slides. As a
result, WSIs are typically divided into smaller regions, known as tiles
(or patches), to make computation more manageable. However, for
methods that do not require tile-level supervision, aggregation of tile-
level features or predictions becomes essential. A range of tile-level
aggregation strategies have been proposed, ranging from simple aver-
aging [6, 21] to more advanced weighted averages of clustered tiles,
called ‘supertiles’ [14]. Other recent approaches [13, 22] avoid tile-level
predictions altogether by leveraging the concept of multiple-instance
learning (MIL), in which instances are organized into sets called ‘bags,’
enabling pooling- or attention-based aggregation mechanisms.

In parallel, neural network architectures designed for image-based
omics prediction have evolved to address other recurring challenges
in the field, including intra-tumor heterogeneity, modality alignment,
and mismatched spatial resolution. While convolutional neural net-
works (CNNs) frequently play a central role in image feature extraction
(e.g. PC-CHIP [9], MOMA [12], DeepPT [6]), CNNs are often biased
towards detecting local patterns and may struggle to model long-
range spatial dependencies relevant to heterogeneous tumor tissue.
To better capture global spatial relationships, vision transformers,
which use attention to integrate information across multiple spatial
scales, have gained traction, particularly for spatial transcriptomics
prediction [23-26] where molecular fidelity depends on balancing
fine-grained local structures with broader tissue context.

Some of the newest predictive methods using H&E images have
leveraged foundation models—large-scale neural networks trained
on vast datasets for diverse applications. Visual-language models like
CLIP [27] have been adapted for use in pathology, enabling image



captioning from histology slides, as demonstrated by CONCH [28] and
PLIP [29]. Moving beyond captioning, pathology-specific foundation
models have been applied to a wide range of computational pathology
(CPath) tasks, including tissue classification, mutation prediction, dis-
ease sub-typing, tumor grading, and more [30-36]. Building on these
histopathology foundation models, recent frameworks have incor-
porated contrastive learning [37-39] to improve alignment between
molecular and image-derived representations before prediction. By
generating shared image-omics embeddings, contrastive approaches
aim to mitigate modality mismatch and compensate for the loss of
molecular specificity caused by spatial aggregation.

Despite these advances, current evaluation standards for image-
based omics prediction make it difficult to compare performance both
within individual studies and across frameworks. While the detection
of aberrant molecular states, such as mutation status, can be evaluated
as simple binary outcomes, the prediction of bulk transcriptomic
profiles is considerably more complex. Although training objectives
vary for different bulk RNA-seq frameworks, the most commonly used
metrics for comparing predicted and ground-truth expression levels
are Mean Squared Error (MSE) and Pearson correlation coefficient
(R). Pearson correlation is particularly prevalent for comparing pre-
dictive performance across datasets, architectural variants, and other
published frameworks [13-16, 31, 33]. However, it can be problematic
for gene expression data that routinely suffer from zeros and low-
expression counts. Despite this concern, correlation thresholds (e.g.
R > 0.4) and adjusted P-values are often applied to identify well-
predicted genes worthy of downstream investigation. While such
genes can be informative for within-study analyses, the number of
well-predicted genes is relatively unstable and strongly influenced by
dataset size [6, 14] and network architecture [7], limiting its utility
for cross-study comparisons. As an alternative, robust concordance
metrics, such as Lin’s Concordance Correlation Coefficient (CCC), may
offer a more reliable measure of agreement between ground truth and
predicted gene expression.

Evaluating methods for predicting spatial transcriptomics intro-
duces additional challenges due to strong spatial dependencies and
concerns regarding reproducibility across tissues. Pearson correlation
coefficient and MSE remain the standard quantitative metrics for
assessing predictive performance, but they may not capture the
interplay between spatial context and gene-level variability. In
a benchmark of methods for spatial transcriptomics prediction,
Wang et al. [40] discuss how aggregated correlation metrics may
dilute biologically relevant signal, suggesting emphasis on spatially
variable genes (SVGs) and highly variable genes (HVGs). From this
perspective, visualization of predicted spatial gene expression using
tissue-level heatmaps can be useful to highlight patterns of predictive
performance, though such visualizations are inherently limited to
individual genes. Because expression levels vary considerably across
tissues, spatial concordance metrics could complement gene-level
error metrics by focusing on agreement of spatial organization.

Predicting DNA-based alterations: point
mutations, copy number alterations, and
structural variations

In this section, we will discuss three major types of DNA-based
alterations: point mutations as alterations involving one or a few
base pairs, copy-number alterations as those typically affecting
multiple genes while spanning less than a full chromosomal arm,
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and structural variations as large-scale changes that often involve
arm-level or entire chromosomal rearrangements. These categories of
DNA-based alterations are primarily distinguished by the length and
genomic scale. Previous studies suggest that point mutations, copy-
number alterations, and structural variations are associated with
distinct histological patterns and subtypes [41, 42]. Thus, the targeted
prediction of DNA-based alterations is a common classification
problem addressed by recent methods based on H&E images, some of
which are summarized in Table 1.

