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A B S T R A C T

Spatial transcriptomics is a technology that captures gene expression at different spatial locations, widely used in 
tumor microenvironment analysis and molecular profiling of histopathology, providing valuable insights into 
resolving gene expression and clinical diagnosis of cancer. Due to the high cost of data acquisition, large-scale 
spatial transcriptomics data remain challenging to obtain. In this study, we develop a contrastive learning- 
based deep learning method to predict spatially resolved gene expression from the whole-slide images (WSIs). 
Unlike existing end-to-end prediction frameworks, our method leverages multi-modal contrastive learning to 
establish a correspondence between histopathological morphology and spatial gene expression in the feature 
space. By computing cross-modal feature similarity, our method generates spatially resolved gene expression 
directly from WSIs. Furthermore, to enhance the standard contrastive learning paradigm, a cross-modal masked 
reconstruction is designed as a pretext task, enabling feature-level fusion between modalities. Notably, our 
method does not rely on large-scale pretraining datasets or abstract semantic representations from either mo
dality, making it particularly effective for scenarios with limited spatial transcriptomics data. Evaluation across 
six different disease datasets demonstrates that, compared to existing studies, our method improves Pearson 
Correlation Coefficient (PCC) in the prediction of highly expressed genes, highly variable genes, and marker 
genes by 6.27 %, 6.11 %, and 11.26 % respectively. Further analysis indicates that our method preserves gene- 
gene correlations and applies to datasets with limited samples. Additionally, our method exhibits potential in 
cancer tissue localization based on biomarker expression. The code repository for this work is available at 
https://github.com/ngfufdrdh/CMRCNet.

1. Introduction

Cancer is one of the leading causes of mortality worldwide, with 
approximately one in five men or women developing cancer during their 
lifetime (Bray et al., 2024). In 2020, nearly 20 million new cancer cases 
and approximately 10 million cancer-related deaths were reported 
globally. Demographic projections indicate a rising trend in these 
numbers, continuously imposing significant burdens on public health 

and socioeconomic systems (Sung et al., 2021). In clinical practice, 
cancer is usually diagnosed based on microscopic analysis of tissue ob
tained by surgical resection or biopsy. The current standard for tumor 
classification defined by the WHO is based on histopathology and 
increasingly on additional molecular markers such as DNA sequencing, 
fluorescence in-situ hybridization (FISH), and DNA methylation anal
ysis, defining histogenesis (cellular origin) and degree of malignancy 
(histopathological grade) (Kleihues et al., 2002). In addition, the tumor 
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size and its spreading into surrounding tissues (locally invasive growth) 
and distant organs (metastatic spread) are classified by the IUCC in the 
TNM classification system (Brierley et al., 2017). Cancer is a complex 
disease (Fu et al., 2020) caused by dysregulation of multiple cellular 
functions referred to as "hallmarks of cancer" (Swanton et al., 2024). In 
specific types of cancer, histopathology provides an intuitive visualiza
tion of tumor cell morphology (Ektefaie et al., 2021; Hölscher et al., 
2023; Sparks and Madabhushi, 2013), tissue architecture (Hu et al., 
2021) and differentiation status (Rakha et al., 2022; Takahara et al., 
2021), offering critical clinical insights for cancer diagnosis (Kilim et al., 
2025; Tsuneki et al., 2023), tumor grading (Handley et al., 2022) and 
prognostic assessment (Cannella et al., 2024; Ho et al., 2024). The 
advent of spatial transcriptomics (ST) has provided a molecular-level 
complement to histopathology-based diagnostics. ST not only reveals 
spatial transcriptional patterns and regulatory mechanisms within tis
sues (Garcia-Alonso et al., 2021), but also captures the tumor micro
environment and local tissue characteristics (Chen et al., 2020c; 
Williams et al., 2022), offering novel insights for precision oncology.

The acquisition of spatial transcriptomics data typically involves 
tissue sample sectioning, tissue dissociation, and the integration of 
barcodes and indices (Jin et al., 2024). The high cost of specialized 
equipment and the complexity of the preparation process pose signifi
cant challenges for generating large-scale spatial transcriptomic data 
from WSIs in clinical practice (Yu et al., 2022). Therefore, deep learning 
models that predict spatial transcriptomic expression directly from his
topathology images offer a promising solution to this limitation. STNet 
(He et al., 2020a) was one of the pioneering methods for modeling the 
correlation between tissue morphology and spatial transcriptomic 
expression using convolutional neural networks. It employed a con
volutional architecture to hierarchically extract deep visual features 
from histopathological images and mapped these features to spatial gene 
expression in an end-to-end manner. HisToGene (Pang et al., 2021) 
enhanced spatial dependency modeling of spatial transcriptomic mea
surement spots by leveraging a Transformer-based framework. Simi
larly, EGGN (Yang et al., 2024) utilized graph neural networks (GNNs) 
to model variations in gene expression levels across different spatial 
windows, dynamically improving gene expression prediction.

Despite the promising potential of these methods in predicting 
spatially resolved gene expression by transcriptomics from histopatho
logical images, several limitations and challenges remain: 1. Most end- 
to-end models inevitably rely on fixed gene labels (Jaume et al., 2025; 
Rahaman et al., 2023). These methods select target genes based on their 
average expression levels or variability across the entire dataset. How
ever, even within the same dataset, spatial transcriptomic gene expres
sion levels and variability can vary significantly among different 
samples. As a result, genes that exhibit high expression or variability 
only in a subset of samples may not be included in the fixed prediction 
targets, thereby reducing the flexibility of gene expression prediction. 
Recently, BLEEP (Xie et al., 2024) was introduced to improve prediction 
flexibility based on contrastive learning. BLEEP models the relationship 
between histopathological morphological features and spatial tran
scriptomic expression through contrastive learning by computing the 
similarity between cross-modal data in the feature space to generate 
gene expression predictions from histopathological images. However, 
previous studies suggest that multimodal features often reside in distinct 
representational spaces after being encoded by multimodal encoders, 
making it challenging for the encoder to capture their interactions 
effectively (Li et al., 2021). Moreover, the inherent discreteness of 
spatial gene expression sequences and the absence of explicit semantic 
representations make it difficult to employ semantic-based strategies, 
such as cross-modal semantic matching, to capture multimodal in
teractions. 2. Current methods have not proposed effective strategies for 
integrating histopathological images with spatial transcriptomic data. 
Existing end-to-end models treat spatial transcriptomic data merely as 
labels while using histopathology images as input. BLEEP (Xie et al., 
2024) implements cross-modal contrastive learning based on an 

individual discrimination task (Wu et al., 2018). However, it relies solely 
on the global similarity between cross-modal embeddings to optimize 
the feature space, without performing more fine-grained alignment and 
fusion. 3. Most existing approaches are validated on only a single disease 
dataset and do not adopt cross-validation (He et al., 2020a; Pang et al., 
2021). Our research indicates that, even within the same dataset cohort, 
different samples exhibit varying degrees of prediction difficulty. Vali
dation based on only a subset of samples often results in unreliable 
performance evaluation.

