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Abstract 
Deciphering how molecular programs are spatially organized within tissues is pivotal for understanding tumor evolution and microenvi-

ronmental interactions. Existing spatial transcriptomics tools either rely on gene-level features, ignoring the rich topology of biological 
pathways, or deliver black-box clusters with little mechanistic insight; thus, they limit their translational impact. A method that simulta-

neously leverages pathway structures and spatially matched histopathology could produce domain delineations that are both accurate 
and biologically interpretable. We introduce PathCLAST (Pathway-augmented Contrastive Learning with Attention for interpretable Spatial 
Transcriptomics), which is a framework that integrates gene expression, histopathological images, and curated pathway graphs via bi-

modal contrastive learning. By embedding expression profiles into b iologically structured graphs, and aligning them with local image 
features, PathCLAST achieves state-of-the-art spatial domain identification on multiple public datasets, while offering pathway-level 
attention scores for mechanistic interpretation. The pathway embedding also serves as an explicit, biology-informed dimensionality 
reduction scheme. PathCLAST not only uncovers domain-specific pathways and spatially organized signaling activities, but also quantifies

intra-domain heterogeneity, spatial autocorrelation, and inter-domain crosstalk, providing fine-grained insights into tumor progression

and tissue architecture. PathCLAST is available at https://github.com/sslim-aidrug/PathCLAST. 

Keywords spatial transcriptomics, spatial domain identification, contrastive learning, biological pathways, d imension reduction 
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Introduction 
Spatial transcriptomics technologies offer a unique capability to pro-

file gene expression while preserving spatial context, enabling high-

resolution investigations o f cellular heterogeneity, tissue architecture, 
and disease progression in situ [1–3]. Advances in high-throughput 
sequencing and Fluorescence In Situ Hybridization (FISH)-based tech-

nologies have rapidly e xpanded the availability of large-scale spatial 
omics datasets [4]. This rapid expansion has created a need for com-

putational frameworks that integrate multi-modal data and extract 
biologically meaningful patterns from complex tissue e nvironments.

Despite recent progress [5], key challenges remain, including the high 
dimensionality and sparsity of gene expression data, the frequent 
mixing of cell types within spots, and complex spatial dependencies 
that hinder accurate domain segmentation [6–8]. 

To address these issues, deep learning and graph-based 
approaches—such as STAGATE [9], ConGI [6], and Hist2S T [8]— 
have demonstrated improved spatial domain resolution. These 
methods often integrate spatial proximity and gene expression signals 

using neural architectures. However, they may remain sensitive 
to noise or incompleteness in tr anscriptomic measurements, and 
are often limited in their ability to fully leverage additional data

modalities, such as histopathological images [10, 11]. While earlier 
statistical frameworks, including BayesSpace [7] and Giotto [12], 
incorporated spatial priors through Bayesian or hidden Markov 
random field models to improve spot classification, these methods 
generally assume spatial smoothness and lack mechanisms to capture 
gene–gene interactions and gr adual transitions between cell states

[6, 13]. More recent deep learning models, such as SEDR [14], CCST 
[15], and DeepS T [16] introduced variational embeddings and spatial 
constraints; yet, often rely on local neighborhood assumptions that 
may be suboptimal in heterogeneous tumor environments. Efforts 
to enhance model robustness have led to the adoption of graph 
neural networks, including attention-based variants as u sed in

STAGATE [9], which focus solely on transcriptomic signals. With the 
increasing availability of large-scale histological datasets [17, 18], it 
has become an important avenue to incorporate image features into 
spatial transcriptomics models for improving biological resolution.
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However, histopathological images offer complementary structural 
and phenotypic context and have shown utility in predicting gene 
expression with reasonable accuracy [19]. Approaches such as stLearn 
[20] and SpaGCN [21] incorporate morphological features from 
histology to refine graph structures, although image information 
is typically used only during graph construction and not in the 
model optimization itself. As a result, these methods may propagate 
artifacts when morphological features are noisy or weakly correlated

with gene expression [6, 9]. Recent multi-modal contrastive learning 
approaches, including ConS T [22] and ConGI [6], attempt to align 
gene and image modalities by learning shared representations; yet, 
these models typically rely on abstract embeddings and underutilize

curated biological knowledge.

In this study, we present PathCLAST (pathway-augmented con-

trastive learning with attention for interpretable spatial transcrip-

tomics), a biologically informed framework that integrates gene 
expression, histopathological images, and curated pathway graphs 
into a unified contr astive learning paradigm. Unlike previous 
approaches that treat gene expression as abstract feature vectors, 
PathCLAS T encodes gene expression profiles through biologically

structured pathway-level graphs [23, 24], enabling interpretable and 
functionally meaningful dimension reduction. Through the direct 
incorporation of curated gene-pathway relationships, PathCLAST 
ensures that representations are both data-driven and biologically 
constrained, facilitating a more faithful alignment across modalities. 
An integrated attention mechanism further enhances interpretability 
by quantifying the relative contribution of each biological pathway 
to spatial domain assignments. Evaluated across multiple spatial 
transcriptomics datasets, PathCLAST improves clustering perfor-

mance while revealing domain-specific pathway signatures, spatially 
organized signaling patterns, and intra-domain heterogeneity. In 
addition, spatial autocorrelation and inter-domain crosstalk analyses 
demonstrate its capacity to resolve localized biological processes and 
inter-compartment communication. Collectively, PathCLAST provides 
a robust and interpretable framework for integrative spatial omics

modeling, offering new avenues for uncovering spatially resolved

biological mechanisms and informing downstream applications in

tissue biology and disease research.

Approach 
The proposed PathCLAST can be decomposed into four main parts

(Fig. 1). 