Many modern methods start with established CNN architectures,
such as Inception or ResNet, for feature extraction before downstream
prediction of point mutations. For example, the modified Inception
v3 architecture proposed in 2018 by Coudray et al. [8] was trained to
predict the 10 most commonly mutated genes in lung adenocarcinoma
(LUAD) and found that six genes—STK11, EGFR, FAT1, SETBP1, KRAS,
and TP53—could be predicted from histopathology images. Similar
models have been used to predict mutation status of a limited number
of commonly mutated genes in hepatocellular carcinoma (HCC) [11],
breast carcinoma [43], colorectal cancer [44], and endometrial carci-
noma [45]. Arecent review of Al-based approaches for predicting gene
mutations from imaging further highlights emerging techniques and
their applications in the study of common cancers [46].

Recently, H&E images have been used to predict tumor mutational
burden (TMB), an important biomarker for predicting response to
immunotherapy. The prediction of TMB is closely related to the identi-
fication of point mutations, as TMB is typically quantified by counting
the number of somatic point mutations per megabase of DNA. It
was recently hypothesized that these aggregated mutations result in
global morphological changes captured in histopathology images [10].
As such, we have seen the emergence of machine learning methods
designed to predict high versus low TMB from histopathology images
[10, 47-49]. Image2TMB [10] uses the Inception v3 architecture, tile-
level aggregation, and a random forest to predict the probability
of high TMB for patients in the TCGA LUAD dataset. Compared to
predictions derived from costly targeted gene panels, Image2TMB
achieved high accuracy both overall and within stratified patient
subgroups. In addition to predictive performance, Image2TMB and
similar approaches have revealed clinically relevant histopathological
features and spatial heterogeneity within tumor samples [47, 48].

Beyond point mutations and TMB, other DNA-based changes can be
inferred from H&E images, providing additional insights. For instance,
Pan-cancer Computational Histopathology (PC-CHiP) [9] successfully
predicts copy number alterations and large-scale structural variations,
including whole-genome duplications (WGDs), chromosome arm
gains and losses, and focal amplifications and deletions. While PC-
CHiP uses a CNN architecture and regularized linear models to
accomplish these tasks, a more recent framework, Multi-omics Multi-
cohort Assessment (MOMA) [12], applies vision transformers and
multiple instance learning for genomic predictions. When evaluated
on data from colorectal cancer patients, MOMA achieves superior
performance in predicting copy number alterations when compared
to PC-CHiP.

Collectively, these approaches demonstrate diverse capabilities for
predicting both small- and large-scale genomic changes from histology
images. Although these methods focus on a limited set of known
molecular abnormalities rather than comprehensive omics profiles,
the accurate prediction of commonly mutated, disease-relevant genes
has the potential to guide clinical decision-making through early
disease screening, risk assessment, and the detection of prognostic
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Table 1 Summary of methods that use imaging to predict DNA-based alterations.

Algorithm or author
name

Coudray, 2018 [8]
Chen, 2020 [11]

Bilal, 2021 [44]

Qu, 2021 [43]

PC-CHiP (2020) [9]

MOMA (2023) [12]

Image2TMB (2020) [10]

Niu, 2022 [47]
Shimada, 2021 [48]

Software

https://github.com/ncoudray/
DeepPATH
https://github.com/drmaxchen-ghc/
HCC-deep-learning

Available upon request to authors

https://github.com/huiqu18/
GeneMutationFromHE
https://github.com/gerstung-lab/PC
-CHiP

https://github.com/hms-dbmi/
MOMA

https://github.com/msj3/
Image2TMB

Not available
https://github.com/niigata-bioinfo/
hypermutation-ai-code/

Methodology

CNN
CNN

Three separate CNNs

CNN for feature extraction and MLP
predictor with self-attention
Modified CNN for feature extraction
and reqgularized linear models for
transfer learning

CNN; vision transformers;
attention-based multiple instance
learning

CNN; tile-level aggregation; random
forest

CNN

CNN

Functions*

Predict point mutation status of
commonly mutated genes in LUAD
Predict point mutation status of
commonly mutated genes in HCC
Predict hypermutation, microsatellite
instability (MSI), chromosomal instability,
high versus low CpG island methylator
phenotype (CIMP), and the mutation
status of three tumor-related genes
Predict point mutation status and copy
number alterations

Predict point mutations, copy number
alterations, and structural variations

Predict point mutation status of three
clinically important genes, MSI, CIMP, and
copy number alterations

Predict high versus low tumor mutational
burden (TMB)

Predict high versus low TMB

Predict high versus low TMB

*Unless otherwise stated, each method uses H&E stained WSIs to accomplish their function. The functions listed relate specifically to omics prediction and do not include

clinical prediction tasks (tumor versus normal tissue classification, survival, etc.).

traits. Looking ahead, transfer learning—where learned histological
features are used for other downstream tasks—offers a compelling
path for expanding clinical insights. For example, PC-CHiP showed that
histopathological features can provide complementary information to
existing stage-based prognosis across multiple cancer sub-types. Over-
all, these approaches for image-based genomic prediction represent
key computational advancements with the ability to support, rather
than replace existing clinical workflows.