To address these limitations and to model the relationship between 
histopathological morphological features and spatial transcriptomic 
expression for gene expression prediction from images, we propose a 
novel contrastive learning framework based on cross-modal mask 
reconstruction, named CMRCNet. CMRCNet comprises three stages: 
contrastive learning, cross-modal reconstruction, and similarity-based 
inference. In the contrastive learning stage, an image encoder and a 
gene encoder extract features from paired histopathological image 
patches and spatial transcriptomic expression data, respectively, con
structing embeddings for the similarity matrix used in contrastive 
learning. The contrastive loss function serves as an initial mechanism to 
bring the embeddings of the two modalities closer in the feature space. 
To achieve further alignment of the embeddings at local and fine- 
grained levels, we introduce cross-modal reconstruction as a pretext 
task. Unlike approaches that are explicitly semantics-driven, cross- 
modal reconstruction can be viewed as a set of local, pixel-level super
visory tasks that enforce the alignment of morphological and gene 
expression features in the feature space. Specifically, in the cross-modal 
reconstruction stage, randomly masked image features are progressively 
reconstructed under the guidance of gene expression features. We pro
pose a cross-modal reconstruction module based on a Transformer ar
chitecture to ensure consistency in image feature encoding. Within this 
module, we design a cross-attention mechanism with residual mapping 
to restore image features from gene encodings. The proposed attention 
mechanism not only prevents the reconstruction process from overly 
relying on a single modality, but also ensures that unmasked morpho
logical features and fused information at each stage contribute to the 
reconstruction. We evaluate our method on six datasets across different 
diseases, predicting highly expressed genes, highly variable genes, and 
marker genes, demonstrating the superiority of CMRCNet. CMRCNet not 
only achieves a higher similarity to the real spatial transcriptomic 
expression but also exhibits significant potential in preserving biological 
heterogeneity and predicting tumor regions based on marker genes.

The main contributions of this work are as follows: 

1. We propose to use cross-modal reconstruction as a pretext task to 
enhance image-to-spatial transcriptomics contrastive learning, 
enabling the prediction of gene expression levels from histopatho
logical features. Unlike most contrastive learning variants, our pro
posed CMRCNet does not rely on explicit semantic information or 
large-scale training datasets.

2. We propose a cross-modal fusion module to facilitate feature in
teractions between histomorphological representations and gene 
expression in contrastive learning. This module effectively balances 
the contribution of different modalities during fusion, preventing 
over-reliance on a single modality.

3. We conduct extensive experiments on six datasets covering different 
diseases using multi-fold cross-validation, mitigating the impact of 
varying prediction difficulty across samples on result reliability. 
Beyond predicting highly variable and highly expressed genes, we 
provide evaluations on marker gene predictions, further revealing 
the potential of leveraging artificial intelligence to integrate histo
pathology and spatial transcriptomics for clinical cancer diagnosis.
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2. Related work

2.1. Spatial transcriptomics prediction

Spatial transcriptomics is a technique that captures gene expression 
levels at different spatial locations and is widely used in tumor micro
environment analysis (Hunter et al., 2021; Khaliq et al., 2024) and 
molecular profiling of histopathology (Moncada et al., 2020; Ståhl et al., 
2016; Wang et al., 2023). Spatial transcriptomics alleviates the limita
tions of single-cell RNA sequencing (scRNA-seq), which requires the 
release of viable cells from the entire tissue without inducing stress, cell 
death, and/or cell aggregation (Williams et al., 2022), thereby providing 
valuable insights into spatially resolved gene expression analysis within 
tissues. The interaction between artificial intelligence and molecular 
data is an emerging field. For example, BioGPT (Al-Kateb et al., 2025) 
integrates gene expression with clinical reports to support classification 
and interpretable diagnosis. In response to the widespread challenge of 
limited accessibility to spatial gene expression data, current deep 
learning-based approaches for predicting spatial transcriptomic 
expression from histopathological images are categorized into two 
paradigms: end-to-end direct prediction and contrastive learning-based 
prediction.

The end-to-end paradigm formulates the prediction task as a multi
variate regression (Mejia et al., 2023). It takes histopathology images as 
input and employs deep neural networks to map visual features to the 
expression levels of target genes. STNet (He et al., 2020a) is one of the 
most representative methods in this category. It segments 
high-resolution histopathology images into individual patches, extracts 
visual features from these patches using DenseNet-121 (Huang et al., 
2017), and employs linear layers to map deep features to the predicted 
expression levels of 250 genes. Similar approaches include BrSTNet 
(Rahaman et al., 2023), EGN (Yang et al., 2023), EGGN (Yang et al., 
2024), and SEPAL (Mejia et al., 2023). BrSTNet focuses on breast his
topathology images and introduces an auxiliary network that operates in 
parallel with the main network. The linear layers in the main network 
predict the expression of 250 highly expressed genes, while those in the 
auxiliary network predict the remaining genes. Additionally, BrSTNet 
incorporates SSAL (Palacio et al., 2021) regularization to enhance the 
generalizability of the main network. EGN and EGGN both leverage 
similar patches within histopathology slides to dynamically enhance 
gene expression prediction. These methods are based on the assumption 
that patches with similar tissue morphology exhibit similar gene 
expression patterns. EGN employs a Vision Transformer (Dosovitskiy, 
2020) to extract visual features from patches and utilizes a specialized 
instance retrieval mechanism to refine the intermediate representations 
of the main encoder by adaptively incorporating the nearest instances in 
the feature space. In contrast, EGGN first constructs a similarity graph 
across different spatial windows. This similarity graph is then processed 
by GraphSAGE (Hamilton et al., 2017) to extract features and facilitate 
information propagation between windows. However, this approach, 
which relies on visually similar patches, overlooks the local contextual 
information surrounding individual patches. The tissue background in 
which a patch is situated may influence gene expression levels. To 
address this limitation, SEPAL integrates local contextual information 
using a graph neural network, achieving superior gene expression pre
diction performance on breast cancer datasets.

Unlike the end-to-end paradigm, contrastive learning-based methods 
focus on establishing feature associations between histopathology 
patches and spatial transcriptomic expressions. These methods take both 
histopathology images and spatial transcriptomic data as input and 
employ instance discrimination (Wu et al., 2018) as a pretext task to 
construct contrastive loss functions. BLEEP (Xie et al., 2024) is the first 
method to leverage contrastive learning for predicting spatial tran
scriptomic expression from histopathology images. During the training 
phase, ResNet50 and a linear mapping module serve as the image and 
gene encoders, extracting features from tissue patches and 

transcriptomic spots. Feature sequences from different patches and 
transcriptomic spots are used to construct a similarity matrix via matrix 
multiplication. The contrastive loss is supervised by intra-modal simi
larity matrices derived from patch and transcriptomic spot features. The 
objective of BLEEP is to bring the visual representations of histopa
thology images and their corresponding gene representations closer 
together in the feature space. During inference, for each tissue patch in 
the test set, BLEEP selects the 50 most similar gene representations from 
the training set as keys based on feature similarity. The mean expression 
of these keys is used as the predicted gene expression for the corre
sponding patch. Similar to BLEEP, RankByGene (Huang et al., 2024) 
improves contrastive learning by leveraging the relative consistency of 
similarity rankings across different modalities and instances. Compared 
to end-to-end models, a significant advantage of these methods is their 
flexibility. They do not require predefined labels, but instead dynami
cally predict highly expressed or highly variable genes during inference 
based on different test samples. This adaptability is particularly impor
tant, as highly expressed or highly variable genes often differ across 
samples, even within the same disease cohort.

2.2. Contrastive learning

Contrastive learning is a feature learning approach based on sample 
similarity, grounded in the fundamental assumption that similar sam
ples should be closer in the feature space. Typically, contrastive learning 
requires the construction of positive and negative samples for each 
instance. By learning the similarities and differences between positive 
and negative sample pairs, it encourages the encoder to capture mean
ingful data representations. Since contrastive learning does not inher
ently rely on fixed labels, it requires a pretext task to define the loss 
function. Instance discrimination (Wu et al., 2018) is one of the earliest 
contrastive learning methods. It treats each sample in the dataset as a 
unique class and trains an encoder to learn representations that distin
guish each sample as much as possible. The positive samples are 
generated via random data augmentations of the same sample, while the 
negative samples are drawn from other samples in the dataset and stored 
in a memory bank. Similar approaches have been explored in (Caron 
et al., 2020; Chen et al., 2020b; He et al., 2020b). Unlike the positive 
sample construction in (Wu et al., 2018), CMC (Tian et al., 2020) pro
poses that different viewpoints of the same object in an image can be 
considered as a positive sample pair. The goal of CMC is to maximize the 
mutual information between different viewpoints, enabling the encoder 
to learn object-intrinsic features while minimizing interference from 
viewpoint variations and background noise. CLIP (Radford et al., 2021) 
is one of the earliest studies that applied contrastive learning to multi
modal settings. It extends the positive-negative sample pair design from 
intra-modal to cross-modal learning, particularly between images and 
text. An image and its corresponding textual description are treated as a 
positive sample pair. Leveraging large-scale training data and multi
modal encoders with similar architectures, CLIP has achieved remark
able success in various domains, including image retrieval (Baldrati 
et al., 2022; Luo et al., 2022; Ma et al., 2022) and text-to-image gen
eration (Tao et al., 2023; Wang et al., 2022b).