1. Data pre-processing and pathway-based graph construction for 
spatial transcriptomics data (see Data preprocessing) 

2. Data augmentation of both pathway graphs and image patches 
(see Data augmentation) 

3. Encoder blocks for pathway graphs and paired image patches 
(see Dual encoder blocks for pathway gr aph-image f eatures) 

4. Joint representation learning between modalities 
(see Bi-modal contr astive learning) 

Datasets 

To benchmark our approach, we analyzed five publicly available 
spatial transcriptomics (S T) datasets: HER2-Amplified Invasive Duc-

tal Carcinoma (IDC) [25], HER2-Positive Breast Tumor (Her2ST) [26], 
Human Breast Cancer Ductal Carcinoma (BCDC) [27], 10x Visium HD 

Human Colorectal Cancer (HCRC) [28], and Human Dorsolateral Pre-

frontal Cortex (DLPFC) [29]. The four datasets (IDC, Her2ST, BCDC, and 
DLPFC) include pathologist-annotated spatial domains, while HCRC 
provides gene expression profiles and histopathological images with-

out domain annotations. All datasets provide paired gene expression 
and histopathological images (see Approach S1 and Table S1 for details 
in the Supplementary data). 

Data prepr ocessing 

All three datasets consist of paired gene expression profiles and 
histopathological images. Pathway gr aphs were first constructed 
using the KEGG pathway database [30]. Pathways lacking edges were 
removed, leaving 314 graphs covering 4402 genes. Pathwa y graphs 
were generated with the KEGGgraph [31] library in R, and gene 
expression values were assigned as node features. For each spot, gene 
expression profiles were mapped to these pathwa y graphs, resulting 
in 314 pathway graphs collectively denoted as: 

Xg =
{

X(1) 
g , X(2) 

g , .  .  .  , X(314) 
g 

}

Histopathological images were extracted as 112 × 112 pixel patches 
from regions corresponding to each spot, denoted Xi (Fig. 1a). To 
ensure independence across validation folds, image augmentations 
were applied exclusively within each fixed patch, and each spot-level 
pair was augmented independently without cross-patch sampling.

Data augmentation 

To improve model generalizability, both modalities underwent data 
augmentation. For each pathway graph in Xg , we applied node drop-

ping and edge perturbation, obtaining 

Xu 
g =

{
Xu(1) 

g , Xu(2) 
g , .  .  . , Xu(314) 

g

}
, 

Xv 
g =

{
Xv(1) 

g , Xv(2) 
g , .  .  .  , Xv(314) 

g

}

For i mage patches Xi, we applied RandomGrayscale and RandomHor-

izontalFlip from the Torchvision package [32], and noise addition to 
obtain Xu 

i and Xv 
i (Fig. 1b). Augmented data pairs were treated as 

positive samples for contr astive learning.

Dual encoder blocks for pathway graph-image 
features

Gene expression profiles were projected into low-dimensional embed-

dings using GraphSAGE [33] with an attention layer to learn pathway-

level representations. The graph encoder, denoted as f graph(·), pro-

cessed each augmented pathway graph in Xu 
g and Xv 

g , and produced 
latent features Zu 

g and Zv 
g for each pathway as follows: 

Zu 
g = f graph(

Xu 
g

)
, Zv 

g = f graph(Xv 
g

)
(1) 

Subsequently, the vanilla attention mechanism aggregated the 
node-level embeddings Zu 

g and Zv 
g into pathway-level representations 

Z′u 
g and Z′v 

g . For each augmented view m ∈  {u, v} and node index 
k = 1, .  .  .  , n,  l  et  {Zm(1) 

g , .  .  . , Zm(n) 
g } be the set of n node embeddings in 

the pathway graph. The attention score for node k was produced by
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Figure 1 Architecture of the pathway-based spatial transcriptomics data augmentation contrastive learning model. PathCLAST jointly models spatial 
transcriptomics by integrating gene expression and histopathological image data through pathway-informed contrastive learning. (a) Gene expression 
profiles are transformed into biologically interpretable pathway graphs, while corresponding histological images are processed into spatially matched 
patches. (b) Both modalities undergo data-specific augmentations-graph modifications for gene expression graphs and image tr ansformations for 
image patches-to improve generalization. (c) These augmented data are encoded into low-dimensional embeddings via dedicated encoders. (d) Three 
contrastive objectives are used to align representations: within gene expression (Lg2g), within histological images (Li2i), and across modalities (Lg2i). After 
training, the model embeds raw data into a unified latent space, enabling downstream tasks such as domain-aware clustering, spatial visualization, 
and trajectory infer ence. 

the shared linear la yer: 

e(k) 
m = W·Zm(k) 

g + b, m ∈ {u, v} (2) 

The attention weights were obtained b y softmax normalization: 

α (k) 
m = 

exp
(
e(k) 

m

)
∑n 

j=1 exp
(
e (j) m

) , 
n∑

k= 1 

α (k) 
m = 1 (3)

Finally, the pathway-level embeddings were then given by: 

Z′m 
g = 

n∑
k=1 

α (k) 
m Z m(k) 

g (4)

In parallel, for the image embeddings, DenseNet-121 [34] was 
adopted as the image encoder. Histopathological images were pro-

cessed using DenseNet-121 convolutional neural network 

pre-trained on ImageNet [35]. The image encoder, denoted as f image(·), 
processed the augmented image patches Xu 

i and Xv 
i as follows: 

Zu 
i = f image(Xu 

i ), Zv 
i = f image(Xv 

i ) (5) 

Following the encoding process, to align graph and image repre-

sentations, a projection head f pro(·) projected embeddings into a joint 
latent space. The outputs were: 

hu 
g = f pro(Z′u 

g), hv 
g = f pro(Z′v 

g) (6)

hu 
i = f pro(Zu 

i ), hv 
i = f pro(Zv 

i ) (7)

Bi-modal contrastive learning 
We employed contrastive loss function based on the SimCLR 
framework [36]. Using the projected embeddings obtained from the 
projection heads, we applied three contrastive loss terms-two within
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(graph-to-graph and image-to-image) and one between (graph-to-

image). The contrastive learning between modalities aimed to pull 
paired low-dimensional representations hu 

g and hu 
i of pathway graphs 

and images together while contrasting those non-matching pairs 
apart. To better learn the characteristics of each modality, we also 
performed contrastive learning within each modality for pathway

graphs and images, respectively.