Predicting bulk gene expression data

Beyond simple classification tasks and prediction of molecular anoma-
lies, recent models have demonstrated the ability to perform per-
gene regression—such as using H&E image features to directly predict
bulk gene expression levels for thousands of genes (Table 2). This is a
more complex problem than categorical prediction, requiring modern
deep learning architectures capable of efficient image processing and
large-scale multi-output regression. Convolutional neural networks,
multilayer perceptrons, transformers, and hybrid designs have all
been applied to extract image features and estimate expression levels
gene-by-gene (e.g. DeepPT [6], tRNAsformer [13], hist2RNA [21]). In
many frameworks, the final step involves producing gene expression
predictions using an MLP head [6, 7, 14], with the dimensionality of
the output layer matching the number of input genes.

Inferred gene expression values can be used for a variety of down-
stream tasks, including virtual spatialization, which uses heatmaps to
visualize the intensity of predicted gene expression over tissue images.
These maps can reveal ROIs that correlate with tumor growth rate,
histological stage, and cancer recurrence. Several methods use WSIs
to generate both bulk RNA-seq data and spatial predictions, including
HE2RNA [14], MOSBY [15], SEQUOIA [7], and EMO [50]. HE2RNA,
a widely cited model, combines an MLP with transfer learning to

predict cancer-related gene signatures and produce virtual spatial-
ization maps that distinguish cell subtypes. MOSBY maps RetCCL
(contrastive self-supervised learning)-based image features to omics
data by predicting levels of disease-related biomarkers, followed by
tile-level inference and colocalization mapping for spatial biomarker
discovery. SEQUOIA integrates a pre-trained histopathology founda-
tion model, UNT [30], with a linearized transformer, boosting gene pre-
diction accuracy and producing spatial maps linked to breast cancer
recurrence. EMO takes a different approach, training a separate CNN
for each gene to predict bulk gene expression and spatial variability.
While EMO identifies a large number of genes significantly associated
with observed RNA-seq data, it is very computationally intensive. As
EMO and MOSBY lack publicly available code, SEQUOIA is the pre-
ferred choice among these methods, offering improved performance
over MLP-based models such as HE2RNA.

While some histology-based predictive methods for bulk omics
explore spatial relationships, others integrate omics regression with
downstream clinical prediction. tRNAsformer [13], e.g. employs a
dual-head architecture: one head for disease sub-typing and another
for bulk RNA-seq prediction. Instead of parallel architecture, the
ENLIGHT-DeepPT [6] framework is a two-step workflow for precision
medicine applications. First, DeepPT [6] uses neural networks to
predict slide-level bulk gene expression profiles, and then ENLIGHT
uses the inferred expression to successfully predict patient responses
to immune therapies. The accuracy of ENLIGHT’s unsupervised
method was comparable to that of a supervised model predicting
treatment responses directly from images—demonstrating the utility
of using intermediate inferred gene expression in the absence of
labeled clinical data. Taking a similar approach, Tavolara et al. [22]
used predicted gene expression from WSIs as an intermediate step for
classifying mice as susceptible versus supersusceptible to fulminant-
like pulmonary tuberculosis. More recently, hist2ZRNA [21] applied
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Table 2 Summary of methods that use imaging for bulk gene expression prediction.

Algorithm or author name Software

SEQUOIA (2024) [7] https://github.com/gevaertlab/
sequoia-pub

HE2RNA (2020) [14] https://github.com/owkin/

HE2RNA_code

MOSBY (2024) [15] Not available

EMO (2021) [50] Not available

DeepPT (2024) [6] https://zenodo.org/records/

11125591

tRNAsformer (2023) [13] https://zenodo.org/records/

7613349
Tavolara, 2021 [22] https://github.com/cialab/
image2gene
hist2RNA (2023) [21] https://github.com/raktim
-mondol/hist2RNA
Image20mics (2024) [19] https://github.com/GSK-AI/
image2omics

Methodology

CNN or foundation model for
histological feature extraction; MLP,
transformer, or linearized
transformer for prediction
Multi-layer perceptron (MLP);
transfer learning