3. Method

3.1. CMRCNet architecture

Our novel method (CMRCNet) is inspired by CLIP (Radford et al., 
2021) and BLEEP (Xie et al., 2024). However, CLIP is primarily designed 
for large-scale contrastive learning between images and text, and BLEEP 
focuses solely on narrowing the spatial gap between pathological 
morphology and spatial gene expression, without enabling deeper 
cross-modal feature interactions. In contrast, CMRCNet utilizes 
cross-modal reconstruction to achieve interaction and alignment of 
histopathological morphology and gene expression levels at the feature 
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pixel level, and is suitable for small-scale datasets. The overall workflow 
of CMRCNet is illustrated in Fig. 1. It consists of three main stages: 
contrastive learning, cross-modal reconstruction, and similarity-based 
retrieval during inference. During the training phase, the model takes 
paired histopathology image patches and spatial transcriptomic 
expression profiles as input. In the inference phase, histopathology im
ages from the test set are fed into the image encoder, and spatial tran
scriptomic data from the training set are used as input to the gene 
encoder. The final spatial transcriptomic expression predictions are 
obtained through similarity-based retrieval.

3.2. Contrastive learning

Each whole slide image X ∈ RH×W× 3 is first divided into patches 
I ∈ RN×L×L× 3, where N represents the number of patches, and L denotes 
the patch resolution. In contrastive learning, the inputs for the image 

encoder and transcriptomic encoder are I ∈ RB×L×L× 3 and S ∈ RB×d, 
where B represents the batch size, set to 64 in our method, and d denotes 
the dimension of gene expression in spatial transcriptomics. To ensure 
consistency between the architectures of the image encoder in contras
tive learning and the cross-attention module in cross-modal recon
struction, we employ the Vision Transformer (ViT) base version as the 
image encoder. For a single image patch I ∈ R1 ×L×L× 3 with L = 224, 
ViT first partitions it into non-overlapping smaller patches of size 32 ×
32, resulting in a total of 49 patches. Each patch is then flattened and 
linearly projected into a 768-dimensional embedding vector (token). To 
encode spatial positional information, a positional token is added. The 
resulting sequence of 50 tokens is fed into the ViT. The ViT is composed 
of multiple Transformer blocks, each consisting of a multi-head self- 
attention mechanism and a feed-forward network. The multi-head self- 
attention mechanism facilitates information exchange across patches, 
enabling effective global modeling. The feed-forward network further 

Fig. 1. Overview of CMRCNet. (a) Training Stage: The input data for CMRCNet in the training stage are histopathological patches and transcript gene expression, 
including contrastive loss and reconstruction loss. (b) Inference Stage: The input data for CMRCNet in the inference stage are histopathological patches from the test 
set and transcript gene expression from the train set, and the prediction results are obtained through similarity-based retrieval. (c) The Projection Head is used to map 
high-dimensional features to lower dimensions for contrastive learning. (d) The self-normalizing network is used to map spatial transcriptomics data to lower- 
dimensional features for constructing reconstruction loss.
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processes the features from the attention layer, enhancing their repre
sentational capacity through nonlinear transformations. After feature 
extraction, the output of the image encoder is Fimg ∈ RB× 50 × 768, where 
50 represents the number of tokens, and 768 is the embedding dimen
sion of ViT-B. Next, the average value of Fimg is computed along the 
token dimension and fed into the projection head, which maps the high- 
dimensional hidden representations from the encoder to a lower- 
dimensional space. The projection head consists of two fully con
nected layers, a GELU activation function, dropout, and layer normali
zation, which is consistent with the design in BLEEP. The architecture of 
the projection head is shown in Fig. 1(c). The output of the projection 
head is Fímg ∈ RB× 256, which serves as the feature representation for 

contrastive learning. For spatial transcriptomic expression S ∈ RB×d, the 
projection head serves as the gene encoder, extracting features from the 
expression data, with the output given by Fgene ∈ RB× 256.

We follow the construction of the contrastive loss as implemented in 
BLEEP (Xie et al., 2024), where similarity computation and label con
struction are performed within a mini-batch. For the image modality and 
the gene modality, we first compute the intra-modal similarities sepa
rately to capture the similarity relationships within each modality. For 
image features Fímg ∈ RB× 256 and gene expression features 
Fgene ∈ RB× 256, the intra-modal similarity matrices are computed as: 

sim
(

Fʹ
img, Fʹ

img

)
∈ RB×B = Fʹ

img ⋅ Fʹ
img

T (1) 

sim
(
Fgene, Fgene

)
∈ RB×B = Fgene ⋅ FT

gene (2) 

Here, each entry in the similarity matrix represents the pairwise simi
larity score between two samples within the same modality. Next, we 
compute the similarity between the two modalities, which explicitly 
models the alignment between paired image and gene expression rep
resentations. This is achieved by computing the dot-product similarities 
in both directions, as shown in the following equation: 

sim
(

Fʹ
img, Fgene

)
∈ RB×B = Fʹ

img ⋅ FT
gene (3) 

sim
(

Fgene, Fʹ
img

)
∈ RB×B = Fgene ⋅ Fʹ

img
T (4) 

Each row of these similarity matrices corresponds to the similarity 
distribution of one sample with respect to all samples from the other 
modality. The label construction process for contrastive learning is 
shown in the following equation: 

target = softmax
(sim

(
Fʹ

img, Fʹ
img

)
+ sim

(
Fgene, Fgene

)

2
× τ

)

(5) 

τ is the temperature function in contrastive learning. We follow the 
settings from BLEEP, where τ = 1.0. Cross-entropy (CE) is used as the 
contrastive learning loss function, modeling the correlation between the 
two modalities based on similarity calculation. The overall contrastive 
learning loss function is defined as follows: 

Lossc = CE
(

sim
(

Fʹ
img, Fgene

)
, target

)
+ CE

(
sim

(
Fgene, Fʹ

img

)
, targetT

)

(6) 

The first term aligns the image-to-gene similarities with the target 
distribution, while the second term aligns the gene-to-image similarities. 
Together, they enforce bidirectional consistency across modalities, 
ensuring that paired image and gene expression features are embedded 
close to each other in the shared feature space.

3.3. Cross-modal reconstruction

The objective of multimodal contrastive learning is to minimize the 
distance between paired or similar multimodal samples in the feature 

space while keeping unrelated samples apart. It relies on a loss function 
defined by feature similarity, which encourages two similar embeddings 
to be as close as possible in the feature space. However, this loss pri
marily considers the global similarity between two embeddings, without 
accounting for their internal structures or enforcing a more fine-grained 
alignment between them. Thanks to the rich semantic information and 
large training datasets, improved versions of CLIP propose leveraging 
cross-modal semantic matching or hard negative mining to improve 
contrastive learning. Compared with text, spatial transcriptomics data 
exhibit highly discrete gene sequences and lack explicit semantic in
formation, making architectures based on cross-modal semantic 
matching or hard negative mining difficult to transfer to morpholo
gy–spatial gene expression contrastive learning. To enable the encoder 
to learn cross-modal interactions further and promote the alignment of 
the two modalities, inspired by MAE (He et al., 2022), we propose a 
cross-modal reconstruction auxiliary task to achieve feature-level fusion 
between tissue morphological features and gene expression levels. Un
like MAE, which trains a robust image encoder through unimodal 
self-reconstruction of randomly masked image patches, our cross-modal 
reconstruction strategy operates across multiple modalities and 
hidden-layer embeddings. This enhances the interaction and alignment 
of multimodal features.