We randomly built a minibatch of N spots and defined the con-

trastive prediction task on paired spots derived from the minibatch,

resulting in 2N paired spots. We did not explicitly build negative spots. 
Given a positive pair, we consider the other 2(N − 1 ) spots within a 
minibatch as negative spots. Thus, the within and between contrastive 
loss functions for positive pairs (hu 

g , hv 
g), (hu 

i , h
v 
i ) and (hu 

g , hv 
i )  can  be  

defined as follows: 

1. Graph-to-graph contrastive loss (Lg2g): Encourages align-

ment of augmented pathwa y graph embeddings. 
2. Image-to-image contrastive loss (Li2i): Aligns augmented 

image embeddings. 
3. Graph-to-image contrastive loss (Lg2i): Aligns pathway 

graph embeddings with corresponding image embeddings. 

The contrastive loss for a positive pair is defined as: 

L1 
hu 

g ,hv 
g 

= − log 

⎛ 

⎜⎜⎜⎝ 
exp

( sim(hu 
g ,hv 

g) 
τ

)
2N∑

k=1 
1[k �=u] exp

( sim(hu 
g , hk 

g ) 
τ

)

⎞ 

⎟⎟⎟⎠ (8) 

L2 
hu 

i ,h
v 
i 

= − log 

⎛ 

⎜⎜⎜⎝ 
exp

( sim(hu 
i ,h

v 
i ) 

τ

)
2N∑

k=1 
1[k �=u] exp

( sim(hu 
i ,h

k 
i ) 

τ

)

⎞ 

⎟ ⎟⎟⎠ (9)

L3 
hu 

i ,h
v 
g 

= − log 

⎛ 

⎜⎜⎜⎝ 
exp

( sim(hu 
i ,h

v 
g) 

τ

)
2N∑

k=1 
1[k �=u] exp

( sim(hu 
i ,h

k 
g ) 

τ

)

⎞ 

⎟⎟ ⎟⎠ (10)

The indicator term 1[k �=u] was set to 1 when k differs from u, and τ is 
the temperature hyper-parameter. The similarity measure is defined 
as: 

sim
(
hu 

i , h
v 
g

) = 
(hu 

i )
�hv 

g

‖h u 
i
‖ ‖hv 

g ‖
(11) 

which corresponds to the cosine similarity between the two modal-

ity embeddings. The following equations calculate the average con-

trastive losses Lg2g , Li2i, and Lg2i overall N pairs in the minibatch as 
follows: 

Lg2g = 
1 

2N 

N∑
k=1

[
L1 (2k − 1, 2k) + L1 (2k, 2k − 1)

]
(12) 

Li2i = 
1 

2N 

N∑
k=1

[
L2 (2k − 1, 2k) + L2 (2 k, 2k − 1)

]
(13) 

Lg2i = 
1 

2N 

N∑
k=1

[
L3 (2k − 1, 2k) + L3 (2 k, 2k − 1)

]
(14) 

Finally, the total loss was computed as follows:

L = Lg2i + λ1Lg2g + λ2 Li2i (15) 

where λ1 and λ2 were hyper-parameters used to control the contri-

butions of Lg2g and Li2i to the final loss, with λ1 = 0.3 and λ2 = 
0.2. To address potential false negatives from in-batch sampling, we 
additionally implemented a debiased contrastive-learning variant [37] 
and evaluated sensitivity to batch size and temperature. Full analyses 
are provided in Supplementary Figure S22. 

Evaluation criteria 
We used the adjusted rand index (ARI) [38] and normalized mutual 
information (NMI) [39] as complementary metrics to measure sim-

ilarity between predicted clusters and ground-truth labels. We also 
applied Moran’s I statistic [40], a measure of spatial autocorrelation 
that assesses the degree of spatial variability in pathway-level atten-

tion scores. ARI accounts for c luster numbers, whereas NMI captures 
the information shared between predicted and ground-truth clusters

(see Approaches S2–S3 in the Supplementary data). 

Results 
Pathway-guided embedding boosts spatial domain 

clustering 

To evaluate the accuracy and robustness of PathCLAST for spatial 
domain identification, we benchmarked it across four publicly avail-

able spatial transcriptomics datasets (Her2ST, IDC, DLPFC, and BCDC) 
using the ARI as the primary metric of concordance with ground-truth 
annotations. T o comprehensively position PathCLAST within the cur-

rent spatial transcriptomics landscape, we compared it against eleven 
representative approaches spanning expression-only, spatial-graph,

multi-modal, graph-attention, and ensemble-based frameworks (see

Approaches S4–S5 in the Supplementary data). 
Across all datasets, PathCLAST demonstrated consistently high per-

formance (Fig. 2; Supplementary Table S2). In the aggregated ARI 
comparison (Fig. 2a), PathCLAST achieved the highest median accu-

racy with a statistically significant margin over the next-best method,

ConGI (paired t-test, P =.0347). A robustness analysis comparing min-

imum versus mean ARI (Fig. 2b) further positioned PathCLAST as 
the most stable method, exhibiting both strong overall accuracy and 
favor able worst-case behavior.