CNN; contrastive self-supervised
learning; multiple instance learning
(MIL); MLP regression

Individual CNN models for each
gene

CNN for feature extraction;
autoencoder for feature
compression; MLP regression for
prediction

CNN for feature extraction; multiple
instance learning; transformer
encoder

Gradient boosted trees for feature
selection; attention-based multiple
instance learning for prediction
CNNs for feature extraction;
patch-level feature aggregation; 1D
convolutional layers

Modified CNN; multiple-instance
learning

Function*

Predict bulk RNA-seq gene
expression profiles; resolve spatial
gene expression at loco-regional
levels

Predict bulk RNA-seq gene
expression profiles; provide virtual
spatialization of predicted
expression; predict microsatellite
instability (MSI) status

Predict bulk profiles (gene
expression, gene set expression,
protein expression, and DNA-based
features); provide virtual
spatialization of profiles; produce
colocalization maps

Predict bulk RNA-seq gene
expression profiles; predict
intratumor spatial expression
Predict bulk RNA-seq gene
expression profiles

Predict bulk RNA-seq gene
expression profiles

Predict bulk RNA-seq gene
expression profiles

Predict bulk RNA-seq gene
expression profiles

Predict bulk multi-omics
(transcriptomics and proteomics)
from high-content cellular imaging

*Unless otherwise stated, each method uses H&E stained WSIs to accomplish their function. The functions listed relate specifically to omics prediction and do not include

clinical prediction tasks (tumor versus normal tissue classification, survival, etc.).

a gene expression-based classification model for identifying breast
cancer subtypes. Collectively, these studies mark pivotal advances in
image-based omics studies, producing comprehensive transcriptomic
representations that not only capture molecular states but also enable
clinically relevant predictions.

As research continues to investigate the links between omics and
histopathology images, new approaches are beginning to explore the
relationships between omics and cell imaging. Image20mics [19],
developed by the biopharmaceutical company GSK, adopts a multi-
ple instance learning strategy for using high-content cellular imag-
ing to predict bulk transcriptomics and proteomics. This novel deep
learning framework employs a modified ResNet18 backbone for pre-
training, followed by omics-specific fine-tuning. Notably, the study
demonstrated that certain transcript and protein abundances could
be predicted from cell imaging. This work broadens the scope of
image-based omics prediction beyond tissue histology and opens new
opportunities for linking cellular phenotypes with multi-omics data.

Overall, this collection of frameworks demonstrates the value
and versatility of image-based inferred gene expression; the spa-
tialization of predicted gene expression enables the study of tumor
heterogeneity, while inferred transcriptomic profiles also serve as
effective intermediaries between imaging data and downstream
clinical applications. Methodologically, these approaches show clear

trade-offs between predictive performance, transferability, general-
izability, and computational complexity. In terms of accuracy and
transferability across clinical applications, SEQUOIA and DeepPT-
ENLIGHT stand out over earlier methods, such as HE2RNA and
tRNAsformer. With respect to generalizability, methods including
SEQUOIA, DeepPT, and MOSBY used numerous TCGA cohorts and
external validation datasets, whereas tRNAsformer and hist2rna were
tested exclusively on kidney and breast cancer datasets, respectively.
Although direct comparisons of training time and computational
efficiency are lacking, EMO and MOSBY may have limited practical
usage because of concerns about accessibility and computational
feasibility and accessibility. Taken together, these advances highlight
the promising role of image-derived omics representations as flexible
and informative bridges between imaging data and molecular biology.

Predicting single-cell gene expression data

Predicting conventional dissociated single-cell transcriptomics
(scRNA-seq) directly from imaging is a considerable challenge because
the resolution of standard histology imaging does not align with
the biological granularity of single-cell molecular profiles without
spatial context. While H&E images can capture coarse cellular
morphology, their resolution fundamentally underspecifies fine-scale
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transcriptional states. Consequently, there are only a few approaches
attempting direct image-to-single-cell omics prediction. SCHAF [51]
uses H&E histology images to produce spatially-resolved single-
cell gene expression profiles, offering two versions: Paired SCHAF,
designed for datasets with matched spatial transcriptomics, and
Unpaired SCHAF, for those without. Of the two methods, they found
that leveraging available spatial transcriptomics (Paired SCHAF)
produced more spatially accurate predictions. Regardless of the
availability of spatial transcriptomics data, the inherent difficulty
of aligning coarse image features with fine-grained single-cell data
has prompted the aid of pre-trained models. For example, SCHAF’s
training integrates the H&E foundation model UNI [30], the sScCRNA-seq
foundation model scGPT [52], and Tangram [53] for spatial alignment
of scRNA-seq data. Using a similar strategy, DeepCell [54] modifies the
architecture of the pre-trained DeepSpot [54] model to enhance its
histology image-based prediction of spatial transcriptomics to single-
cell level resolution.