The motivations of cross-modal reconstruction are as follows: (1) It 
provides denser and more localized supervision signals, which facilitate 
the alignment of multimodal embeddings. Masked reconstruction re
quires the model to perform pixel-wise predictions in the masked re
gions. This compels embeddings from different modalities to be aligned 
at a finer granularity. (2) Cross-modal reconstruction is particularly 
suitable for morphology–spatial gene expression contrastive learning. 
Cross-modal reconstruction encourages the model to learn fine-grained 
mappings between the two modalities, thereby promoting deeper 
alignment and fusion. This alignment is not dependent on explicit se
mantics but is instead feature-based. Compared with contrastive losses 
that only consider global similarity, cross-modal reconstruction em
phasizes local correspondences and inter-modality associations, which is 
beneficial for uncovering the complex relationships between 
morphology and gene expression. Furthermore, it can be viewed as 
multiple local prediction tasks with fixed targets for each sample, which 
increases the amount and stability of effective supervision, thereby 
benefiting contrastive learning on small-scale spatial transcriptomics 
data.

For the output of the image encoder Fimg ∈ RB× 50 × 768, we use a 
fully connected layer to map the embedding dimension from 768 to 256. 
For the discrete gene data, we do not employ a Transformer encoder. On 
one hand, the contextual and global information in the original gene 
sequences is very limited. On the other hand, it introduces additional 
parameters and increases the risk of overfitting. We utilize Self- 
Normalizing Networks (SNN) (Klambauer et al., 2017) to map the 
transcript expression from the initial dimension to 2048 dimensions, and 
then perform a dimensionality transformation to construct the tran
scriptomic features Fmask

gene ∈ RB× 8 × 256. The SNN, which is designed to 
encode gene expression sequences (Chen et al., 2020a; Ding et al., 
2023), consists of fully connected layers, a SELU activation function, and 
Alpha Dropout with a dropout probability of 0.25. The architecture of 
SNN is shown in Fig. 1(d). The SELU is continuous and differentiable at 
all points, avoiding the issue of neuron death, and causes the output to 
tend towards zero mean and unit variance. Combined with SELU, Alpha 
Dropout further maintains the self-normalizing property of the output, 
which alleviates overfitting for high-dimensional but few-shot gene 
data. First, we randomly mask 50 % of the feature pixels in the image 
features, and the masked feature representation is denoted as 
Fmask

img ∈ RB× 50 × 256. In our ablation evaluation, the combination of a 50 
% mask rate and MSE reconstruction loss function shows the best per
formance. Next, the masked image features and transcriptomic features 
are input into the cross-attention module for preliminary reconstruction. 
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Since image features serve as the main feature for reconstruction, in the 
preliminary reconstruction process, the Query (Q) is generated from 
Fmask

img , while the Key (K) and Value (V) are generated from Fmask
gene The 

construction process of Q, K, and V is as follows: 

Q = Fmask
img ⋅WQ (7) 

K = Fmask
gene ⋅WK (8) 

V = Fmask
gene ⋅WV (9) 

The output of the cross-attention is denoted as Fatt
img ∈ RB× 50 × 256. 

This output is calculated as 

Fatt
img = softmax

(
QKT
̅̅̅̅̅
dk

√

)

V (10) 

where dk represents the dimension of the feature embeddings. Cross- 
attention is implemented using the multi-head approach, with the 
number of heads set to 4. Next, Fatt

img is fed into two concatenated cross- 
modal fusion modules for feature extraction and further cross-modal 
reconstruction. Our cross-modal fusion module consists of two steps: 
image feature extraction and the fusion of image and gene expression 
features. To maintain consistency with the image encoder feature 
extraction, the cross-modal fusion module adopts the structure of 
Transformer blocks, which includes layer normalization, the multi-head 
self-attention mechanism, and linear mapping layers. In the cross-modal 
fusion module, the number of heads is set to 8. A cross-attention module 
is added as the final layer of the cross-modal fusion module. The ar
chitecture of the cross-attention module is shown in Fig. 2. Unlike cross- 
attention in the initial reconstruction, we also generate Value (V) from 
the image features and add it to the features weighted by the attention 
matrix in a residual-connected manner. This design has two motivations: 
(1) It prevents the information from overly favoring the spatial tran
scriptomic modality. Spatial transcriptomic data inevitably contain 
noise. When features overly rely on gene modality representations in the 
reconstruction process, noise is often retained in the fused features, 
making optimization difficult. (2) It preserves feature representations 
from the initial fusion and self-reconstruction. Before entering the cross- 
attention mechanism, image features undergo initial reconstruction and 
complete their information interaction within the Transformer block. 
The mappings from these features are added to the final feature using a 
residual connection. This ensures that the reconstruction is not solely 
dependent on the gene expression features. Unmasked tissue 
morphology features and fused features from each stage also contribute 
to the reconstruction process. The output of the cross-modal fusion 
module is denoted as Ffuse ∈ RB× 50 × 256.

In the cross-modal reconstruction task, we use the MSE loss function 
to guide the model’s learning. The image feature embeddings used for 

contrastive learning serve as the reconstruction target. Ffuse is averaged 
along the token dimension to produce the reconstruction result, denoted 
as Fr ∈ RB× 256. The overall loss function for the cross-modal recon
struction is as follows: 

Lossr = MSE
(

Fr, Fʹ
img

)
(11) 

3.4. Loss function

Our method includes two loss functions: the contrastive learning loss 
and the cross-modal reconstruction loss. Since the two loss functions 
differ in magnitude, we use a logarithmic function to balance the opti
mization process and prevent one loss from dominating the model 
training. The overall loss function is as follows: 

Losstotal = log(1+ Lossc) + log(1+ Lossr) (12) 

3.5. Similarity-based retrieval in the inference stage

The inference of spatial transcriptomic expression from images is 
completed based on similarity retrieval. The process of inference is 
shown in Fig. 1(b). During the inference stage, we only retain the VIT 
and projection head used for image encoding in contrastive learning, as 
well as the projection head used for spatial transcriptomic encoding. 
First, the WSIs from the test dataset are divided into patches based on the 
spatial transcriptomic location information and input into the VIT and 
Projection Head, producing image feature embeddings Ftest

img ∈ RB× 256. 
Next, the spatial transcriptomic data from the training dataset is used as 
input for the trained gene encoder, producing gene feature embeddings 
Ftest

gene ∈ RM× 256, where M represents the total number of transcriptomic 
spots in the training dataset. Then, the image feature embeddings and 
gene feature embeddings are used to compute the cosine similarity, 
resulting in a similarity matrix S ∈ RB×M. The top 50 gene feature em
beddings most similar to the current image feature embedding are 
selected as keys. The average gene expression values of the corre
sponding transcriptomic spots are taken as the final prediction results.

4. Experiments and results

4.1. Datasets

To validate the effectiveness of the proposed method, we train and 
evaluate CMRCNet on six datasets reflecting different diseases, 
including axillary lymph nodes in invasive ductal carcinoma (IDC- 
LymphNode) (Liu et al., 2022), skin cutaneous melanoma (SKCM) 
(Jaume et al., 2025), rectal adenocarcinoma (READ) (Valdeolivas et al., 
2023), colonic adenocarcinoma (COAD) (Oliveira et al., 2024), invasive 
ductal carcinoma (IDC) (Janesick et al., 2023), and primary sclerosing 
cholangitis (PSC) (Andrews et al., 2024). All these datasets are collected 

Fig. 2. Overview of residual cross-attention module. It is used to fuse histopathological features and gene expression features in the cross-modal reconstruction stage.
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and curated by the HEST-benchmark (Jaume et al., 2025): https 
://huggingface.co/datasets/MahmoodLab/hest.