Qualitative inspection also supported these findings. On the IDC 
dataset, PathCLAST produced spatial domain maps that most clearly 
recapitulated the histological organization of Invasive, DCIS/LCIS,

Surrounding-tumor, and Healthy regions (Fig. 2c). UMAP and PAGA 
representations derived from the learned embeddings (Fig. 2d) 
showed well-separated clusters and biologically coherent inter-

domain relationships. Full spatial predictions, UMAPs, and PAGA 
graphs [41] for all eleven baselines and PathCLAST are provided 
for Her2S T (Supplementary Figs S5–S6), DLPFC (Supplementary Figs 
S7–S8), and BCDC (Supplementary Fig. S9). 

To evaluate scalability to higher-resolution platforms, we further 
applied PathCLAST to two subsets of a VisiumHD human colorectal 
cancer dataset (6325 and 4685 spots). PathCLAST accurately recov-

ered epithelial, stromal, and immune compartments with clear spa-

tial structure, and its predicted domains showed strong correspon-

dence with cell-type proportions derived from deconvolution analysis

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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Figure 2 Benchmarking PathCLAST against existing spatial domain identification methods. (a) Comparison of clustering performance (ARI) across four 
benchmark datasets (Her2ST, DLPFC, IDC, and BCDC). Each boxplot summarizes the distribution of ARI scores across tissue sections within a dataset; 
individual points denote median ARI for each section (Her2ST, DLPFC) or the dataset-level ARI for single-section datasets (IDC, BCDC). (b) Robustness 
analysis of baseline methods. For each method, the minimum ARI across datasets is plotted against the mean ARI, illustrating the trade-off between 
average a nd worst-case performance. PathCLAST shows both the highest average accuracy and the strongest worst-case robustness. (c) Spatial domain 
visualizations on the IDC dataset for six representative methods. PathCLAST more clearly delineates major tissue compartments (Invasive, DCIS/LCIS, 
Surrounding tumor, Healthy) compared with other approaches. Extended results are available in Supplementary Figure S3. (d) UMAP embeddings 
(top) and PAGA graphs (bottom) derived from the learned representations of each method. PathCLAST produces well-separated domain clusters with 
biologically coherent connectivity patterns, r eflecting clearer transitions between tumor and non-tumor regions relative to baseline methods. For  a  
complete comparison across all the methods, see Supplementary Figure S4. 

( Supplementary Fig. S10). These results indicate that PathCLAST gen-

eralizes effectively beyond standard-resolution V isium datasets.

Collectively, these results demonstrate that PathCLAST provides 
accurate, stable, and biologically coherent spatial domain identifica-

tion across diverse datasets, performing competitively or superior 
to eleven existing methods while maintaining high robustness and

scalability.

Pathway attention reveals domain-specific cancer 
signatur es

We analyzed the pathway-level attention scores derived from our 
framework to investigate the biological significance of the spatial 

domains. Each spot-level gene expression was mapped to pathway-

specific graphs, enabling PathCLAS T to learn which pathways drive 
the clustering in different tissue regions. A one-wa y ANOVA followed

by Tukey’s HSD test (FDR < 0.05 ) was performed on spot-level spatial 
attention scores, which identified substantial differences in pathway 
attention among the four domains: invasive, DCIS/LCIS, surrounding 
tumor, and healthy regions. Figure 3a presents Venn diagrams illus-

trating pathways significantly enriched in at least one domain. The full 
list of pathways, including statistical significance values and domain-

specific classifications, is provided in Supplementary Table S3. 
To interpret the spatial attention profiles learned by PathCLAST, 

we examined the pathwa ys assigned the highest and lowest 
attention weights across spatial domains (Fig. 3b). In invasive regions, 
PathCLAST prioritized the ErbB signaling pathway, consistent with

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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Figure 3 PathCLAST classifies domain-specific highly attended and lowly attended pathways using statistical analysis. (a) Pathway-level ANOVA across 
tissue labels (invasive, DCIS/LCIS, surrounding tumor, healthy). Pathways that show significant differences then undergo post hoc Tukey’s HSD analysis 
and are compared to the overall mean, allowing their classification as either domain-specific highly attended or lowly attended in each label. The results 
are visualized via two four-way Venn diagrams-one for domain-specific highly attended pathways (top) and one for domain-specific lowly attended 
pathways (bottom). (b) Pathways with the strongest domain-specific enrichment in ANOVA r esults (I: invasive, D: DCIS/LCIS, S: surr ounding tumor, H: 
healthy). See Supplementary Table S3 for full r esults. 

its established role in driving epithelial malignancy [42, 43], while 
assigning low attention to mitophagy-related pathways, suggesting 
that mitochondrial quality c ontrol processes were less influential for 
classifying the invasive signature [44]. In DCIS/LCIS domains, high 
attention to the progesterone-mediated oocyte matur ation pathway 
aligned with hormone-responsive proliferative features [45], whereas 
Shigellosis-related pathways were less emphasized, consistent with 
the limited relevance of pathogen response signatures in pre-invasive

lesions [46]. Within the Surrounding tumor microenvironment, 
apoptosis pathways received high attention, potentially reflecting 
tissue remodeling and immune-mediated clearance [47], while 
allograft rejection pathways were less informative [48]. In healthy 
tissue, PathCLAST assigned high attention to the amyotrophic lateral 
sclerosis (ALS) pathway, potentially indicating the presence of 
homeostatic stress responses [49, 50], and low attention to mineral 
absorption pathways, suggesting that nutrient transport features were

not discriminative.