Other methods predict gene expression at pseudo-single-cell
resolution through the explicit integration of H&E images with
spot-level spatial transcriptomics. For instance, Spotiphy [16] is a
novel deconvolution-based approach that integrates three data types:
SCRNA-seq data, spot-level sequencing-based ST data, and histological
images to infer cell-type proportions, impute single-cell RNA data, and
generate whole-transcriptome images at pseudo-single-cell resolution.
iStar [55], a predecessor of Spotiphy, uses hierarchical image feature
extraction to combine histology images and spot-level gene expression
to generate near-single-cell resolution gene expression, revealing fine-
grained cellular details and patterns missed by existing approaches,
such as XFuse [56]. However, in benchmarks comparing cell-type-level
expression matrices for each spot, Spotiphy demonstrated superiority
over iStar, achieving the highest correlation and cosine similarity and
the lowest absolute error and mean square error against the ground
truth.

Beyond histopathology imaging, Raman microscopy imaging
has emerged as a new platform for image-to-omics prediction.
Raman2RNA (R2R) [20] uses live-cell Raman microscopy images, with
spectra captured at subcellular resolution, to predict single-cell gene
expression profiles via anchor-based spatial smFISH or anchor-free
adversarial autoencoders. Like SCHAF, R2R uses Tangram [53] for
domain transfer from spatial to scRNA-seq profiles. In downstream
trajectory analysis, the authors show that R2R-inferred scRNA-seq can
track cell differentiation and gene expression dynamics.

Altogether, these approaches underscore both the promise and the
difficulty of image-based single-cell omics prediction. Across histology-
and Raman-based methods, the integration of spatial omics data has
been critical to aligning coarse image features with fine-grained
molecular profiles. However, the availability of associated spatial
omics remains limited, restricting the scalability and generalizability
of workflows like Spotiphy and iStar, which explicitly require spatial
transcriptomics data. As a result, future progress will likely depend on
innovative strategies that reduce reliance on paired spatial data, such
as improved multimodal representation learning, transfer learning
from foundation models, and more robust alignment techniques
capable of operating under weak or indirect supervision.

Predicting spatial gene expression data

Within the past five years, numerous computational methods have
emerged for the prediction of spatially resolved gene expression

from histological images (Table 3). Convolutional neural networks are
among the most popular deep learning architectures for such tasks.
For instance, ST-Net [57] builds on the pre-trained DenseNet-121 [58]
model to predict the spatially localized gene expression of 250 genes
using H&E-stained histopathology images. The authors found that
ST-Net could accurately predict spatial variation in the expression of
102 genes and detect biomarkers of intra-tumor variation. A similar
framework for spatial transcriptomics prediction, BrST-Net [59], used
a combination of the CNN EfficientNet-b0 [60] and an auxiliary
network, outperforming ST-Net by predicting more than twice the
number of positively correlated genes.

Other CNN-based approaches for predicting spatial transcriptomics
from H&E images go beyond the detection of positively correlated
genes to capture spatial heterogeneity and enable downstream infer-
ence. For example, Levy-Jurgenson et al. [61] used Inception V3 [62]
to train separate models for pre-selected traits, generating scaled tile-
level expression scores used to produce molecular heat maps and
heterogeneity maps. DeepSpaCE [63], adapted from VGG16 [64], pre-
dicts spot-level gene expression and supports practical applications
such as super-resolution spatial mapping and imputation of gene
expression between consecutive tissue sections; its super-resolution
mapping of SPARC expression delineated a tumor invasion boundary
more clearly than the original spot-level expression. Taking a dif-
ferent approach, BLEEP [39], adopts a contrastive learning strategy
inspired by CLIP [27], jointly training image and expression encoders
to generate bimodal latent space embeddings. This representation
enables accurate imputation for query image patches, and the BLEEP
approach outperforms existing methods such as ST-Net [57] and His-
ToGene [65].

Beyond CNNs, vision transformers have become the backbone of
many predictive spatial omics models. For instance, iStar [55] employs
a hierarchical vision transformer (HViT) to extract histology features
before generating near-single-cell resolution gene expression. Notably,
iStar also provides high-resolution annotation of tissue architectures
via unsupervised segmentation and cell type prediction. Exemplar
Guided Network (EGN) [23] combines an image reconstruction
feature extractor, a ViT backbone, Exemplar Bridging (EB) blocks
for refining ViT patch representations, and an attention-based gene
prediction block. Using a modified vision transformer with dense
image patch sampling, HisToGene [65] predicts super-resolution
spatial gene expression and shows that predicted expression can be
used to recover pathologist-annotated spatial domains. In contrast
to vision transformer approaches, mclSTExp [37] applies an NLP-
style transformer, treating spatial transcriptomics spots as ‘words’
and their sequence as ‘sentences.” Its contrastive learning framework
with parallel CNN and transformer networks captures visual and
spatial gene expression features. When evaluated on three benchmark
datasets, mclSTExp outperformed ST-Net [57], HisToGene [65], His2ST
[24], THItoGene [26], and BLEEP [39] for all considered genes as well
as the top 50 highly expressed genes.