IDC-LymphNode (Liu et al., 2022): Lymph node–positive invasive 
ductal carcinoma. This dataset consists of four whole-slide images 
(WSIs) and spatial transcriptomics samples from patients diagnosed with 
breast cancer. The spatial transcriptomics data are obtained using the 
Visium transcriptomics technology (Ståhl et al., 2016), containing a 
total of 19,964 transcriptomic spots and expression levels of 33,921 
genes. Scanpy (Wolf et al., 2018) is used to select the top 1000 highly 
variable genes from each sample, resulting in a final dataset comprising 
3467 genes. For the evaluation of marker genes and genes influencing 
disease progression, the following genes are included in our study: 
ZNF276, ZNF750, YBX1, VHL, RUNX2, RND, ERCC4, PADI2, S100A8, 
and S100A6.

SKCM (Jaume et al., 2025): Skin cutaneous melanoma. This dataset 
includes two samples from two patients with skin cancer. The spatial 
transcriptomic data are obtained using Xenium technology, which 
contains 5716 transcriptomic spots and the expression levels of 541 
genes. All of these genes are included in our study. We select MIA, PMEL, 
MLANA, MITF, and TYR as the marker genes for the SKCM dataset.

READ (Valdeolivas et al., 2023): Rectum adenocarcinoma. This 
dataset consists of four samples from two patients with rectal adeno
carcinoma. The spatial transcriptomic data are obtained using Visium, 
containing 8407 transcriptomic spots and expression levels of 36,601 
genes. Similar to the preprocessing steps of the IDC-LymphNodes data
set, we select 3355 highly variable genes. The marker genes for the 
READ dataset include: OLFM4, PLA2G2A, PLA2G2D, MMP1, MMP11, 
MMP12, SMAD4, MUC13, SLC26A3, ZG16 and NDRG1.

COAD (Oliveira et al., 2024): Colon adenocarcinoma. This dataset 
includes four WSIs and spatial transcript samples from patients with 
colonic adenocarcinoma. The spatial transcriptomic data are obtained 
using Xenium technology, comprising 18,523 transcriptomic spots and 
the expression levels of 541 genes. After excluding genes with different 
names and blank-named genes, 412 genes are included in our study. The 
marker genes for the COAD dataset include CLCA1, CD8A, PRF1, GZMA, 
and GZMK.

IDC (Janesick et al., 2023): Invasive ductal carcinoma. This dataset 
includes four samples from patients with invasive ductal carcinoma. The 
spatial transcriptomic data are obtained using Xenium technology, 
comprising 44,974 transcriptomic spots and the expression levels of 541 
genes. After filtering out genes with different names and blank-named 
genes, 500 genes are included in our study. The marker genes for the 
IDC dataset include MKI67, ERBB2, PRF1, ESR1, PGR, GATA3, AR, and 
EGFR.

PSC (Andrews et al., 2024): Primary sclerosing cholangitis. This 
dataset includes four samples from patients with primary sclerosing 
cholangitis. The spatial transcriptomic data are obtained using Visium 
technology, comprising 19,968 transcriptomic spots and the expression 
levels of 36,601 genes. Using Scanpy, the top 1000 highly variable genes 
are selected for each sample, and 3355 genes are included in the study. 
The marker genes for PSC include CYP3A4, VWF, KRT7, ACTA2, and 
DCN.

4.2. Evaluation metrics

We use the Pearson Correlation Coefficient (PCC) to evaluate our 
method, which is the most common metric for gene expression predic
tion (Jia et al., 2024; Pang et al., 2021; Xie et al., 2024). The PCC reflects 
the linear relationship between the predicted values and the true gene 
expression levels, with a range of [− 1, 1]. In spatial transcriptomic gene 
prediction, PCC reflects the consistency between the prediction and 
ground truth in spatial variation patterns. The PCC is calculated as 
follows: 

r =
∑n

i=1(Xi − X)(Yi − Y)
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(Xi − X)2
√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑n
i=1(Yi − Y)2

√ (13) 

X and Y represent the two variables involved in the computation, i de
notes the index of the data points, and n represents the total number of 
data points. X and Y denote the mean values of the two variables, 
respectively.

4.3. Implementation details

Our framework is implemented using PyTorch. Model training and 
evaluation are performed on a workstation equipped with an Nvidia RTX 
A5000 24 G GPU. All WSIs are divided into patches with a resolution of 
224 × 224. We preprocess the gene expression data using total counts 
normalization and log transformation to eliminate the effects of 
sequencing depth. During the training phase, data augmentation tech
niques include random horizontal flipping, random vertical flipping, 
and random rotation. We use the AdamW optimizer (Loshchilov and 
Hutter, 2017) with a learning rate of 0.0001 to train our model for 60 
epochs, with a batch size of 64.

4.4. Experimental results

We compare CMRCNet with STNet (He et al., 2020a), HisToGene 
(Pang et al., 2021), the latest contrastive learning-based method, BLEEP 
(Xie et al., 2024) and mclSTExp (Min et al., 2024). Additionally, we also 
compare CMRCNet with cTranPath (Wang et al., 2022a), a pioneering 
work of the histopathology foundation model, whose pre-training 
datasets share the most similar cancer groups to the datasets we used. 
To avoid the impact of samples with different prediction difficulties on 
the method’s evaluation, we employ k-fold cross-validation. The num
ber of folds is equal to the number of samples in the dataset, such that 
each sample participates at some point as a test sample in the evaluation 
of the method.

4.4.1. Comparison of highly variable genes, highly expressed genes, and 
marker genes

Table 1 presents the prediction results for the top 50 highly variable 
genes (HVGs), top 50 highly expressed genes (HEGs) among HVGs, and 
marker genes (MGs) used for analyzing disease progression across six 
datasets. The results are evaluated by PCC and Spearman’s rank corre
lation coefficient. The contrastive learning-based methods BLEEP and 
CMRCNet-50 are used, with 50 similar embeddings selected. For 
CMRCNet-500, 500 similar embeddings are selected. On all datasets, 
CMRCNet demonstrates optimal or second-best results.

For the prediction of HVGs and HEGs, CMRCNet-50 shows the most 
significant improvement on the COAD dataset. Compared to the end-to- 
end prediction model STNet, CMRCNet-50 improves HEGs prediction by 
25.71 % (PCC: 0.3872 vs 0.3080) and HVGs prediction by 24.12 % (PCC: 
0.4611 vs 0.3715). Compared to BLEEP, CMRCNet-50 shows an 
improvement of 10.34 % (PCC: 0.3872 vs 0.3509) for HEGs and 10.18 % 
(PCC: 0.4611 vs 0.4185) for HVGs. For the SKCM dataset, CMRCNet-50 
achieves PCC values of 0.3420 for HEGs and 0.1966 for HVGs, repre
senting the current best performance.

In the prediction of marker genes, CMRCNet-50 shows a significant 
improvement. Compared to BLEEP, CMRCNet-50 achieves a 40.76 % 
improvement (PCC: 0.2704 vs 0.1921), and compared to STNet, it 
achieves a 330.57 % improvement (PCC: 0.2704 vs 0.0628). The results 
of marker genes are shown in Supplementary Tables 1–6. Fig. 3 presents 
box plots of the PCC scores for the top 50 HEGs and HVGs across the six 
datasets. The average and median PCC scores of CMRCNet-50 are 
significantly better than those of STNet and HisToGene, with positive 
PCC scores for most genes. Compared to BLEEP and mclSTExp, 
CMRCNet-50 achieves higher median PCC scores across most samples, 
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demonstrating stronger gene prediction capabilities.
In comparison with PCC, Spearman correlation is less sensitive to 

outliers. Across all datasets, CMRCNet-50 consistently outperforms 
baseline models in terms of Spearman correlation, demonstrating 
stronger rank-based consistency between predicted and ground-truth 
expression. In IDC-LymphNode and SKCM, CMRCNet-50 achieves im
provements over STNet, HisToGene, and BLEEP, particularly for marker 
genes. For READ and COAD, CMRCNet-50 maintains competitive or 
superior performance across HEGs, HVGs, and marker genes, with 
substantial gains in COAD. In IDC and PSC, CMRCNet-50 also delivers 
stable improvements.