Collectively, there were 310 pathways found to be significantly asso-

ciated with domain classification (FDR < 0.05 ). Notably, Terpenoid 
backbone biosynthesis exhibited the strongest domain-specific enrich-

ment (FDR = 1.4 × 10−303), highlighting the metabolic reprogramming 
characteristic of malignant tissues. The majority of highly attended 
pathways displayed domain-specific patterns, while lowly attended 
pathways helped suppress background biological signals, improving 
domain separability. F or example, the high attention assigned to 
ErbB signaling across both Tumor and Surrounding regions hints

at paracrine signaling interactions shaping the tumor microenvi-

ronment [51–53]. Similarly, domain-specific high attention to ALS 
pathways in Healthy regions may reflect protective cellular mecha-

nisms maintaining tissue integrity. Overall, domain-specific pathway 
signatures derived from PathCLAST attention scores offer biological 

interpretability beyond data-driven clustering by identifying molecu-

lar processes underlying spatial organization and disease progression.

A complementary analysis correlating image-derived principal 
components with pathway attention weights without using spatial 
domain information further demonstrated that histopathological 
features align with distinct molecular programs; details are provided

in Supplementary discussion and Supplementary Figure S11. 

Intra-domain heterogeneity reveals spatially diverse 
tumor progr ams

While domain-specific analysis reveals pathways distinguishing 
different spatial regions, tumors are intrinsically heterogeneous 
even within the same pathological domain. To capture such diver-

sity, spatial intra-domain heterogeneity (sIDH) was quantified b y 
calculating the coefficient of variation (CV) of spot-level pathway 
attention scores within each labeled spatial domain (e.g. invasive,

DCIS/LCIS, surrounding tumor, and healthy domain). Figure 4a 
categorizes sIDH across six biological pathway groups. Among these, 
metabolic pathways (MT) exhibited a distinctive pattern: invasive 
regions demonstrated uniformly high IDH, whereas DCIS/LCIS, 
surrounding tumor, and healthy regions displayed a lower and more 
consistent level of heterogeneity across pathways within the same 
category. This consistent metabolic heterogeneity in invasive regions 
suggests pervasive spatial metabolic reprogramming, consistent

with the known metabolic plasticity and adaptation observed

in aggressive tumors [54, 55]. In contrast, pathways related to 
organismal systems (OS), environmental information processing 
(EIP), genetic information processing (GIP), and human diseases 
(HD) exhibited a broader distribution of heterogeneity within

Invasive regions, indicating that proliferative, signaling, immune,

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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Figure 4 PathCLAST analyzes intra-domain heterogeneity of pathway categories across four tumor-related labels. (a) Boxplot of the computed 
intra-domain heterogeneity expressed as coefficient of variation for each pathway category-namely, MT (metabolism), OS (organismal Systems), EIP 
(environmental information processing), GIP (genetic information processing), HD (human diseases), and CP (cellular processes). (b) Spatial visualization 
of pathways with high intra-domain heterogeneity (top) and pathways with low intra-domain heter ogeneity (bottom). 

and disease-related programs are spatially variable across tumor 
subregions [56, 57]. This variability was less pronounced in non-

invasive compartments, where pathway attention scores were more

tightly distributed.

To further illustrate sIDH patterns, Fig. 4b presents spatial maps 
of selected pathways with either high or low sIDH. Among pathways 
with high IDH, tyrosine metabolism (CV = 3.30) attention scores varied 
substantially within invasive regions, while the Hippo signaling path-

way (CV = 3.97) exhibited pronounced variability across DCIS/LCIS 
domains. Spatial heterogeneity of Phenylalanine metabolism (CV = 
1.51) in surrounding tumor regions suggests localized immune or viral 
mimicry dynamics, whereas leukocyte transendothelial migration 
(CV = 0.78) showed unexpectedly high variability even within 
healthy tissue compartments. In contrast, pathways with low sIDH 
included Epstein-Barr virus infection (CV = 0.49) in invasive, ribosome 
(CV = 0.33) pathways in DCIS/LCIS, phagosome (CV = 0.63) in 
surrounding tumor, and T cell receptor signaling pathway (CV = 0.42) 
in healthy regions. Together, these observations suggest that, although 
specific signaling and immune-modulatory pathways exhibit high 
spatial heterogeneity, core housekeeping, and immune-maintenance 

pathways tended to show lower variability within each domain. In 
addition, high sIDH was observed in the chemical carcinogenesis (CV = 
3.30) and primary immunodeficiency (CV = 2.07), particularly within 
invasive and surrounding tumor regions. Healthy tissue also exhibited

localized variability, with pathways such as RNA degradation (CV

= 2.16) showing elevated CV values, indicating heterogeneity in

RNA-processing machinery that aligns with the reported differential

expression of genes involved in RNA degradation between breast

tumors and adjacent normal tissue [58]. The full pathway list of CV 
values is provided in Supplementary Table S4. 

Spatial IDH of pathway attention scores suggests that histologically 
homogeneous tumor regions harbor molecularly distinct subpopu-

lations with divergent proliferative, metabolic, and stress-response 
profiles. Such fine-grained diversity may underlie variable therapeutic 
responses, metastatic potential, and immune evasion within tumors

[59, 60]. The ability to map these subdomain-specific pathway atten-

tion scores could facilitate more precise therapeutic targeting, espe-

cially in heterogeneous tumors where localized aggressive subclones 
may drive clinical progression. The ability of PathCLAST to spotlight

these varying pathway attentions at sub-domain resolution suggests

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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its potential for informing personalized therapeutic strategies, e.g., by 
targeting subregions with elevated ErbB signaling pathway activity 
that may drive invasiveness or metastasis [42, 53]. 