Graph neural networks have also become increasingly popular
components of frameworks predicting spatial transcriptomics from
WSIs. There is also evidence that integrating graph neural networks
with CNNs improves histology image and omics fusion [66, 67]. Thus,
recent predictive models have adopted similar hybrid graph-based
models with CNNs or vision transformers. For instance, EGGN (also
called EGNv2) [68] combines a ResNet feature extractor with a graph
convolutional network backbone, alongside a graph exemplar bridg-
ing block to guide the prediction of gene expression for slide image



Briefings in Bioinformatics, 2026, Vol. 27, Issue2 | 7

Table 3 Summary of methods that use imaging to predict single-cell and spatial gene expression.

Algorithm or author name

SCHAF (2025) [51]

DeepSpot/DeepCell (2025) [54]

Spotiphy (2025) [16]

iStar (2024) [55]

Raman2RNA (2024) [20]

ST-Net (2020) [57]

BrST-Net (2023) [59]

Levy-Jurgenson, 2020 [61]

DeepSpaCE (2022) [63]

BLEEP (2023) [39]

HisToGene (2021) [65]

EGNv1 (2022) [23]

mclSTExp (2024) [37]

EGGN (EGNvV2) (2024) [68]

Hist2ST (2022) [24]

TCGN (2024) [25]

Software

https://github.com/ccomiter1/
SCHAF

https://github.com/ratschlab/
DeepSpot

https://github.com/jyyulab/
Spotiphy

https://github.com/
daviddaiweizhang/istar

https://github.com/kosekijkk/
raman2rna

https://github.com/bryanhe/ST
-Net
https://github.com/Mamunur-20/
BrSTNet

https://github.com/alonalj/
PathoMCH

https://github.com/tmonjo/
DeepSpaCE

https://github.com/bowang-lab/
BLEEP

https://github.com/maxpmx/
HisToGene
https://github.com/Yan98/EGN

https://github.com/ZhicengShi/
mclSTExXp

https://github.com/Yan98/EGN

https://github.com/biomed-Al/
Hist2ST

https://github.com/lugia-xiao/
TCGN

Methodology

Encoder-decoder architecture;
histopathology foundation
model; vision transformer;
scRNA-seq foundation model;
Tangram [53] to infer spatial
location for scRNA-seq

Deep set neural network;
pre-trained histopathology
foundation models

Probabilistic generative model;
variational inference

Hierarchical vision transformer
(HVIT); self-supervised learning;
MLP; score-based cell type
inference

MLP to predict smFISH from
Raman spectra; Tangram [53] to
integrate predicted smFISH
profile to scRNA-seq; adversarial
autoencoders (AAEs) for
anchor-free prediction

CNN

Evaluated 10 different
architectures: CNNs and
transformers with and without an
additional auxiliary network

CNN

CNN; multi-task learning

CNN image encoder; MLP
expression encoder; contrastive
learning; query-reference
imputation; k-nearest reference
expression profiles

Vision transformer

Vision transformer blocks and
exemplar bridging blocks;
attention-based prediction

CNN image encoder; transformer
expression encoder; contrastive
learning; query k-nearest spots
CNN feature extraction; Graph
convolutional network (GCN);
graph exemplar bridging block;
attention-based prediction
Transformer; Graph neural
network (GNN); LSTM; ZINB
distribution

CNN; transformer; GNN

Function*

Predict spatially resolved
single-cell transcriptomic data

Predict spatial gene expression
profiles; aggregate expression
into pseudo-bulk RNA profiles;
predict single-cell spatial
transcriptomics

Generate whole transcriptome
images with pseudo-single-cell
resolution; impute spot-level
gene expression

Infer super-resolution spatial
gene expression; Annotate cell
types at near-single-cell
resolution

Predict single-cell RNA-seq
profiles from Raman microscopy
images; predict expression states
of marker genes; track live cells
and predict gene expression
dynamics

Predict spatial gene expression

Predict spatial gene expression

Spatially resolve bulk mRNA and
miRNA expression; predict gene
expression scores for molecular
traits of interest; generate
heterogeneity maps and
compute heterogeneity index
Predict spatial gene expression;
generate super-resolution spatial
gene expression; impute ST data
for blank tissue sections between
consecutive sections