To evaluate our method’s ability to predict more genes, we present 
the prediction results for the top 150 HEGs, HVGs, and the top 250 
HEGs, HVGs in Table 2. These genes may contain those that are signif
icant for analyzing disease progression. For the prediction of the top 150 
genes, we select 250 similar embeddings for the contrastive learning- 
based method. In the prediction of the top 250 genes, we select 500 
similar embeddings. As shown in Table 2, our method achieves the best 
results on most datasets. Notably, all datasets show a similar trend, 
where predicting more genes typically results in a lower average PCC.

Table 1 
Results of comparison experiment (top 50 genes, Multi-fold Cross-Validation). CMRCNet-50 selects 50 similar embeddings as keys for queries in the inference stage. 
CMRCNet-500 selects 500 similar embeddings as keys for queries in the inference stage. Best results are shown in red.
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4.4.2. Comparison of predicted and reference expression profiles
To investigate the ability of different methods to predict gene 

expression levels across all genes in the samples, Fig. 4 compares the 
distribution of predicted expression profiles with reference expression 
profiles. The blue points represent the true values, while the yellow 
points represent the predicted values. The first row shows the average 
expression levels of different genes across the WSI, while the second row 
illustrates the variation in gene expression across different locations. In 
terms of predicting average expression levels, the points from STNet and 
HisToGene are the most scattered, indicating that it is difficult to 
accurately predict gene expression levels. Compared to them, BLEEP and 
CMRCNet-50 demonstrate excellent performance on both low- 
expression and high-expression genes. For genes with median 

expression levels, CMRCNet-50 is more robust than BLEEP. In predicting 
gene expression variations, CMRCNet-50 shows slight improvements 
over other methods but still struggles to capture variations accurately.

4.4.3. Analysis of gene-gene correlations
Fig. 5 shows the heatmap of gene-gene correlations, which reflects 

the ability of different methods to preserve biological heterogeneity. We 
select the top 50 HEGs and top 50 HVGs for testing. Hierarchical clus
tering is applied to classify and reorder these genes, with genes exhib
iting similar expression patterns positioned closer together on the 
heatmap axes. In the heatmap of STNet’s predicted results, the color 
blocks are scattered, indicating that the correlation between genes is not 
well preserved. Compared to STNet, HisToGene can recognize partial 

Fig. 3. Boxplot of gene PCC distribution. It reflects the predicted PCC distribution of the top 50 HEG and top 50 HVG for 6 samples from different diseases. Our 
method is evaluated with 50 similar embeddings. Green represents our method (CMRCNet), orange represents BLEEP, blue represents HisToGene, and pink rep
resents STNet.
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correlations between genes. Both BLEEP and our method demonstrate 
good performance in preserving biological heterogeneity. Regions cor
responding to highly correlated gene subsets in the heatmap display 
similar patterns. Compared to BLEEP, our method better preserves the 
correlation in gene subsets that show negative correlations, represented 
by the blue areas in Fig. 5.

4.4.4. Analysis of highly related genes
Table 3 presents the top 5 highly correlated genes from different 

methods across the 6 datasets. These genes show the high PCC scores in 
the predicted results. In the READ (Valdeolivas et al., 2023) and PSC 
(Andrews et al., 2024) datasets, the most accurately predicted genes are 
relatively consistent across different methods. In the LYMPH_IDC (Liu 
et al., 2022), SKCM (Jaume et al., 2025), and COAD (Oliveira et al., 
2024) datasets, some genes show consistently high correlation predic
tion performance. Compared to STNet (He et al., 2020a), HisToGene 
(Pang et al., 2021), and BLEEP (Xie et al., 2024), CMRCNet-50 shows a 
higher correlation with the true values for the prediction of these genes.

Figs. 6–8 show the distribution of expression levels for ITLN1, CD24, 
and GATA3 in colon adenocarcinoma, rectal adenocarcinoma tissue 

slides, and invasive ductal carcinoma tissue slides, respectively. Among 
them, ITLN1 (Chen et al., 2021) is an independent favorable prognostic 
factor in colon adenocarcinoma, with multiple functions, including a 
role in inhibiting tumor angiogenesis. CD24 (Huang et al., 2021) can be 
used to identify colorectal cancer stem cells, which are associated with 
tumor formation, chemotherapy resistance, and metastatic disease. 
GATA3 is a transcription factor that can be detected in cell nuclei of 
normal and neoplastic epithelial cells in the breast, and it is used as a 
lineage- and differentiation marker in IDC. High nuclear GATA3 
expression has been shown to be associated with a favorable prognosis 
in certain subtypes of breast cancer. For ITLN1 prediction, BLEEP and 
CMRCNet-50 show higher similarity with the true values, with 
CMRCNet-50 achieving better PCC values. For CD24 prediction, STNet 
and BLEEP only show high similarity in localized regions, while His
ToGene performs better in low-expression regions but struggles with 
predicting high-expression regions of CD24. In comparison, 
CMRCNet-50 better captures the spatial variation of CD24 expression 
levels. For the prediction of GATA3, all four methods achieve compa
rable results. STNet and HisToGene produce smoother expression pro
files. The contrast between the prediction results of BLEEP and our 

Table 2 
Results of extended genes (Multi-fold Cross-Validation). For the top 150 HEG and HVG predictions, CMRCNet selects 250 similar embeddings. For the top 250 HEG and 
HVG predictions, CMRCNet selects 500 similar embeddings. Best results are shown in red. All results are measured by PCC.
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method in the region of different expression levels is more obvious. The 
original WSIs of these samples are shown in Supplementary Figs. 1–3. 
Predicted PCCs of the top 50 HEGs and HVGs in these samples are shown 
in Supplementary Figs. 4–6.

4.4.5. Comparison with pathology foundation model
Table 4 shows the comparison between CMRCNet and cTransPath. In 

the LYMPH_IDC, COAD, and IDC datasets, cTransPath shows better 
performance, consistent with the distribution of cancer types in the 
cTransPath training data. For the SKCM and READ datasets, CMRCNet 
achieves better prediction results. Even though cTransPath’s pretrained 
data includes relevant disease samples, the inevitable class imbalance 
limits cTransPath’s fine-tuning ability on the relevant datasets. For the 
PSC dataset, cTransPath does not show the ability to predict spatial 
transcriptomic expression. This is because there are no cancer samples in 
PSC, but liver inflammation data. Even though cTransPath’s pretrained 
data includes over 500 liver WSIs, it still struggles to bridge the gap 
between different disease phenotypic patterns. In contrast, CMRCNet is 
suitable for different disease types and achieves better performance on 

the PSC dataset.

4.5. Ablation experiment analysis

To demonstrate the effectiveness of our method and the impact of its 
components, the ablation study results are presented in Table 5. We 
evaluate two types of reconstruction loss functions: cosine loss and MSE 
loss, three different masking rates: 0.3, 0.5, 0.7, and two types of 
reconstructed features. The number of similarity-based embeddings 
used during the inference stage is set to 50. Multi-fold cross-validation is 
conducted, and the results are reported as the average PCC scores across 
six datasets. When gene expression is predicted using contrastive 
learning alone, the PCC scores for HEG and HVG are 0.2933 and 0.2846, 
respectively. When image features are reconstructed using cosine loss as 
the reconstruction loss, the PCC scores under different masking rates are 
0.3: (HEG: 0.3090, HVG: 0.3001), 0.5: (HEG: 0.3077, HVG: 0.2968), 0.7: 
(HEG: 0.3063, HVG: 0.2941). When the spatial transcriptomic expres
sion is used as the reconstructed feature, the results are HEG: 0.3069, 
and HVG: 0.2946. When image features are reconstructed using MSE 

Fig. 4. Comparison of predicted and reference expression profiles. The blue points represent the distribution of ground truth and the yellow points represent the 
distribution of predictions. The first row represents the average expression of all genes in WSI. The second row represents the variation of all genes at different 
positions. Our method is evaluated with 50 similar embeddings.