To assess whether intra-domain pathway heterogeneity reflects 
underlying cellular diversity, we c ompared sIDH with cell-type diver-

sity estimated by cell2location [61] using the Human Cell Atlas [62] 
as reference (Supplementary Fig. S12). Cell-type diversity was quanti-

fied as Shannon entropy of spot-level cell-type proportions. Although 
cell-type diversity exhibited a similar range across all four domains, 
PathCLAST uncovered pronounced differences in pathway-level het-

erogeneity. Healthy regions showed uniformly low sIDH, surrounding 
tumor and DCIS/LCIS displayed moderate levels, and invasive regions 
exhibited markedly elevated pathway heterogeneity in regions of 
diversified cell types. This divergence indicates that PathCLAST cap-

tures biologically meaningful molecular variation that is not explained 
by cell-type mixtures alone. In other words, even when cellular diver-

sity is comparable, malignant domains show substantially greater

pathway-level dispersion-reflecting microenvironmental complexity,

signaling dysregulation, and metabolic heterogeneity characteristic of

tumor progression.

Spatial autocorrelation uncovers pathway 
organization within tumors

We performed a spatial autocorrelation analysis to characterize how 
pathway activities are organized within and across domains (Fig. 5). 
Using domain-specific spatial graphs, we applied the Markov Cluster 
Algorithm (MCL) [63] to subdivide each predicted domain into finer 
sub-domains (Fig. 5a). This procedure revealed four Invasive clusters 
(I1–I4), two DCIS/LCIS clusters (D1–D2), three surrounding-tumor clus-

ters (S1–S3), and three healthy clusters (H1–H3), capturing spatially 
coherent micro-regions within each histological class.

For every sub-domain, we computed Moran’s I on pathway 
attention scores to quantify the degree of spatial autocorrelation 
(Approach S6 in the Supplementary data). The resulting distributions 
(Fig. 5b) showed that Invasive clusters generally exhibit higher 
Moran’s I than healthy clusters, indicating stronger spatial structuring 
of pathway activities in malignant compartments. T o assess whether 
spatial patterns are conserved across tumor micro-regions, we 
compared Moran’s I profiles between pairs of clusters. As an example,

Fig. 5c displays the correlation of Moran’s I between Invasive clusters 
I1 and I2, where pathways such as cell cycle and phenylalanine 
metabolism fall along the high-high diagonal, suggesting conserved 
spatially restricted prolifer ation and metabolic programs across

distinct invasive niches.

At the functional category level, pathways assigned to organis-

mal systems (OS), environmental information processing (EIP), and 
metabolism (MT) were predominant among pathways with Moran’s 
I values above the cluster median (Fig. 5d). This indicates that spatial 
organization within tumors is particularly enriched for proliferative 
signaling, immune communication, and metabolic reprogramming

pathways.

To illustrate these findings, we visualized the spatial distributions 
of selected high- and low-autocorrelation pathways (Fig. 5e). Among 
pathways exhibiting strong clustering, the Prolactin signaling path-

way (Moran’s I = 0.64) and the Rap1 signaling pathway (Moran’s I = 
0.46) displayed regionally localized attention scores within Invasive 
and DCIS/LCIS domains, respectively. These localized patterns sug-

gest that spatially constrained localization of growth and adhesion 

pathways may underpin intratumoral niche formation and local pro-

gression. In contrast, pathways such as the T cell receptor signaling 
pathway (Moran’s I = –0.09) and Vitamin B6 metabolism (Moran’s I = 
–0.04) were more spatially dispersed, indicating broader tissue-level 
engagement of immune and metabolic programs. The spatially local-

ized attention of the Prolactin signaling pathway in invasive domains

may reflect its known role in promoting tumor cell proliferation,

angiogenesis, and survival in the breast tumor microenvironment

[64–66]. Likewise, the regional clustering of Rap1 signaling pathway 
in DCIS/LCIS regions is consistent with its established function in reg-

ulating cell adhesion, polarity, and junctional integrity, processes that 
are critical during early tumor progression and local invasion [67, 68]. 
These spatially organized signaling programs highlight how tumors 
compartmentalize key molecular activities to support progression 
and adaptation to local microenvironmental cues. DCIS/LCIS regions 
exhibited strong clustering, with the Rap1 signaling pathway (D2-EI) 
showing pronounced clustering, reflecting localized activity associ-

ated with DCIS/LCIS microenvironments. In Invasive regions, the pro-

lactin signaling pathway (I1-OS) and glycerophospholipid metabolism 
(I1-MT) demonstrated high Moran’s I values, indicative of spatially 
localized activation, whereas pathways such as the JAK-STAT signaling 
pathway (I1-EI) displayed broader distributions, suggesting spatial 
dispersion. In Healthy regions, ABC transporters (H1-EI) exhibited

strong clustering, while pathways like Vitamin B6 metabolism (H1-

MT) showed a random spatial organization.

Complementary analyses in the Supplementary Materials fur-

ther support these patterns. Pairwise correlations of pathway-

level Moran’s I between domains (Supplementary Fig. S14) reveal 
distinct inter-domain correlation structures, with tumor domains 
(Invasive and DCIS/LCIS) sharing more similar spatial autocorrelation 
profiles than Healthy regions. Ranking pathways b y Moran’s I

(Supplementary Figs S15–S16) highlights that highly structured 
pathways are enriched for signaling, adhesion, immune, and 
metabolic programs. Scatterplots of Moran’s I versus CV within each

sub-domain (Supplementary Fig. S17) show that, in tumor regions, 
pathways with strong spatial clustering also tend to exhibit high 
intra-domain heterogeneity. Finally, detailed views of invasive sub-

domain I1 and DCIS/LCIS sub-domain D2 (Supplementary Fig. S18) 
illustrate how specific pathways-such as phenylalanine metabolism, 
ferroptosis, focal adhesion, and Rap1 signaling-combine high Moran’s 
I with elevated CV and form distinct spatial hotspots.

Together, these results demonstrate that PathCLAST not only identi-

fies domain-specific pathway enrichments but also resolves the spatial 
architecture of pathway activities within tumors. By distinguishing 
spatially clustered from spatially diffuse pathwa ys and linking them 
to biologically interpretable programs, PathCLAST provides a detailed 
view of how malignant tissues compartmentalize signaling, metabolic,

and immune processes across the tumor microenvironment.