Predict spatial gene expression

Infer super-resolution spatial
gene expression

Predict gene expression for
fine-grained areas (i.e. windows)
of WSIs

Predict spatial gene expression

Predict spatial gene expression

Predict spatial gene expression

Predict spatial gene expression;
can be adapted for bulk RNA-seq
prediction

(Continued)
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Table 3 Continued

Algorithm or author name

THItoGene (2023) [26]

HGGEP (2024) [70]

BayesDeep (2023) [71]

GeneCodeR (2022) [72]

STAGE (2024) [73]

Software

https://github.com/yrjial015/
THItoGene
https://github.com/QSong
-github/HGGEP

https://github.com/Xijiang1997/
BayesDeep
https://github.com/AskExplain/
GeneCodeR

https://github.com/zhanglabtools/

Methodology

Vision transformer; Graph
attention network (GAT)
Gradient enhancement module;
convolutional block attention
module; vision transformer;
hypergraph association module;
LSTM

Bayesian hierarchical model

Generative encoding via
Generalized Canonical Procrustes

Supervised autoencoder

Function*
Predict spatial gene expression

Predict spatial gene expression

Predict single-cell resolution
spatial gene expression
Transform histology images to
gene expression vectors through
functional mapping

Generate high-density spatial

STAGE

NSL (2022) [74]
OmiCLIP/Loki PredEx (2025) [38]

Not available
https://github.com/
GuangyuWangLab2021/Loki

gene expression; improve
low-quality ST data; impute ST
data for blank tissue sections
between consecutive sections
Predict spatial gene expression
Predict spatial gene expression

Neural stain deconvolution
Dual encoder framework:
NLP-style transformer for text
encoding (genes treated as
sentences); ViT for image
encoding; contrastive learning

*Unless otherwise stated, each method uses H&E stained WSIs to accomplish their function. The functions listed relate specifically to omics prediction and do not include

clinical prediction tasks (tumor versus normal tissue classification, survival, etc.).

windows. The Hist2ST [24] framework includes Convmixer module
[69], transformer, and GNN to learn features before following the ZINB
distribution for gene expression prediction. Benchmark evaluations
in predictive performance and spatial region detection showed that
Hist2ST outperformed both ST-Net and HisToGene. Three additional
hybrid architectures were introduced in 2024: TCGN [25], THIto-
Gene [26], and HGGEP [70]. Each achieved superior predictive per-
formance over ST-Net, HisToGene, and Hist2ST, reinforcing the notion
that hybrid graph-based approaches can more effectively capture
histology image and omics relationships.

Other methods using histology images for spatial transcrip-
tomics prediction do not rely on CNN, transformer, or graph-based
architectures and instead apply probabilistic modeling, matrix
factorizations, or lightweight autoencoding frameworks. For example,
BayesDeep [71] uses a Bayesian hierarchical model to reconstruct
spatial transcriptomics at single-cell resolution by linking spot-level
molecular profiles with morphological characteristics in histology
images. GeneCodeR [72] takes a generative approach to map histology
images to gene expression, drawing conceptual similarities to
autoencoders, Procrustes analysis, Canonical Correlation Analysis,
and Singular Value Decomposition (SVD). In a related strategy, STAGE
[73] uses a custom supervised autoencoder framework to generate
super-resolution spatial transcriptomics data and can be extended
to generate spatial gene expression profiles of blank tissue sections
between consecutive ST sections. Neural Stain Learning (NSL) [74],
by contrast, predicts local spatial gene expression using a novel stain
deconvolution layer to address the lack of explicit modeling of tissue
staining. NSL has the key benefit of simplicity, requiring only 11
trainable weight parameters as opposed to the millions required in
more complex CNN-based approaches.

Several recent models leverage foundation models and extend these
capabilities to spatial transcriptomics prediction. DeepSpot [54] inte-
grates pre-trained pathology foundation models [30, 31, 33] and tissue

context to predict spatial transcriptomics from H&E images. While
DeepSpot relies on pre-trained models, OmiCLIP [38] represents a
new image-omics foundation model that underlies the Loki platform,
which supports multiple downstream tasks such as tissue alignment,
image-transcriptomic retrieval, and spatial gene expression predic-
tion. OmiCLIP uses contrastive learning to jointly train image and
text encoders, where the text input consists of sentences represent-
ing the top-expressed genes in each spatial spot (e.g. ‘SNAP25 ENO2
CKB... VPS13D’). The resulting visual-transcriptomic embeddings are
used by Loki PredEx, which predicts gene expression from image
patches. Across diverse datasets, LokiPredEx consistently achieved
competitive or superior performance in terms of MSE and PCC metrics
when compared with Hist2ST, HisToGene, BLEEP, and mclSTExp—
with comparisons to BLEEP and mclSTExp being particularly notable
given their similar contrastive learning-based designs. Beyond pre-
dictive accuracy, OmiCLIP also offers practical advantages. It is more
computationally efficient than models like Hist2ST and HisToGene,
which require substantial hardware resources, and the availability of
pretrained weights further enhances its accessibility and scalability
within the field.