Fig. 5. Heatmap of gene-gene correlations. The first row represents the gene-gene correlations of the top 50 HEGs. The second row represents gene-gene correlations 
of the top 50 HVGs. Our method is evaluated with 50 similar embeddings.
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loss as the reconstruction loss, the PCC scores under different masking 
rates are 0.3: (HEG: 0.3020, HVG: 0.2921), 0.5: (HEG: 0.3117, HVG: 
0.3020), 0.7: (HEG: 0.3006, HVG: 0.2924). When the spatial 

transcriptomic expression is used as the reconstructed feature, the re
sults are HEG: 0.2996, and HVG: 0.2937. These results consistently 
outperform the PCC scores obtained using contrastive learning alone.

Table 3 
Results of the top 5 correlated genes. Red: Genes showing a high correlation in all four methods. Blue: Genes showing a high correlation in three methods.

Fig. 6. Distribution of the ITLN1 in rectal cancer tissue slices.
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Fig. 7. Distribution of the CD24 in colon cancer tissue slices.

Fig. 8. Distribution of the GATA3 in breast cancer tissue slices.

Table 4 
Results of comparison with pathology foundation model. Best results are shown in red.

J. Liu et al.                                                                                                                                                                                                                                       Medical Image Analysis 108 (2026) 103889 

13 



Table 6 reports the effect of the temperature parameter on contras
tive learning performance. We observe that higher temperatures are 
more beneficial for morphology–spatial gene expression contrastive 
learning, which is consistent with previous studies (Min et al., 2024; Xie 
et al., 2024). At a temperature of 1.0, the PCC reaches 0.3117 for HEGs, 
0.3020 for HVGs, and 0.2372 for Marker Genes. When the temperature 
increases to 2.0, HEG and HVG PCCs show slight improvements, 
whereas Marker Genes decline marginally. By contrast, lowering the 
temperature to 0.5 produces a marked decrease across all gene 

categories, and training collapses entirely at a temperature of 0.1. The 
role of temperature in contrastive learning is to balance the weighting of 
hard negatives. Smaller values enforce sharper separation between 
positives and their most similar negatives, while larger values encourage 
broader use of negative samples. In our setting, higher temperatures 
prove advantageous for two reasons: (1) unlike conventional image–text 
settings, the relationship between tissue morphology and molecular 
expression is inherently more complex. A lower temperature causes the 
model to overemphasize a small subset of hard negatives, limiting its 
ability to leverage diverse negative samples for modeling such complex 
associations. (2) Due to the limited size of our training dataset, we 
employ a relatively small batch size. With fewer samples per batch, 
overly low temperatures lead to insufficient utilization of negative 
samples. Conversely, large-batch training naturally provides abundant 
negatives, where higher temperatures encourage the model to focus on 
harder samples, making it more effective in data-rich scenarios.

To illustrate the role of the residual cross-attention layer, we report 
the impact of the residual connection on performance in the last row of 

Table 5 
Results of ablation experiments.

Table 6 
Ablation study on temperature in contrastive learning.

Temperature (τ) HEG HVG Marker Genes

0.1 0.0395 0.0439 0.0194
0.5 0.2493 0.2214 0.1659
1.0 0.3117 0.3020 0.2372
2.0 0.3162 0.3031 0.2292

Fig. 9. Signal strength analysis of residual connections in the residual cross-attention module. The y-axis represents the number of patches, while the x-axis rep
resents the signal strength contribution of features before the residual connection to the final output.
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Table 5. When the original cross-attention mechanism is employed, the 
PCC values for HEGs, HVGs, and marker genes are 0.3042, 0.2918, and 
0.2103, respectively. In contrast, with our residual cross-attention layer, 
the PCC values increase to 0.3117 for HEGs, 0.3020 for HVGs, and 
0.2372 for marker genes. In addition, we analyze the signal strength 
before and after applying the residual connection in the second residual 
cross-attention module (Fig. 9). The x-axis represents the proportion of 
pre-residual features contributing to the final output, while the y-axis 
denotes the number of patches. We observe that across different data
sets, most signal strengths distribute between 0.1 and 0.2, which in
dicates that the residual connection contributes the majority of the 
signal strength to the final output. In our design, signals from histopa
thology images contribute to cross-modal reconstruction through the 
residual connection (as illustrated in Fig. 2). On the one hand, this 
design allows the reconstruction process to benefit not only from gene 
features but also from the continuity of image-derived features, which 
facilitates the self-reconstruction. On the other hand, the residual 
connection facilitates training and alleviates the vanishing gradient 
problem.

5. Discussion

In this work, we propose a novel method (CMRCNet), which is based 
on contrastive learning, for predicting spatially resolved gene expression 
detected by spatial transcriptomics from routinely stained pathology 
images. During the training phase, contrastive learning is employed to 
minimize the distance between patches and their paired spatial tran
scriptomic expression in feature space. In the inference phase, CMRCNet 
selects gene expression embeddings that are similar in feature space as 
keys for each patch, and the mean of the original expression of these 
keys is computed as the prediction. Experiments on datasets from six 
different types of diseases demonstrate that CMRCNet outperforms 
others in spatial transcriptomic expression prediction. It not only pre
dicts gene spatial expression trends more accurately but also shows 
advantages in preserving biological heterogeneity.

CLIP (Radford et al., 2021) demonstrates remarkable potential in the 
image-text tasks, providing a paradigm for cross-modal data alignment. 
BLEEP is the first to adapt CLIP for spatial transcriptomic expression 
prediction by aligning histological images with spatial transcriptomics 
data through contrastive learning. However, previous studies show that 
contrastive learning, which relies solely on similarity-based objectives, 
struggles to bridge the gap between modalities (Li et al., 2021; Zhang 
et al., 2024). Numerous works propose various auxiliary tasks to further 
narrow the distance between images and text in semantic space. For 
instance, ALBEP (Li et al., 2021) selects hard samples from a mini-batch 
and designs a classification task to optimize semantic matching. CE-CLIP 
(Zhang et al., 2024) enhances CLIP’s inference in visual-text combina
tions by directly generating hard samples. However, these methods are 
difficult to transfer to histopathology images and spatial transcriptomics 
data for two main reasons. First, text data contains rich and well-defined 
semantic information. Nouns in text represent the subjects in images, 
and adjectives reveal the characteristics of these subjects. For this 
reason, these methods (Li et al., 2021; Zhang et al., 2024) optimize the 
semantic matching process of image-text pairs. In contrast, spatial 
transcriptomic data lack explicit semantic information, and the associ
ations between different genes are complex. Moreover, noise is preva
lent in the data, which affects the modeling of image-gene pairs. Second, 
a large number of image-text pairs are readily available for model 
training. CLIP is trained on 400 million image-text pairs. Thanks to the 
rich semantic information and vast training data, CLIP achieves success 
in the image and text domains. However, this success is difficult to 
replicate in the context of pathology patches and spatial transcriptomics. 
Collecting a large amount of spatial transcriptomic data for training is 
challenging, and further limitations arise from the different disease 
representation patterns and gene lengths.

We propose CMRCNet, an improved version of CLIP tailored for 

histopathology images and spatial transcriptomics, designed to predict 
gene expression from images. Unlike semantic-driven methods, our 
method operates directly at the feature-pixel level. It incorporates two 
loss functions: a contrastive learning loss and a reconstruction loss. The 
contrastive learning loss establishes associations between paired cross- 
modal data in the feature space through similarity computation, while 
the reconstruction loss directly integrates multimodal data at the feature 
level, thereby facilitating cross-modal interaction learning. Further
more, our approach enables training and inference on small-scale 
datasets. One of the main reasons is that it provides denser and more 
fixed supervision signals. Specifically, a single sample can generate 
multiple local prediction tasks by reconstructing the masked features, 
which substantially increases the amount of effective supervision. In 
addition, cross-modal reconstruction can be regarded as a supervised 
task with a fixed objective. Such a fixed target avoids the noise and 
instability observed in other approaches—such as semantic matching or 
hard negative mining—where the effectiveness heavily depends on 
sufficient samples and the appropriate selection of negatives. In other 
words, this stable supervision signal serves as an implicit regularization 
mechanism, enhancing contrastive learning stability on small-scale 
datasets.