Inter-domain pathway crosstalk highlights spatially 
coor dinated tumor pr ograms

To investigate how spatially distinct regions coordinate biological 
processes during tumor progression, we performed a domain-level 
crosstalk analysis by constructing spatially resolved pathwa y inter-

action Map (SPIM) by computing Cross-Moran’s I (CMI) of pathway

attention scores across domain clusters (Fig. 6a, See Approach S7 in 
the Supplementary data). CMI quantifies the spatial similarity of path-

way attention scores between two adjacent regions, revealing how

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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Figure 5 PathCLAST analyzes the spatial autocorrelation of pathway attention among sub-domains. (a) For each domain, MCL clustering is performed 
to further subdivide the domain. (b) After MCL clustering, pathway attention weights within each cluster are used to calculate Moran’s I, and the 
resulting distributions are visualized using boxplots. (c) The correlation of Moran’s I between two clusters (I1, I2) is presented as a scatterplot, with 
pathways corresponding to high data point values indicated. (d) A bar plot displays the proportion of pathway categories for pathways with Mor an’s 
I values above the cluster median. (e) The computed Moran’s I values are visualized using UMAP, with each data point representing the Moran’s I 
value for a pathway. In addition, a spatial visualization of pathway a ttention weights-filtered by cluster-is provided. A detailed schematic of the entire 
workflow  is  available  in the Supplementary Figure S13. 

molecular programs interact across tumor boundaries. The result-

ing network showed strong cross-domain interactions between Inva-

sive, DCIS/LCIS, and Surrounding tumor regions, with fewer high-

strength connections involving healthy tissue. Particularly, Invasive 
regions exhibited extensive crosstalk with both adjacent tumor edge 
(surrounding tumor) and DCIS/LCIS compartments, highlighting the

interconnected nature of malignant progression.

We examined pathways with high CMI scores to support the 
functional relevance of these spatial crosstalk patterns (Fig. 6b). 
Notably, the Hippo signaling pathway (highly attended in DCIS/LCIS, 
D1) and the cytokine–cytokine receptor interaction pathway (invasive 
region, I4) exhibited strong crosstalk at SPIM1. This is biologically 
plausible given that the Hippo pathway integrates mechanical and 
inflammatory cues to regulate tumor growth and metastasis [69, 70],

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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Figure 6 PathCLAST captures spatially resolved pathway crosstalk between domains. (a) A set of SPIMS (SPIM1 to SPIM6 in descending order of 
size) constructed by computing CMI for pairs of domain clusters. Edge width indicates CMI values. (b) Pathway attention weights for pathways 
exhibiting crosstalk and the corresponding normalized gene expression data for genes within each pathway are presented thr ough spatial visualization. 
Additionally, scatter plots depict the correlation between pathway attention weights and normalized gene e xpression le vels.

and cytokine–cytokine receptor interaction pathway modulates Hippo 
signaling pathway activity through NF-κB-mediated inflammatory 
responses [71]. Similarly, crosstalk between the Rap1 signaling 
pathway (I4) and the chemokine signaling pathway (D1) was observed

at SPIM2, reflecting dynamic regulation of tumor cell migration 
and invasion strategies. Rap1 and Rho GTPase circuits orchestrate 
transitions between mesenchymal and amoeboid motility modes, 
which are crucial for overcoming extracellular matrix barriers

during metastasis [72, 73]. Spatial scatterplots further supported these 
findings: within overlapping tumor regions, RAC1 (Rap1 signaling 
pathway) and RHOA (Cytokine-cytokine receptor interaction pathway) 
gene expression levels displayed a mutually inhibitory correlation

pattern (Spearman’s ρ = –0.37), consistent with previously described 
models of plasticity in tumor invasion modes [74, 75]. 

Together, these analyses demonstrate that spatial pathway crosstalk, 
as revealed by CMI, captures the dynamic interplay of proliferative, 
inflammatory, and migratory programs across tumor progression 
stages. By resolving not only domain-specific pathwa y attention 
scores but also their spatial inter-connectivity, PathCLAST pro-

vides a more comprehensive view of tissue remodeling in cancer

evolution.

Discussion 
This study introduces PathCLAST, a pathway-augmented con-

trastive learning framework that integrates molecular, spatial, and 
histopathological information to achieve biologically structured 
and interpretable spatial domain identification. By embedding
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gene expression into curated KEGG pathway graphs and learning 
pathway-level attention scores, the model provides a representation 
that is both robust to data sparsity and directly tied to mechanistic 
biological processes. Across four benchmark datasets, PathCLAST 
consistently outperformed or matched eleven competing methods,

demonstrating strong accuracy, stability, and biological coherence.

A central contribution of PathCLAST is its pathway-centric design. 
Whereas prior multi-modal spatial transcriptomics frameworks 
such as SpaICL [76] and ConGI [6] apply contrastive learning to 
unstructured gene-level features, PathCLAST organizes expression 
data through curated pathway graphs and quantifies their local rele-

vance through pathway attention. This design enables a mechanistic 
interpretation rarely accessible in existing domain-identification 
algorithms. Furthermore, by linking spatial organization with 
pathway activity, PathCLAST bridges molecular processes with 
histological context and facilitates downstream biological analysis-

including intra-domain heterogeneity, spatial autocorrelation, and

inter-domain pathway crosstalk.