Given the growing number of tools for predicting spatial gene
expression from histology images, a natural question is how to com-
pare these methods to one another. A recent benchmark study of
11 methods compared the models’ predictive performance, general-
izability, usability, translation potential, and efficiency on five spa-
tial transcriptomics datasets [40]. While the authors did not identify
a top performer across all categories, HisToGene, DeepSpaCE, and
Hist2ST displayed noteworthy performance in model generalizability
and usability.

In summary, the diverse landscape of methodologies for image-
based spatial transcriptomics prediction reflects how the field has
evolved to address challenges of spatial heterogeneity, data resolution,
generalization, and computational efficiency. Heterogeneity within
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and across tissue images has driven the adoption of vision trans-
formers, graph-based models, and hybrid architectures, which often
capture long-range spatial context more effectively than traditional
CNNs. Contrastive learning strategies that jointly learn image and
omics representations have had similar success by aligning multi-
modal information in shared latent spaces. Foundation models such
as OmiCLIP, trained on millions of histopathology images, extend
these capabilities by improving generalizability across datasets and
potential clinical applications. Nevertheless, the inherent difficulty of
generating spatially resolved omics directly from images presents both
a challenge and opportunity for continued development of advanced
statistical approaches and neural representation learning.

Future perspectives and concluding remarks

While this review focuses on using imaging to predict omics data, tools
for the reverse (i.e. using omics to predict imaging) are emerging as
well. Zandavi et al. build on the concept of ‘omics imagification,” which
aims to transform high-dimensional molecular data into a 2D image
[75]. Their proposed method, Fotomics, uses the fast Fourier trans-
formation to generate image representations of single-cell RNA-seq
data. A CNN trained on Fotomics-generated images showed superior
classification accuracy of diverse cell types when compared to con-
ventional scRNA-seq classifiers, as well as DeepInsight [76]—another
method for imagification of non-image data. Going beyond abstract
image representations of omics data, MorphNet [77] predicts biolog-
ically interpretable cell morphology images from gene expression.
MorphNet requires training a Variational Autoencoder (VAE) and GAN
on spatial transcriptomics data, and trained MorphNet can predict
new cell morphology from scRNA-seq data. Despite these advances,
predicting imaging from omics is still a relatively unexplored area of
research.

Although the accessibility of large-scale datasets and recent
advances in deep learning have made image-based omics prediction
increasingly feasible, several open challenges remain. Variation
in pre-processing pipelines, the heterogeneity of these large-scale
cohorts, and inconsistent evaluation practices have hindered the
development of standardized benchmarking procedures. In addition,
the transferability and generalizability of models across imaging
modalities, omics data types, and disease contexts remain largely
unexplored. For example, comparing top-performing bulk RNA-seq
prediction methods with wsi2rppa [78]—one of the only frameworks
available for image-based prediction of protein expression levels—
would provide valuable insight into cross-omics generalization.
Beyond issues of transferability, the field would also benefit from
greater emphasis on biological interpretability, including the integra-
tion of causal modeling approaches or explainable machine learning
(XAI) methods, such as SHAP [79] or LIME [80].

Image-based omics prediction holds significant promise for clinical
applications, including biomarker discovery, prognosis estimation,
and personalized treatment, aligning closely with the goals of
precision medicine. However, when molecular profiles are inferred
rather than directly measured, their use in clinical decision-making
requires careful ethical and regulatory consideration. Inferred
omics may reflect uncertainty, bias, or limited generalizability i.e.
not readily apparent in clinical settings, increasing the risk of
misinterpretation. As a result, models producing inferred omics likely
require rigorous validation, transparent communication of limita-
tions, and restricted clinical use. With appropriate governance, these
methods can enhance understanding of molecular and phenotypic
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relationships while supporting, rather than replacing, established
clinical assays.

Key Points

* With the growing availability of clinical imaging data, such as
histopathology whole-slide images, there is an increasing interest
in using imaging data to directly infer molecular omics information.

* While existing reviews have covered image-omics data fusion and
image-based prediction of biomarkers in specific cancer types, this
work is the first to comprehensively review predictive frameworks
for direct image-to-omics inference.

* This review highlights current approaches for image-based molec-
ular omics prediction, focusing on methods developed to predict
DNA-based aberrations, bulk transcriptomic profiles, single-cell
transcriptomics, and spatial transcriptomics.

* Deep learning-based strategies, including convolutional neural
networks, multilayer perceptrons, and transformers, have proven
particularly effective for leveraging imaging data to predict molec-
ular omics data.
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