Compared to end-to-end prediction models, it offers greater flexi
bility during inference, as it does not require fixed labels. Most end-to- 
end methods focus on predicting a fixed number of highly variable 
genes within a dataset (He et al., 2020a; Jia et al., 2024; Pang et al., 
2021). However, due to expression heterogeneity across samples and the 
fact that certain marker genes do not exhibit strong variability, these 
important genes are often overlooked. Our method accounts for 
sample-specific differences during inference, resulting in greater 
generalizability. BLEEP is the method most closely related to ours, as it is 
also based on the contrastive learning paradigm. However, BLEEP does 
not provide further insights into how to enhance the performance of 
histology–molecular expression contrastive learning. In comparison, our 
method leverages cross-modal reconstruction to further reduce the dis
tance between images and molecular expressions in the feature space. To 
further analyze the predictive capability of CMRCNet, we compare 
CMRCNet with the pathology foundation model cTransPath. cTransPath 
is trained on over 35,000 WSIs, totaling approximately 15 million 
patches, and includes multiple cancer types. The most common tissue 
types in these datasets are breast tissue, colon tissue, kidney tissue, and 
lung tissue, as common cancers often occur in these tissues. Compared to 
cTransPath, our image encoder uses the VIT-B version, which is trained 
only on the datasets we used, without incorporating any pretrained 
knowledge. In addition, we conduct more comprehensive and reliable 
validation. By evaluating six different disease datasets and employing 
multi-fold cross-validation, we mitigate the randomness introduced by 
varying levels of prediction difficulty across samples within the datasets.

In the ablation study, the impact of the cross-modal reconstruction 
loss is highly significant. Overall, across different experimental settings, 
the results of CMRCNet consistently outperform models that rely solely 
on contrastive learning loss. Specifically, when using the cosine simi
larity loss for model optimization, we recommend selecting a lower 
mask rate. Cosine similarity loss measures the similarity between feature 
vectors in the embedding space, and preserving more original infor
mation is beneficial for model learning. When optimizing the model 
with MSE loss, an appropriate mask rate is more critical, which in our 
task is 0.5. MSE focuses more on feature pixels, where a smaller masking 
ratio may fail to fully activate the model’s potential, while a higher ratio 
may introduce learning difficulties. Additionally, under the same loss 
function and mask rate, reconstructing image features proves to be the 
better choice. The superior performance of reconstructing image fea
tures arises from the fact that gene expression exerts a more direct in
fluence on morphology. From a biological perspective, genes interact 
with each other and regulate cellular behavior through biological 
pathways, which in turn lead to morphological changes. Therefore, gene 
expression can be more easily mapped to morphology. In contrast, 
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image features are more complex, and mapping them back to gene 
expression is inherently more challenging. In our setup, image features 
are chosen as the reconstruction target rather than the original histo
logical images, which differs from the MAE algorithm that inspired our 
approach. The rationale behind this design is twofold. First, our goal is 
to minimize the distance between image and gene representations in the 
feature space, rather than to reconstruct or generate the original images. 
Using image features as the reconstruction target offers the advantage 
that, during the cross-modal reconstruction stage, both morphological 
and gene features are explicitly enforced to be encoded within the same 
latent space, which aligns with our objective. In contrast, if the original 
images were used as the reconstruction target, the image encoder would 
tend to retain low-level information beneficial for image reconstruction, 
rather than learning a shared multimodal representation space. Second, 
histopathology images are highly complex, with each patch containing 
rich structural details, primarily multiple cells and their morphologies. 
Reconstructing such details requires a powerful decoder, the optimiza
tion of which is not easy, particularly when sufficient training data are 
unavailable. This makes raw image reconstruction extremely 
challenging.

A major limitation of our method lies in inference speed, which stems 
from its unique design paradigm. End-to-end models directly infer gene 
expression levels from histopathology images. In contrast, our method 
requires selecting similar transcriptomic embeddings for each patch in 
the test cohort. Consequently, the computation of the similarity matrix 
involves all samples in the dataset. As a result, in addition to being 
influenced by the complexity of the encoder, the inference speed is also 
dependent on the number of samples in the dataset. Another major 
limitation is the potential for high variance, which arises from two main 
factors. (1) The inclusion of larger-scale datasets is challenging, as 
spatial transcriptomics data are scarce. Limited sample sizes often fail to 
capture the diversity of the true distribution, leading to models trained 
under such conditions being more uncertain. (2) The inherent biological 
heterogeneity across individuals. From the biological perspective, even 
patients with the same disease may display substantial differences in 
tissue morphology and gene expression profiles. At the experimental 
level, model performance may vary when different samples are used for 
training and testing. Such heterogeneity can inevitably contribute to 
high variance. For the first limitation, optimizing the inference process 
in real clinical practice is of critical importance, such as employing 
mixed-precision inference and optimizing memory copy operations. For 
the second limitation, strengthening collaboration with the clinical 
community to collect large-scale spatial transcriptomics datasets rep
resents the most direct solution. In addition, the heterogeneity across 
samples should be further evaluated by biological experts.

Future work can be explored in two directions. (1) Our method has 
the potential to be transferred to other tasks. In this study, CMRCNet 
demonstrates promising performance in predicting marker genes, as 
shown in Figs. 6–8. The expression of these genes can be used to 
distinguish relevant parts of cancerous tissues from normal tissues (e.g., 
presence of CD27 or absence of ITLN1), or to identify cells with a 
particular type of differentiation or histogenetic “lineage” (e.g., 
GATA3). Furthermore, we establish correlations between histopatholo
gy images and transcriptomic data through contrastive learning. A 
multimodal knowledge-embedded encoder can leverage knowledge 
distillation techniques to transfer these correlations to tasks such as 
survival prediction and cancer subtype classification, thereby enhancing 
performance under a single modality. (2) Our method can be extended 
to a wide range of different markers in other data sets and may also be 
used in other types of spatially resolved image data. Future applications 
of the method in real-world clinical settings may include computer- 
based prediction of biomarker expression on routinely stained tissues 
to guide subsequent biomarker analysis, for example, to select appro
priate marker panels, or to save time and accelerate case management 
(e.g., initiate clinical staging) even before the more time-consuming 
standard biomarker analysis is completed. AI–based diagnosis has 

already been validated across multiple data modalities, such as fundus 
images, CT, and MRI (Shin, 2024). However, its evaluation on spatial 
transcriptomics data remains insufficient. In addition, since the intro
duction of CLIP, numerous CLIP-based methods have been developed to 
model the correlations between medical images and clinical text reports. 
However, very few universal methods have been proposed for structured 
clinical data, such as spatial transcriptomic expression, radiomic fea
tures, and serum antigen expression levels. In the future, we will validate 
our model on further types of medical data.

6. Conclusion

In this study, we propose CMRCNet, a novel method for inferring 
spatial gene expression levels from histopathological morphology. 
CMRCNet leverages contrastive learning to align morphological features 
with spatial transcriptomics in the latent space and generates spatial 
gene expression based on cross-modal feature similarity. To enhance the 
standard contrastive learning framework, we introduce a cross-modal 
masked reconstruction as a pretext task. Unlike common contrastive 
learning approaches that rely heavily on large-scale datasets and 
semantically rich data, CMRCNet is well-suited for the structured data 
commonly encountered in medical applications. Comprehensive quan
titative and qualitative analyses across six datasets from different organs 
demonstrate that CMRCNet not only achieves superior performance in 
predicting highly expressed and highly variable genes, but also effec
tively preserves gene–gene correlations. Furthermore, it shows strong 
potential in supporting clinical WSI analysis by accurately localizing 
tumor regions or identifying cells with a particular type of differentia
tion based on biomarker gene expression.
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