Beyond domain identification, PathCLAST captures multi-scale 
spatial organization in tumor microenvironments. Pathway attention 
revealed domain-specific signatures associated with proliferation, 
immune activity, metabolic rewiring, and cell-matrix remodeling. 
Intra-domain heterogeneity analysis further showed that pathway 
variability captures subtle spatial programs that gene-level features 
fail to resolve. Notably, the Invasive domain displayed the strongest 
pathway variability and spatial autocorrelation, consistent with local-

ized regions of metabolic acceleration, mechanical remodeling, and 
migratory activity. Spatial crosstalk analysis uncovered coordinated 
signaling between adjacent compartments, including interactions 
between Hippo signaling and cytokine—mediated inflammatory

pathways, or between Rap1 signaling and chemokine pathways—

highlighting the functional interdependence between early lesions,

invasive fronts, and surrounding tumor niches.

Trajectory inference further demonstrated how spatially distinct 
tumor compartments may be embedded within a continuous progres-

sion axis (Supplementary Fig. S21). In the IDC dataset, spatial trajectory 
reconstruction using pathway clusters revealed a coherent direction 
from Invasive regions toward tumor-adjacent tissue and ultimately 
toward normal epithelium, suggesting that pathway-level embedding 
organizes tissue structure along biologically meaningful gradients. 
This offers an orthogonal perspective to static domain assignments

and provides a framework for studying spatial evolution in tumori-

genesis.

While PathCLAST is primarily designed for spatial-domain detec-

tion, complementary fr ameworks address related analytical tasks. 
SiGra [77] leverages graph attention to enhance spatial smoothness, 
whereas SpaIM [78] focuses on imputing unmeasured genes through 
style-transfer from scRNA-seq profiles. Although SpaIM does not 
directly target spatial clustering, its imputation capabilities may 
serve as a valuable upstream module, particularly for datasets with 
extreme dropout such as DLPFC, potentially enhancing pathway-

graph construction in future versions of PathCLAST.

We also note that the relative performance of multi-modal models 
such as ConGI [6] and Hist2S T [8] can vary across datasets. Because 
these methods incorporate histopathology, their accuracy can be 
more sensitive to differences in staining quality, imaging resolution, 
and tissue morphology across studies. In contrast, STAGATE-relying 
solely on spatial tr anscriptomic features-tends to exhibit more stable 

cross-dataset performance. This helps explain why STAGATE performs 
more robustly in our expanded benchmark despite ConGI reporting

higher performance in its original publication.

The pathway-graph embedding used in PathCLAST requires suffi-

cient gene coverage to obtain meaningful representations. Thus, the 
method is currently less suited for low-gene-count platforms such as 
Xenium, which typically measure only several hundred transcripts. 
Nevertheless, the model demonstrated strong scalability on large high-

resolution datasets, including VisiumHD sections with over 130 000 
spots. Future work will focus on adaptive pathway reconstruction 
strategies to extend PathCLAST to sparse-gene ST platforms and to

better integrate scRNA-seq imputation methods into the pipeline.

From a biological perspective, the spatial heterogeneity uncovered 
within each domain has potential clinical relevance. Different sub-

regions of invasive tumors exhibited distinct pathway signatures, 
suggesting localized niches that may harbor therapy-resistant 
or metastasis-initiating populations. Mapping these intra-domain 
variations could inform precision therapeutic strategies that target 
spatially confined signaling axes. Although our current analyses 
focus on single-patient sections, extending PathCLAST to multi-

patient cohorts will be essential for assessing the generalizability of 
identified pathwa y signatures and for determining whether pathway

attention profiles can serve as transferable biomarkers of tumor

architecture.

Finally, integrating pathway attention profiles with clinical outcome 
data represents a promising direction for next-generation spatially 
informed cancer stratification. Pathway-level spatial patterns may 
reveal prognostic domains, microenvironmental vulnerabilities, and 
actionable signaling dependencies that are not detectable from bulk 
or single-cell data alone. In this context, the interpretability, robust-

ness, and biological grounding of PathCLAST make it well suited for 
supporting spatially targeted therapeutic strategies and advancing

the development of mechanism-aware spatial transcriptomic models.

Please refer to supplementary discussions including figures from S22 
to S25 on robustness, feature stability, and ablation analyses of our

study.

Conclusion 
We present PathCLAST, a pathway-augmented contrastive learning 
framework that integrates KEGG-based pathway graphs with 
histopathological image features for spatial transcriptomics analysis. 
By projecting gene expression onto curated pathway structures, 
PathCLAST performs biologically grounded dimension reduction that 
is more stable and noise-robust than HVG-based approaches, while 
enabling direct pathway-level interpretability. Through bi-modal 
contrastive learning, PathCLAST produces unified embeddings that 
outperform existing methods across multiple spatial transcriptomics 
benchmarks. Beyond accurate spatial domain identification, the 
framework reveals domain-specific pathway activity, intra-domain 
molecular heterogeneity, spatially organized signaling patterns 
via Moran’s I, and cross-compartment crosstalk through Cross-

Moran’s I. These insights illustrate how pathway-informed modeling 
captures both local and global tissue organization. Overall, PathCLAST

provides an interpretable and biologically structured alternative

to conventional feature selection, offering a robust foundation for

spatial systems biology and future applications in microenvironment

profiling and precision oncology.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag029#supplementary-data
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Key Points 

• PathCLAST combines gene expression, histopathology, and 
curated pathway graphs in a bi-modal contrastive learning 
framework to enhance spatial domain identification. 

• Pathway-guided embeddings provide biologically structured 
dimension reduction, yielding more accurate and more stable 
clustering performance than HVG-based and existing multi-modal 
methods across multiple datasets. 

• Domain-specific pathway attention maps reveal the molecular pro-

cesses defining each tissue compartment, enabling mechanistic 
and interpretable biological insights. 

• Intra-domain heterogeneity and Moran’s I-based spatial autocor-

relation analyses characterize pathway stability and spatial organi-

zation within tumor and non-tumor r egions. 
• The spatial pathway interaction map quantifies statistically sig-

nificant crosstalk between domains, highlighting localized inter-

domain signaling networks. 
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